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Abstract

Biomedical image datasets are often scarce, expensive to annotate, and vary in
quality due to differences in imaging hardware and techniques. Generative mod-
els, particularly diffusion models, have recently demonstrated strong potential to
synthesize realistic medical images, offering a promising strategy for data augmen-
tation. Yet, their application in clinical contexts requires careful validation, as trust,
interpretability, and reliability are essential when medical decisions are at stake.
This work introduces a human-in-the-loop framework for assessing the reliability
and risks of diffusion models in generating breast ultrasound cancer images. Us-
ing a Denoising Diffusion Probabilistic Model (D-DDPM), we jointly generate
ultrasound images and corresponding tumor masks from two benchmark datasets
(BUS-BRA and UDIAT). The evaluation pipeline integrates quantitative image
quality metrics (FID, IS, KID), radiologist interpretation, inter-rater agreement
(Cohen’s/Fleiss’ Kappa, Krippendorff’s Alpha), and alignment with large language
model (LLM) outputs. Results show that while D-DDPM can produce images
that are visually similar to real data and sometimes yield higher agreement among
experts than original images, inter-rater reliability remains weak, particularly for
malignant tumors. Radiologists consistently outperform LLMs in classification,
though majority voting across experts improves diagnostic accuracy. These find-
ings highlight both the promise and risks of diffusion models in medical imaging,
including that synthetic ultrasound data can supplement limited datasets; however,
robust expert validation remains indispensable to ensure clinical trustworthiness
and safe integration.

1 Introduction

Cancer is a serious global health concern, with breast cancer being one of the most widespread and
fatal types. In 2022, approximately 2.3 million women were diagnosed with breast cancer worldwide,
and around 670,000 women lost their lives to the disease [1}[2]. Ultrasound, MRI, and Mammography
are recommended biomedical imaging modalities for screening to reduce the risk of death from
breast cancer. Ultrasound imaging, in particular, is preferred due to it being widely available, free
of ionizing radiation, and low cost. However, making clinical decisions based on this image data is
time-consuming and not without risk. Automatic tumor classification and segmentation are viewed as
essential tasks for improving medical image analysis times and accuracy. In this process, identifying

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Workshop: The Second Workshop
on GenAl for Health: Potential, Trust, and Policy Compliance.



the type and size of a tumor is crucial, as it offers vital information that assists clinicians in making
precise assessments and informed treatment decisions.

Nevertheless, supervised learning-based models rely heavily on large datasets to effectively learn
patterns and provide accurate predictions, particularly for segmentation and classification tasks. In the
last decade, various data augmentation techniques such as Mixup [3], CutMix [4], AutoAugment [5]],
and conventional methods [6] (e.g., rotation, flipping, contrast adjustment, noise injection, etc.)
have been proposed to address data scarcity and enhance the performance of supervised models.
Meanwhile, Generative Adversarial Networks (GANs) present a promising alternative for augmenting
ultrasound image datasets by generating realistic synthetic images, enhancing dataset diversity, and
improving model performance. GANs leverage adversarial training between a generator and a
discriminator networks to produce high-quality synthetic data that mimics real data distributions.
Several studies have leveraged GANSs and their variants to synthesize realistic ultrasound images,
significantly increasing dataset sizes [[7, 18} 9, [10]. This highlights the potential of generative models
in expanding the size of ultrasound data. However, several limitations reduce the effectiveness of
GAN-based models, including their inability to capture the full diversity of the data, as noted in [11]].

Diffusion models have recently attracted attention for their ability to generate high-quality and
diverse images, often exceeding GANs in both image quality and diversity [11]. For instance,
Denoising Diffusion Probabilistic Models (DDPMs) are generative models that use a Markov chain
of diffusion steps to progressively add random noise to data. The model operates by iteratively
denoising a corrupted input to reconstruct the original data. With the advent of diffusion models,
these techniques can synthesize new biomedical images that are often indistinguishable from real data
to human experts [12,[13]. Alongside advances in image generation, large language models such as
ChatGPT [14] and Gemini [15] are increasingly employed to extract structured insights from medical
data [16]]. For instance, Gemini, developed by Google DeepMind, supports multimodal input—text,
images, video, and audio—and is trained on a wide range of content, including medical texts. Its
ability to generate clinically relevant responses makes it a promising tool for assisting with medical
image interpretation and information extraction.

Despite the impressive performance of generative models and large language models in medical
data generation, such as synthesizing medical images and clinical reports, the safety-critical nature
of clinical applications demands rigorous validation [17, [18]. Excluding medical experts from the
evaluation loop risks safety concerns, ethical pitfalls, and errors in downstream analyses. To address
this, we present a comprehensive expert-driven framework for assessing the reliability and risks of
generative models in ultrasound cancer imaging, motivated by recent studies on the trustworthiness
of medical data generation [[19} 20, 21]]. Our contributions are threefold:

* We measure the reliability, risks, and potential applications of generative models in medical
imaging, including the use of diffusion models for annotation and large language models
(LLMs) for diagnostic interpretation.

* We incorporate breast cancer radiologists in evaluating synthetic image quality, annotation
fidelity, LLM interpretation reliability, and identification of outlier cases.

* We provide a systematic analysis that integrates quantitative metrics with expert feedback,
highlighting both the promise and limitations of diffusion-based biomedical data generation.

The remainder of this paper is organized as follows: Section [2] reviews related work; Section 3]
introduces our methodology, datasets, and experiments setup; SectionE]details the evaluation metrics;
Section[3]presents the experimental results; and Sections [6]and[7] respectively, discusses key insights
and implications for biomedical data generation and the conclusion of our work.

2 Related Work

To fully leverage the capabilities of the generative model for data augmentation, we combine the
image X; with its corresponding mask X, and apply both the forward and reverse diffusion processes,
as illustrated in Figure [T} [2223]24]]. This approach generates paired images and masks, significantly
expanding the size and variety of biomedical datasets. The dimensions of the combined image | and
mask M are defined as

Xcomb = concat(l; M) 2 RE+D H W. o



Assuming the images and masks are in grayscale, set the number of channels C = 1. The forward
process for the merged image and its corresponding mask is then defined as follows:
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where ¢ is the noise schedule parameter at timestep t controlling the amount of noise added during
diffusion. To generate images along with their corresponding masks during the sampling process,
starting from Gaussian noise Xcomp:t N (0; 1), the final equation can be reformulated as
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In this setup, z denotes Gaussian noise sampled from N (0; 1), ¢ is determined by the noise scheduler
based on the DDPM approach [22] 24} 23], and  (Xcomb:t; t) is the network—predicteddloise at
t

timestep t. Here, ¢ =1 t» and the cumulative product term "¢ is defined as ¢ = “_; s,

where ¢ represents the predefined noise variance at timestep t.

Throughout the D-DDPM forward process, noise is progressively added to both the image and
mask over T timesteps. During the reverse process, a modified U-Net based on residual U-shaped
blocks [23]] jointly denoises the concatenated image and mask, ensuring alignment throughout the
generation process. Two samples are generated for inference: one for the image and its corresponding
mask, using the trained D-DDPM model applied to both channels (image and mask). During inference,
a noise sample N 2 R? 2 H W i5 drawn from a standard normal distribution:

NLZHW N (0;1):

Here, 2 denotes the channels (image and mask), while H and W represent the height and width of
the spatial dimensions, respectively. The modified U-Net gradually denoises the sample N in each
step to generate the final image and mask, ensuring their alignment remains consistent throughout the
process.

3 Methodology

We designed a pipeline to incorporate expert radiologists’ evaluations of synthetic images to gain an
understanding of the feasibility of diffusion models in generating medical ultrasound images that
contain tumors. The first stage of our pipeline involves generating synthetic ultrasound images of
benign and malignant tumors independently. This separation ensures reliable, class-dependent image
generation without mixing the distributions of the two tumor types, as shown in Figure[T] left. In this
stage, we use a D-DDPM model to generate both the ultrasound images and the corresponding tumor
masks for each class. In the second stage, as shown in Figure[T] on the right, the generated images
and masks are used as inputs—along with descriptive prompts—for a zero-shot classification task
using the Gemini large language model.

At the same time, we created a questionnaire for expert radiologists to review the quality of the
generated images and masks. The questionnaire also asks them to rate their confidence in the synthetic
data’s anatomical accuracy and clinical usefulness. In addition, we included Gemini’s responses in
the questionnaire, allowing radiologists to assess whether the interpretation of the LLM matched their
own image understanding. The medical experts involved in this study are three radiologists (R1, R2,
and R3) affiliated with the Polish Academy of Sciences, each with extensive experience in ultrasound
imaging and breast cancer analysis [26]].

We designed a detailed questionnaire for the radiologists to assess the quality and clinical relevance
of the generated images and masks. The questionnaire included specific questions such as: "What is
the class of this image?". The evaluation focused on classifying images into one of three categories:
benign, malignant, or normal. Additionally, we measured the confidence level of each radiologist
in relation to the diffusion-generated masks. To do this, we asked: "How confident are you in the
annotation quality of this image?" Responses were recorded on a 0—100 confidence scale, with
intervals of 20. While there are no healthy images in the dataset, we included the “normal" category
to provide flexibility for radiologists in their assessment, particularly in cases where a tumor is
difficult to detect through visual inspection. This approach ensures that medical experts can better
assess the quality of the images and masks, even when the tumor is not clearly visible.
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