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 A B S T R A C T

Radiomics is transforming medical imaging by extracting complex features that enhance disease diagnosis, 
prognosis, and treatment evaluation. However, traditional approaches face significant challenges, such as 
the need for manual feature engineering, high dimensionality, and limited sample sizes. This paper presents 
Radio DINO, a novel family of deep learning foundation models that leverage self-supervised learning (SSL) 
techniques from DINO and DINOV2, pretrained on the RadImageNet dataset. The novelty of our approach 
lies in (1) developing Radio DINO to capture rich semantic embeddings, enabling robust feature extraction 
without manual intervention, (2) demonstrating superior performance across various clinical tasks on the 
MedMNISTv2 dataset, surpassing existing models, and (3) enhancing the interpretability of the model by 
providing visualizations that highlight its focus on clinically relevant image regions. Our results show that 
Radio DINO has the potential to democratize advanced radiomics tools, making them accessible to healthcare 
institutions with limited resources and ultimately improving diagnostic and prognostic outcomes in radiology.
1. Introduction

Radiomics is an emerging field focusing on the comprehensive 
quantification of medical images, extracting large amounts of advanced 
imaging features that can provide insights into the underlying tumor 
biology and characteristics [1]. The promise of radiomics lies in its 
ability to uncover imaging biomarkers that can complement or even 
outperform traditional clinical and pathological assessments for various 
clinical applications, such as disease diagnosis, prognosis prediction, 
and treatment response evaluation [2–4].

Despite its potential, radiomics faces several critical challenges. 
Existing radiomic feature extraction approaches often depend on labor-
intensive, hand-crafted feature engineering, which may fail to fully 
capture the complexity and rich information embedded in medical 
images [5]. Additionally, the high dimensionality and complexity of 
radiomic data, combined with typically small sample sizes in medical 
imaging studies, make it difficult to develop robust, generalizable 
models [6].

To address these limitations, we introduce Radio DINO, a novel 
family of foundation models designed specifically for radiomics. These 
models leverage self-supervised learning techniques based on DINO [7] 
and DINOV2 [8,9] and are pretrained on the diverse RadImageNet 
dataset. This pre-training enables Radio DINO to capture rich, high-
level semantic representations across a wide variety of anatomical 
regions, organs, and imaging modalities, providing a robust foundation 
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for radiomic feature extraction without the need for manual feature 
engineering.

Our contributions are threefold. First, we propose Radio DINO, 
a novel and customized family of deep learning foundation models 
designed to address traditional radiomics’ limitations through self-
supervised learning and extensive pre-training on a large radiomics-
specific dataset. Second, we demonstrate that Radio DINO achieves 
superior performance across various clinical tasks, based on heteroge-
neous data sources like X-ray, ultrasound, and computed tomography 
images, on the MedMNISTv2 dataset, surpassing state-of-the-art models 
in several reference performance metrics and generalizability. Third, 
we show through visualization techniques that Radio DINO is able to 
focus on clinically relevant image regions, enhancing its interpretability 
and making it a reliable tool for clinical decision-making.

The implications of our work extend beyond the technical advance-
ments in model training. By providing a powerful, effective foundation 
model that sets new benchmarks for performance, we aim to make ad-
vanced radiomics tools more accessible to a broader range of healthcare 
institutions, particularly those with limited computational resources. 
The deployment of Radio DINO could democratize access to sophisti-
cated radiomic analysis, ultimately contributing to improved diagnostic 
and prognostic outcomes in radiology.

Our proposed models address a significant issue in the radiomics 
field: the lack of generalizable, radiomics-specific models. In radiomics, 
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deep learning approaches typically rely on pretrained architectures 
originally designed for natural images, using supervised or self-
supervised methods. Although these methods often yield high perfor-
mance, they can be overly variable when applied directly to down-
stream tasks. In contrast, our models consistently deliver high per-
formance, both as standalone feature extractors and as backbones for 
fine-tuning.

The paper is organized as follows. In Section 2, we review the 
current state-of-the-art in self-supervised learning and its relevance 
to medical imaging. Section 3 provides a detailed overview of the 
datasets and methodologies employed in our experiments. The com-
plete experimental setup is described in Section 4. We present the 
results of our model evaluations in Section 5, highlighting Radio DINO’s 
performance across various clinical tasks. In Section 6, we explore 
explainability techniques and feature visualizations to ensure fair and 
interpretable model predictions. Next, in Section 7, we introduce our 
proposed evaluation methodologies designed to assess the capabilities 
of foundation models. Sections 8 and 9 discuss the limitations of our 
study and provide an in-depth analysis of our findings. To illustrate 
practical applications, Section 10 outlines how our proposed foundation 
models can be integrated into real-world clinical workflows. Finally, 
Section 11 summarizes our key findings and their implications for 
future research and clinical practice.

2. State of the art

The rapid growth in data acquisition across various fields has re-
sulted in an exponential increase in the size of datasets, driving the 
need for novel techniques to extract meaningful insights. A key chal-
lenge is that much of this data lacks direct annotations, prompting 
the development of Self-Supervised Learning (SSL) [7,10–13]. SSL has 
enabled the creation of foundation models capable of learning from un-
labeled data, which is particularly useful in fields like medical imaging, 
where annotated data is scarce.

2.1. Specialized architectures for radiology

Radiology is a high-throughput field that requires domain experts 
to analyze large volumes of imaging-based reports. To address this 
challenge, numerous deep learning architectures have been developed, 
each tailored to specific application needs [14]. Notably, lightweight 
models with fewer parameters are critical for deployment in resource-
constrained environments. This requirement was especially evident 
during the COVID-19 pandemic, where daily imaging volumes surged 
and automated feedback became essential [15,16]. Recently,
transformer-based architectures have demonstrated remarkable effec-
tiveness across various radiological tasks [17–20]. However, pure trans-
former models typically suffer from quadratic complexity in self-
attention mechanisms, imposing structural limitations. These chal-
lenges are often mitigated by custom implementations designed to 
reduce computational overhead or by introducing architectural modifi-
cations [21–24]. In addition to architecture customization, some studies 
restrict their models to a single modality, while others incorporate 
handcrafted features to further enhance performance [25]. There is 
also active research focused on hybrid models, which combine the 
strengths of both CNN and transformer architectures to leverage their 
complementary characteristics [26,27].

2.2. Foundation models

Foundation models are a class of models designed to be highly gen-
eralizable and scalable across a wide range of tasks and domains. They 
are characterized by their ability to be trained on massive amounts 
of data, often in an unsupervised or self-supervised manner, allowing 
them to learn versatile and reusable representations. These models, 
typically built using architectures like transformers [13,28], can be 
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fine-tuned for specific downstream tasks with minimal task-specific 
data, making them invaluable in domains where labeled data is scarce. 
Foundation models serve as a base upon which task-specific models can 
be developed, reducing the need for extensive retraining and enabling 
more efficient use of resources across applications [29,30].

2.3. The emergence of self-supervised learning

SSL has transformed machine learning by allowing models to learn 
from vast amounts of unlabeled data. Instead of relying on manu-
ally annotated datasets, which are expensive and time-consuming to 
generate, SSL uses pretext tasks to uncover intrinsic patterns and struc-
tures. These tasks can involve predicting missing parts of an image, 
differentiating between augmented versions of the same input [31,32], 
or reconstructing masked images [10,12]. This flexibility makes SSL 
particularly attractive for medical imaging, where annotations are not 
only limited but also require domain-specific expertise.

Medical imaging, often hindered by a shortage of labeled data, is 
an ideal application for SSL. With SSL, models can learn meaningful 
representations of medical images without explicit labels, facilitating 
efficient learning and reducing dependency on costly annotations [33]. 
This capability has the potential to enhance clinical applications, such 
as disease detection and diagnosis support.

2.4. Challenges, limitations, and future directions

Despite the promise of SSL, several challenges remain, especially 
in medical imaging. One major issue is the difficulty of curating large 
datasets that satisfy SSL’s requirements while adhering to patient pri-
vacy regulations [34,35]. Medical data is sensitive, and the process 
of anonymizing and sharing it across institutions can be complex and 
time-consuming, leading to fragmented or uneven datasets. This ham-
pers the ability to train models that generalize effectively across diverse 
patient populations [36,37].

Another challenge is the variability in medical data. Different imag-
ing modalities (e.g., magnetic resonance, computed tomography, X-ray) 
capture distinct aspects of human anatomy, and the inherent anatom-
ical differences between patients add complexity [38–40]. As a result, 
SSL models must be highly adaptable, and capable of capturing diverse 
features without being overly specialized to any one modality or task.

Future research directions in SSL for medical imaging involve over-
coming these data limitations by integrating multimodal datasets. Com-
bining imaging data with other types of medical information, such as 
genomic or clinical data, could provide models with a more holistic 
understanding of disease processes, leading to better predictions and 
insights [41,42]. Additionally, improvements in model interpretability 
and explainability will be crucial for the safe deployment of these 
models in clinical settings. Ethical and regulatory frameworks must also 
evolve to support the broader use of SSL in healthcare.

2.5. Successes of foundation models in medical imaging

Foundation models, built using SSL techniques, have already
achieved significant breakthroughs in medical imaging. These models, 
trained on large, diverse datasets, have demonstrated strong general-
ization capabilities across different imaging tasks, often outperforming 
traditional supervised models. SSL’s flexibility allows these models to 
learn robust representations that benefit a variety of downstream tasks, 
including image classification, segmentation, and anomaly detection.

SSL-based models like DINO have shown the ability to capture 
intricate features in medical imaging datasets [15,43]. By processing 
large datasets, these models distill complex data into representations 
that can be used for diagnostic purposes, detecting subtle patterns and 
biomarkers often missed by human experts.

Among the various applications of foundation models in medical 
imaging, digital pathology employs image-based models as feature 
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Fig. 1. Sample images extracted from the RadImageNet dataset.
extractors on individual patches from whole-slide images (WSIs) [44,
45]. Direct training on WSIs is challenged by their extreme resolu-
tion and dimensionality, which impose prohibitive VRAM requirements 
unless specialized strategies are adopted. Transformer architectures 
with localized or dilated spatial attention render end-to-end WSI train-
ing computationally feasible [46]. Teacher–student frameworks reduce 
computational load during self-supervised pretraining by restricting the 
student network to partial or masked patch views [47]. Contrastive and 
masked pretraining methods dominate as self-supervised approaches 
in pathology, while supervised learning is generally reserved for fine-
tuning due to inconsistent annotations and limited labeled samples 
across institutions.

The scalability of foundation models has important implications for 
AI-driven diagnostic tools, enabling the detection of subtle features in 
large datasets. As these models continue to evolve, they are expected 
to handle increasingly complex datasets and modalities, potentially 
paving the way for fully automated radiology workflows. However, 
further research is needed to ensure that these models generalize 
effectively across diverse clinical environments without compromising 
fairness or accuracy.

2.6. Multimodal foundation models in healthcare

In the context of healthcare, multimodal foundation models have 
emerged as a powerful tool for integrating various data sources such 
as medical images, clinical notes, genomic data, and laboratory re-
sults [48]. These models leverage the synergy between different modal-
ities to provide a more comprehensive understanding of patient health, 
which can improve diagnosis and treatment planning [49]. By com-
bining structured and unstructured data from multiple domains, mul-
timodal foundation models are capable of capturing complex rela-
tionships between disparate sources of information, leading to better-
informed clinical decision-making [50,51]. For example, models that 
integrate imaging data with genetic profiles can enhance the predictive 
accuracy for complex diseases such as cancer or neurodegenerative 
disorders [52]. Furthermore, foundation models can be applied to even 
more challenging tasks, such as 2D or 3D segmentation [53,54], where 
the challenges lie not only in learning effective representations but also 
in handling inherently high-dimensional data. This requires extreme 
care in terms of both performance and computational efficiency.

3. Materials and methods

In this section an overview of the materials and methods relative to 
this manuscript will be presented to provide a deeper description and 
explanation of the novelties proposed, serving as the foundation for the 
description of the experiments.

3.1. Datasets

This section will present the datasets employed for both the Radio 
DINO pretrain and downstream tasks.
RadImageNet

The dataset used for training our customized foundation model in 
radiomics is sourced from the extensive RadImageNet dataset [55]. 
This large-scale dataset comprises 1.35 million medical images span-
ning various imaging modalities, including computed tomography (CT), 
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magnetic resonance (MR), and ultrasound imaging. These images cover 
eleven different anatomical regions, providing a comprehensive re-
source for the development of robust AI applications in radiologic 
imaging. The dataset contains 165 classes, encompassing a wide range 
of modalities and pathologies from the patients from whom the images 
were acquired. A notable challenge within the dataset is the significant 
class imbalance, a reflection of real-world medical scenarios where 
certain pathologies occur more frequently in the human body.

The RadImageNet dataset’s annotations were meticulously curated 
by fellowship-trained and board-certified radiologists, ensuring high-
quality and precise labels crucial for effective model training. This 
dataset’s diverse and extensive nature enables the creation of models 
that can generalize well across multiple radiologic tasks.

In validation studies, RadImageNet pretrained models have demon-
strated superior performance compared to those pretrained on Ima-
geNet [56]. The extensive coverage of imaging modalities and anatomic 
regions, combined with expert annotations, positions the RadImageNet 
dataset as an exceptional foundation for training advanced models in 
radiomics. Visual examples of the RadImageNet dataset are illustrated 
in Fig.  1.
MedMNISTv2

The MedMNISTv2 dataset [57] is utilized as a benchmark for the 
downstream tasks to evaluate the effectiveness of the pretrained foun-
dation model in specific medical image classification scenarios. MedM-
NISTv2 is a lightweight, open-source dataset designed for machine 
learning in the medical imaging domain, featuring 12 datasets for 2D 
and 6 datasets for 3D across different modalities and tasks, including 
X-rays, fundus images, dermoscopy, and so forth. These datasets are 
specifically tailored for tasks such as binary and multi-class classifica-
tion, with labels curated by medical experts.

The MedMNISTv2 datasets span several important medical imag-
ing tasks, such as pathology detection, organ segmentation, and dis-
ease classification. Each dataset is designed with different image sizes 
28 × 28 up to 224 × 224, balancing computational efficiency with 
the ability to capture relevant medical features. In total, MedMNISTv2 
encompasses over 700,000 images across a wide variety of clinical con-
texts, making it a valuable resource for validating the generalizability 
and performance of self-supervised models like Radio DINO.

For the downstream task evaluation, the MedMNISTv2 classifica-
tion challenges are utilized to assess the capability of the pretrained 
model to transfer learned representations to specific clinical radiomics 
domains. Specifically, we selected the following datasets from the 
MedMNISTv2 collection: PneumoniaMNIST, BreastMNIST, OrganAM-
NIST, OrganCMNIST, and OrganSMNIST. These datasets span a range of 
radiologic tasks, such as pathology detection and organ classification, 
providing a diverse test bed for evaluating the model’s generalization 
ability.

Visual examples of the selected datasets are illustrated in Fig.  2, 
while  Table  1 presents the data distribution and class count for each 
dataset, along with detailed information about the different heteroge-
neous imaging data sources they utilize.
BUSI Dataset The BUSI dataset [58] is a publicly available collection of 
breast ultrasound images aimed at supporting research in breast cancer 
detection and classification. It consists of 780 images with a resolution 
of 500 × 500 pixels, collected from 600 female patients aged between 
25 and 75 years. The dataset is divided into three categories: normal 
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Fig. 2. Sample images extracted from the MedMNISTv2 dataset.
Table 1
Summary of data distribution and class count for each selected dataset, with details on modalities, tasks, number of classes, samples available, and splits provided(train/valida-
tion/test).
 Dataset Modality Task Classes Total samples Splits  
 PneumoniaMNIST Chest X-ray Binary-Class 2 5856 4708/524/624  
 BreastMNIST Breast Ultrasound Binary-Class 2 780 546/78/156  
 OrganAMNIST Abdominal CT Multi-Class 11 58,830 34,561/6491/17,778  
 OrganCMNIST Abdominal CT Multi-Class 11 23,583 12,975/2392/8216  
 OrganSMNIST Abdominal CT Multi-Class 11 25,211 13,932/2452/8827  
 RadImageNet CT-MR-Ultrasound Multi-Class 165 1,350,000 1,080,000/135,000/135,000 
 BUSI Breast Ultrasound Multi-Class 3 780 468/156/156  
(133 images), benign (487 images), and malignant (210 images). Each 
image is accompanied by a ground truth segmentation mask, enabling 
its use for segmentation tasks in addition to classification. The images 
were collected using the LOGIQ E9 ultrasound system, and rigorous 
preprocessing steps were applied, including annotation validation by 
radiologists, to ensure data quality and consistency.

3.2. Vision Transformers (ViTs)

Transformers have revolutionized deep learning, especially in the 
field of natural language processing (NLP), by utilizing a self-attention 
mechanism that effectively captures long-range dependencies in se-
quential data [59]. This architecture replaces traditional recurrent and 
convolutional structures, allowing models to process entire sequences 
in parallel. The success of transformers in NLP inspired researchers 
to explore their potential in computer vision tasks, leading to the 
development of Vision Transformers.

At the core of transformers, including ViTs, is the multi-head self-
attention mechanism. This mechanism works by computing attention 
scores between every pair of input tokens (or patches, in the case of 
ViTs) [59]. The attention score determines the relevance of one token 
to another, and multiple heads allow the model to capture different 
types of relationships in parallel. For each head, the input is projected 
into query, key, and value vectors. The attention is then computed as 
a weighted sum of the values, where the weights are derived from the 
dot product of queries and keys.

Mathematically, for a set of input embeddings 𝑋, the self-attention 
is computed as:

Attention(𝑄,𝐾, 𝑉 ) = softmax
(

𝑄𝐾𝑇
√

𝑑𝑘

)

𝑉

where 𝑄, 𝐾, and 𝑉  are the query, key, and value matrices derived from 
𝑋, and 𝑑𝑘 is the dimensionality of the key vectors [59].

Vision Transformers adapt the transformer architecture for image-
based tasks by treating an image as a sequence of patches. Each image 
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is divided into fixed-size non-overlapping patches, which are then flat-
tened and linearly embedded into tokens. These tokens are analogous to 
words in NLP tasks. Positional embeddings are added to retain spatial 
information since transformers lack an inherent understanding of the 
positional structure of an image [60].

The embedded patches are then passed through a series of trans-
former encoder layers, where the multi-head self-attention mechanism 
is used to model relationships between patches. This approach allows 
ViTs to capture both local and global features of the image early in the 
processing pipeline. Unlike traditional convolutional neural networks 
(CNNs), which progressively build hierarchical features through local-
ized convolutions, ViTs can model global dependencies from the start, 
leading to competitive performance in image classification tasks [60].

3.3. DINO and DINOv2 models

Self-supervised learning has gained significant traction in computer 
vision by enabling models to learn rich representations from unla-
beled data. Among the successful methods in this domain, the DINO 
(Distillation with No Labels) and its successor, DINOv2, stand out as 
powerful frameworks that leverage the power of Vision Transformers 
for unsupervised learning [7].
DINO

DINO was introduced as a method for self-supervised learning us-
ing ViTs. The key idea behind DINO is to train a model in a self-
distillation setup, where a ‘‘student’’ model learns to match the output 
of a ‘‘teacher’’ model, both operating on different views (augmenta-
tions) of the same image [7]. No labels are required in this process, 
and the system relies on augmentations of the input data to generate 
diverse views that the student and teacher must align.

In the DINO training process, the teacher model produces class-like 
outputs for multiple views of an image, which guide the student model 
during training. The student is updated to match the teacher’s output, 
but the teacher model is updated more slowly through an exponential 
moving average (EMA) of the student’s weights. As training progresses, 
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the student learns to produce consistent representations across these 
augmented views, enabling it to capture the semantics of the image [7]. 
DINO demonstrates that ViTs, even in a self-supervised setting, can dis-
cover semantic features such as object parts and boundaries without the 
need for any explicit supervision. This method significantly improved 
upon prior self-supervised techniques, especially in downstream tasks 
like image classification and object detection.
DINOv2

DINOv2 builds upon the success of DINO by addressing some of its 
limitations and further improving the quality of the learned represen-
tations [8]. DINOv2 introduces several key modifications to improve 
the robustness and scalability of the model. First, it uses improved 
architectural designs by utilizing more advanced ViT architectures and 
larger-scale training setups to extract better features from images. 
Second, the training pipelines have been optimized to handle larger 
datasets and more complex augmentations, leading to richer and more 
generalizable representations. Finally, DINOv2 refines the multi-crop 
strategy, which uses multiple smaller crops of the image during training 
to achieve better consistency between different views, resulting in 
superior feature alignment across diverse augmentations [8].

3.4. Classification metrics

The performance of the classification experiments was evaluated 
using five key metrics: Accuracy, Precision, Recall, F1 Score, and 
Area Under the Receiver Operating Characteristic Curve (AUC). These 
metrics provide a comprehensive view of the model’s ability to cor-
rectly classify instances, balancing both correctness and robustness in 
predictions.

When comparing classification results to true target values, we 
can determine whether an instance belongs to one of the following 
categories:

• True Negatives (TN) is the number of instances from the negative 
class that have been correctly predicted as negative.

• False Positives (FP) is the number of instances from the negative 
class that has been erroneously predicted as positive.

• False Negatives (FN) is the number of instances from the positive 
class that has been erroneously predicted as negative.

• True Positives (TP) is the number of instances from the positive 
class that have been correctly predicted as positive.

Accuracy is the ratio of correctly predicted instances to the total 
number of instances in the dataset. While it provides a general measure 
of performance, it can be misleading for imbalanced datasets, where the 
majority class may dominate the predictions. Accuracy is defined as:

Accuracy = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

Precision measures the proportion of true positive predictions out of 
all positive predictions made by the model. This metric is crucial in 
scenarios where false positives are costly. It is computed as:

Precision = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

Recall, also known as sensitivity, is the ratio of correctly predicted 
positive instances to all actual positive instances. It reflects the model’s 
ability to capture all relevant cases, which is essential in scenarios 
where missing positive cases is costly. Recall is calculated as:

Recall = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

The F1 Score (F1) is the harmonic mean of Precision and Recall, 
providing a balanced metric that accounts for both false positives and 
false negatives. It is particularly useful in cases of class imbalance. The 
F1 score is given by:

F1 = 2 × Precision × Recall

Precision + Recall
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Finally, the AUC (Area Under the ROC Curve) represents the area 
under the Receiver Operating Characteristic curve, which plots the true 
positive rate against the false positive rate at various threshold levels. 
AUC measures the model’s ability to distinguish between positive and 
negative classes, with higher values indicating better discriminatory 
power. An AUC closer to 1.0 signifies strong classification performance.

3.5. Segmentation metrics

For segmentation tasks, the model’s performance is typically eval-
uated using the following metrics: Intersection over Union (IoU) and 
Dice Similarity Coefficient (Dice). These metrics measure the overlap 
between the predicted and ground truth segmentation masks.

Intersection over Union is a metric used to evaluate the accuracy 
of an object detector on a particular dataset. It measures the overlap 
between the predicted segmentation mask and the ground truth mask. 
The IoU is computed as:

IoU =
|𝐴 ∩ 𝐵|
|𝐴 ∪ 𝐵|

where 𝐴 is the predicted mask and 𝐵 is the ground truth mask. A higher 
IoU indicates better performance, with 1.0 representing perfect overlap.

Dice Similarity Coefficient is another metric for measuring the sim-
ilarity between two sets. It is especially popular in image segmentation 
tasks as it gives more weight to smaller regions compared to IoU. The 
Dice coefficient is defined as:
Dice = 2 × |𝐴 ∩ 𝐵|

|𝐴| + |𝐵|

where 𝐴 is the predicted mask and 𝐵 is the ground truth mask. Like 
IoU, a higher Dice score indicates better performance, with a perfect 
match yielding a value of 1.0.

4. Experimental setup

The experiments were conducted using a GPU on-demand service, 
employing two NVIDIA A100 GPUs for training each equipped with 80 
gb VRAM. This setup allows for efficient handling of large models and 
complex architectures, ensuring scalable performance. For the exper-
iments, we utilized the official repositories for DINO1 and DINOv2,2 
available on GitHub.

Both Radio DINO and Radio DINOV2 were trained across all their 
size variants using a learning rate of 3 × 10−4 for 200 epochs. Due to 
memory constraints, the Radio DINOV2 and Radio DINO base models 
were trained with a batch size of 128, while the Radio DINO tiny and 
small models were trained with batch sizes of 512 and 256, respec-
tively. The key distinction between Radio DINO and Radio DINOV2 
is the patch size: Radio DINOV2 was trained with a patch size of 
14, whereas Radio DINO used a patch size of 16 to replicate the 
experimental settings proposed by the respective authors. For DINO we 
also investigate the impact of patch size by training the tiny and small 
models with a patch size of 8, dividing by 3 the batch size to satisfy 
the memory requirements, we denote such versions as Radio DINO tiny 
sp and Radio DINO small sp. We provide a brief description of each 
model’s characteristics in Table  2, and a schematic representation of 
the entire proposed pipeline is shown in Fig.  3.

Our pipeline consists of two main phases: the pretraining phase and 
the evaluation phase.

In the pretraining phase, we tune the parameters of the Vision 
Transformer by attaching either a DINO or DINOv2 head, depending 
on the chosen pretraining strategy. The model iterates through images 
from the RadImageNet dataset, extracting meaningful representations 
without relying on any labeled data.

1 https://github.com/facebookresearch/dino.
2 https://github.com/facebookresearch/dinov2.

https://github.com/facebookresearch/dino
https://github.com/facebookresearch/dinov2
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Fig. 3. Pipeline schema illustrating different semantic concepts. Purple blocks represent Self Supervised Learning heads, yellow blocks denote deep learning models, green blocks 
indicate the various tasks, and blue blocks correspond to the datasets.
In the evaluation phase, we leverage the rich semantic embeddings 
from the tuned models by removing the pretraining heads. For both 
Radio DINO and Radio DINOv2, we first perform a kNN evaluation 
to determine which model offers the best representation and compare 
these representations against other state-of-the-art pretrained models. 
We also visualize the PCA of the embeddings to assess whether the 
structures of the test images are well-represented in the RGB space.

Finally, we fine-tune our Radio DINO models on downstream tasks 
using the MedMNIST dataset to demonstrate the models’ capacity to 
generalize. This fine-tuning process highlights how effectively the pre-
trained models’ representations serve as a strong foundation for further 
learning and task-specific performance.

4.1. Classification setup

We applied standard preprocessing to the input images. During 
training, images were resized to 224 × 224 pixels and augmented using 
the AutoAugment strategy. All images were normalized using ImageNet 
mean and standard deviation. For validation and testing, the same 
resizing and normalization were used without augmentation to ensure 
unbiased evaluation.

Training involved two phases: a warmup phase and the main train-
ing phase. The warmup used a reduced learning rate (5 × 10−6) for the 
first five epochs. In the main phase, the learning rate was restored to 
1 × 10−4, with a cosine annealing scheduler applied to progressively 
reduce the rate. The AdamW optimizer, with a weight decay of 0.01, 
was used, and CrossEntropy loss guided both phases.

Training spanned 30 epochs, with early stopping triggered if vali-
dation loss failed to improve for 10 epochs. A batch size of 256 was 
used, with automatic mixed precision (AMP) to speed up training and 
reduce memory usage. Gradient clipping, capped at a maximum norm 
of 1, was applied for stability.

Experiments were repeated using a 5-fold classification strategy.

5. Evaluation

We conducted a comprehensive evaluation of our Radio Dino mod-
els, comparing their performance with several state-of-the-art architec-
tures, including the original Dino and DinoV2 models, supervised and 
self-supervised models in feature evaluation and downstream tasks.
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Fig. 4. Scatter plot of KNN evaluation with 1 neighbor on the RadImageNet 
dataset [55]. The area of each marker is proportional to the number of parameters 
in the corresponding model.

Table 2
Embedding sizes and patch sizes for different Radio DINO and Radio DINOV2
variants.
 Model variant Embedding size Patch size Parameters(M) 
 Radio DINOv2 384 14 22.2  
 Radio DINO tiny 192 16 5.8  
 Radio DINO tiny sp 192 8 5.9  
 Radio DINO small 384 16 22.2  
 Radio DINO small sp 384 8 22.3  
 Radio DINO base 768 16 86  

5.1. Feature evaluation

We decided to conduct our feature evaluation experiments using 
k-nearest neighbors (kNN) classification to gauge the effectiveness of 
the extracted features. By performing kNN classification, we were able 
to analyze how well our model clusters similar samples within the 
feature space. The full set of kNN experiments, covering various k 
parameter configurations, is detailed in Table  3, where the best results 
are highlighted in bold. Finally, to offer a more visual representation 
of our model’s capabilities, Fig.  4 showcases the accuracy of different 
comparison models versus our proposed foundation models, specifically 
with the 𝑘 parameter set to 1.
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Table 3
Performance metrics for analyzed models across different 𝑘 configurations on the RadImageNet dataset [55].
 Model Accuracy (%) Precision (%) Recall (%) F1 (%) 
 k = 1
 [13] ViT base CLIP ImageNet finetuned 59.04 27.15 27.18 26.76  
 [12] ViT base MAE 59.72 30.28 30.13 29.69  
 [61] ViT base SAM 61.56 30.70 30.01 29.92  
 [11] ViT large EVA 60.43 30.37 29.78 29.64  
 [10] ViT huge IJEPA 60.93 30.82 30.86 30.34  
 [62] ViT base SIGLIP 58.43 27.33 27.12 26.85  
 [13] ViT base CLIP 59.95 29.08 28.79 28.48  
 [8] ViT small DINOv2 61.59 30.24 29.62 29.52  
 [63] ResNet50 ImageNet finetuned 58.55 26.79 26.77 26.45  
 [7] ViT small DINO 64.62 34.89 33.98 33.82  
 (Our) Radio DINO base 65.50 35.10 35.80 34.80  
 (Our) Radio DINO small 65.90 35.90 36.20 35.40  
 (Our) Radio DINO small sp 62.90 32.00 32.40 31.80  
 (Our) Radio DINO tiny 66.20 35.80 36.00 35.30  
 (Our) Radio DINO tiny sp 65.30 33.40 33.60 33.10  
 k = 5
 [13] ViT base CLIP ImageNet finetuned 60.43 26.40 22.02 22.76  
 [12] ViT base MAE 60.78 29.68 24.78 25.60  
 [61] ViT base SAM 62.80 30.78 25.06 25.97  
 [11] ViT large EVA 61.45 30.75 24.28 25.19  
 [10] ViT huge IJEPA 61.83 30.64 25.70 26.59  
 [62] ViT base SIGLIP 59.84 27.36 22.55 23.33  
 [13] ViT base CLIP 61.12 29.09 23.40 24.33  
 [8] ViT small DINOv2 62.89 31.31 24.58 25.64  
 [63] ResNet50 ImageNet finetuned 59.94 26.25 21.37 22.06  
 [7] ViT small DINO 65.85 34.21 28.74 30.02  
 (Our) Radio DINO base 66.50 34.20 30.30 30.90  
 (Our) Radio DINO small 66.80 35.90 30.80 31.60  
 (Our) Radio DINO small sp 63.90 32.20 27.20 28.00  
 (Our) Radio DINO tiny 67.10 35.30 30.30 31.20  
 (Our) Radio DINO tiny sp 66.40 33.00 28.20 29.00  
 k = 20
 [13] ViT base CLIP ImageNet finetuned 62.41 31.38 20.57 21.28  
 [12] ViT base MAE 62.52 32.48 23.11 23.90  
 [61] ViT base SAM 64.99 35.22 23.52 24.59  
 [11] ViT large EVA 63.02 32.31 22.27 23.19  
 [10] ViT huge IJEPA 63.61 34.05 23.96 24.98  
 [62] ViT base SIGLIP 61.72 30.08 20.86 21.57  
 [13] ViT base CLIP 63.22 33.24 21.82 22.77  
 [8] ViT small DINOv2 64.89 34.98 22.65 23.67  
 [63] ResNet50 ImageNet finetuned 62.30 31.09 20.32 20.96  
 [7] ViT small DINO 67.67 39.61 26.41 27.79  
 (Our) Radio DINO base 68.50 39.20 28.60 29.60  
 (Our) Radio DINO small 68.80 40.10 29.00 30.00  
 (Our) Radio DINO small sp 65.90 36.50 25.60 26.80  
 (Our) Radio DINO tiny 68.90 39.10 28.30 29.60  
 (Our) Radio DINO tiny sp 68.30 38.50 26.90 28.00  
The results demonstrate a clear superiority of our Radio DINO 
and Radio DINOv2 models over other off-the-shelf models. However, 
it is noteworthy that the standard DINO features outperformed our 
Radio DINOv2 features. This observation led us to focus our research 
and computational efforts on the Radio DINO series, underscoring the 
importance of incorporating register mechanisms in vision transform-
ers [64].

5.2. Classification results

In this section, we present and discuss the classification performance 
of our Radio DINO model. When evaluated across the selected datasets, 
Radio DINO outperformed the previous state-of-the-art solutions in 4 
out of 5 datasets, while delivering comparable results on the remaining 
dataset. We show by One-Sample t-Test the relevance of our results by 
using as reference value the best results form previous works.

For the BreastMNIST dataset, Radio DINO exceeded the previous 
best model, Med ViT small [65], by achieving an improvement of 
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1.97% in accuracy (𝑝-value of 0.0029). A complete breakdown of the 
results for this dataset can be found in Table  4.

On the OrganAMNIST, OrganCMNIST, and OrganSMNIST datasets, 
Radio DINO achieved an approximate 3% improvement across all ref-
erence metrics compared to the former state-of-the-art [65]. A schema-
tization of the results for this datasets can be found in Tables  6–8. 
Specifically the improvements for all three datasets in terms of accuracy 
were respectively: 2.1% 𝑝-value 0.0009, 2.89% 𝑝-value 0.0008, and 
1.51% 𝑝-value 0.02

However, the PneumoniaMNIST dataset posed the greatest chal-
lenge for our model. Despite this, Radio DINO managed to deliver 
competitive results, with only a marginal drop of 0.57% in AUC com-
pared to the previous best solution. Results are depicted in Table 
5

Throughout the experiments, Radio DINO consistently exhibited low 
variance across the results. Interestingly, we observed that variance 
increased when larger models were employed. However, this increase 
is not an inherent limitation of Radio DINO but rather a well-known 
issue in deep learning models, as discussed in [66].
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Table 4
Performance comparison of different models on the BreastMNIST dataset. The table reports accuracy, precision, recall, F1, and AUC, with an 
indication of the standard deviation when available. The best results are emphasized in bold.
 Model Accuracy (%) Precision (%) Recall (%) F1 (%) AUC (%)  
 Resnet18 [57] 83.3 – – – 89.1  
 Resnet50 [57] 84.2 – – – 86.6  
 auto-sklearn [57] 80.3 – – – 83.6  
 AutoKeras [57] 83.1 – – – 87.1  
 Google AutoML Vision [57] 86.1 – – – 91.9  
 DenseNet121 [67] 86.3 – – – 90.1  
 Swin Transformer [68] 86.92 ± 1.04 – – – 86.26 ± 1.38  
 R-LLM [69] 87.17 – – – 88.23  
 Med ViT tiny [65] 89.6 – – – 93.4  
 Med ViT small [65] 89.7 – – – 93.8  
 Med ViT base [65] 88.3 – – – 92.9  
 DINO small 74.57 ± 4.17 66.20 ± 10.37 58.79 ± 5.86 59.14 ± 7.56 71.78 ± 4.41  
 DINO base 83.12 ± 0.98 81.49 ± 1.3 72.91 ± 1.79 75.48 ± 1.77 83.16 ± 1.05  
 DINOv2 small 73.50 ± 2.67 62.14 ± 15.28 53.55 ± 4.12 50.63 ± 6.57 67.28 ± 7.19  
 DINOv2 base 69.02 ± 7.59 50.49 ± 14.08 51.98 ± 3.22 49.07 ± 6.35 63.22 ± 13.01 
 Radio DINO tiny sp 87.18 ± 0.37 85.44 ± 0.36 80.7 ± 0.69 82.6 ± 0.59 89.97 ± 1.66  
 Radio DINO small sp 84.62 ± 0.98 83.98 ± 2.97 79.7 ± 3.29 80.15 ± 1.97 88.37 ± 1.62  
 Radio DINO tiny 90.38 ± 0.81 89.04 ± 1.29 85.9 ± 1.27 87.29 ± 1.1 92.31 ± 0.98  
 Radio DINO small 91.67 ± 0.68 90.81 ± 0.69 87.53 ± 1.21 88.98 ± 1.0 95.55 ± 1.55  
 Radio DINO base 90.38 ± 1.84 91.11 ± 3.15 87.41 ± 4.93 87.69 ± 3.5 95.51 ± 1.7  
Table 5
Performance comparison of different models on the PneumoniaMNIST dataset. The table reports accuracy, precision, recall, F1, and AUC, with 
an indication of the standard deviation when available. The best results are emphasized in bold.
 Model Accuracy (%) Precision (%) Recall (%) F1 (%) AUC (%)  
 Resnet18 [57] 86.4 – – – 95.6  
 Resnet50 [57] 88.4 – – – 96.2  
 auto-sklearn [57] 85.5 – – – 94.2  
 AutoKeras [57] 87.8 – – – 94.7  
 Google AutoML Vision [57] 94.6 – – – 99.1  
 GCNN-EC [67] 87.7 – – – 95.4  
 Swin Transformer [68] 91.54 ± 0.48 – – – 98.22 ± 0.37 
 R-LLM [69] 93.91 – – – 98.01  
 Med ViT tiny [65] 94.9 – – – 99.3  
 Med ViT small [65] 96.1 – – – 99.5  
 Med ViT base [65] 92.1 – – – 99.1  
 DINO small 83.71 ± 1.44 86.86 ± 0.17 79.22 ± 2.21 80.95 ± 2.14 93.89 ± 0.79 
 DINO base 90.70 ± 2.00 93.35 ± 1.25 87.69 ± 2.66 89.46 ± 2.41 98.52 ± 1.13 
 DINOv2 small 81.04 ± 1.73 83.63 ± 2.38 76.22 ± 2.12 77.75 ± 2.21 92.21 ± 1.19 
 DINOv2 base 79.49 ± 0.48 82.91 ± 0.51 73.93 ± 0.60 75.41 ± 0.66 91.72 ± 0.13 
 Radio DINO tiny sp 91.83 ± 1.53 93.69 ± 0.74 89.36 ± 2.14 90.88 ± 1.88 97.76 ± 0.68 
 Radio DINO small sp 89.42 ± 1.15 91.94 ± 0.51 86.24 ± 1.62 88.01 ± 1.48 97.55 ± 0.59 
 Radio DINO tiny 91.19 ± 1.11 93.63 ± 0.6 88.33 ± 1.5 90.07 ± 1.37 98.51 ± 0.2  
 Radio DINO small 91.83 ± 1.03 93.86 ± 0.54 89.27 ± 1.42 90.86 ± 1.27 98.86 ± 0.23 
 Radio DINO base 93.91 ± 1.11 95.25 ± 0.66 92.05 ± 1.51 93.29 ± 1.31 98.93 ± 0.45 
Table 6
Performance comparison of different models on the OrganAMNIST dataset. The table reports accuracy, precision, recall, F1, and AUC, with an 
indication of the standard deviation when available. The best results are emphasized in bold.
 Model Accuracy (%) Precision (%) Recall (%) F1 (%) AUC (%)  
 Resnet18 [57] 95.1 – – – 99.8  
 Resnet50 [57] 94.7 – – – 99.8  
 auto-sklearn [57] 76.2 – – – 96.3  
 AutoKeras [57] 90.5 – – – 99.4  
 Google AutoML Vision [57] 88.6 – – – 99.0  
 DenseNet121 [67] 93.5 – – – 99.7  
 R-LLM [69] 95.22 – – – 99.78  
 Med ViT tiny [65] 93.1 – – – 99.5  
 Med ViT small [65] 92.8 – – – 99.6  
 Med ViT base [65] 94.3 – – – 99.7  
 DINO small 96.45 ± 0.58 96.10 ± 0.64 95.87 ± 0.53 95.93 ± 0.60 99.88 ± 0.03  
 DINO base 96.79 ± 0.44 96.64 ± 0.37 96.24 ± 0.79 96.39 ± 0.61 99.87 ± 0.04  
 DINOv2 small 95.07 ± 0.42 94.79 ± 0.53 94.58 ± 0.40 94.55 ± 0.41 99.83 ± 0.01  
 DINOv2 base 94.56 ± 1.13 94.36 ± 1.04 94.13 ± 1.21 94.19 ± 1.13 99.76 ± 0.08  
 Radio DINO tiny sp 95.74 ± 0.89 95.53 ± 0.94 95.14 ± 1.01 95.28 ± 1.02 99.85 ± 0.09  
 Radio DINO small sp 96.2 ± 0.46 96.14 ± 0.66 95.89 ± 0.68 95.97 ± 0.67 99.88 ± 0.06  
 Radio DINO tiny 96.4 ± 0.45 96.21 ± 0.52 95.96 ± 0.64 96.03 ± 0.59 99.9 ± 0.03  
 Radio DINO small 96.83 ± 0.37 96.71 ± 0.4 96.39 ± 0.33 96.47 ± 0.36 99.92 ± 0.03  
 Radio DINO base 97.35 ± 0.55 97.22 ± 0.55 97.22 ± 0.64 97.2 ± 0.61 99.93 ± 0.03 
8 



L. Zedda et al. Computers in Biology and Medicine 195 (2025) 110583 
Table 7
Performance comparison of different models on the OrganCMNIST dataset. The table reports accuracy, precision, recall, F1, and AUC, with an 
indication of the standard deviation when available. The best results are emphasized in bold.
 Model Accuracy (%) Precision (%) Recall (%) F1 (%) AUC (%)  
 Resnet18 [57] 92.0 – – – 99.4  
 Resnet50 [57] 91.1 – – – 99.3  
 auto-sklearn [57] 82.9 – – – 97.6  
 AutoKeras [57] 87.9 – – – 99.0  
 Google AutoML Vision [57] 87.7 – – – 98.8  
 EfficientNetB0 [67] 90.5 – – – 99.2  
 Med ViT tiny [65] 90.1 – – – 99.1  
 Med ViT small [65] 91.6 – – – 99.3  
 Med ViT base [65] 92.2 – – – 99.4  
 DINO small 93.67 ± 0.26 93.61 ± 0.41 92.44 ± 0.35 92.91 ± 0.36 99.67 ± 0.16  
 DINO base 94.28 ± 1.44 94.19 ± 1.82 94.13 ± 1.23 94.06 ± 1.62 99.72 ± 0.05  
 DINOv2 small 91.37 ± 0.49 90.55 ± 0.77 89.39 ± 0.67 89.83 ± 0.72 99.38 ± 0.28  
 DINOv2 base 85.73 ± 1.36 83.68 ± 2.17 82.11 ± 2.12 82.61 ± 2.20 98.84 ± 0.21  
 Radio DINO tiny sp 93.28 ± 0.1 93.36 ± 0.08 92.4 ± 0.18 92.78 ± 0.13 99.75 ± 0.02  
 Radio DINO small sp 93.73 ± 0.73 93.6 ± 0.5 92.86 ± 1.05 93.11 ± 0.8 99.77 ± 0.05  
 Radio DINO tiny 93.99 ± 0.45 93.96 ± 0.37 93.02 ± 0.55 93.37 ± 0.46 99.79 ± 0.03  
 Radio DINO small 94.3 ± 0.31 93.96 ± 0.18 93.69 ± 0.4 93.63 ± 0.25 99.8 ± 0.02  
 Radio DINO base 95.11 ± 0.71 94.91 ± 0.75 94.49 ± 0.83 94.57 ± 0.82 99.86 ± 0.04 
Table 8
Performance comparison of different models on the OrganSMNIST dataset. The table reports accuracy, precision, recall, F1, and AUC, with an 
indication of the standard deviation when available. The best results are emphasized in bold.
 Model Accuracy (%) Precision (%) Recall (%) F1 (%) AUC (%)  
 Resnet18 [57] 77.8 – – – 97.4  
 Resnet50 [57] 78.5 – – – 97.5  
 auto-sklearn [57] 67.2 – – – 94.5  
 AutoKeras [57] 81.3 – – – 97.4  
 Google AutoML Vision [57] 74.9 – – – 96.4  
 Resnet18 [67] 81.3 – – – 97.4  
 Med ViT tiny [65] 78.9 – – – 97.2  
 Med ViT small [65] 80.5 – – – 98.7  
 Med ViT base [65] 80.6 – – – 97.3  
 DINO small 80.11 ± 1.51 76.12 ± 2.12 74.49 ± 1.27 74.66 ± 1.35 97.97 ± 0.26 
 DINO base 82.44 ± 0.44 78.54 ± 0.31 77.15 ± 0.67 77.59 ± 0.27 97.21 ± 0.08 
 DINOv2 small 77.87 ± 0.62 72.63 ± 0.73 72.16 ± 0.67 71.82 ± 0.80 97.62 ± 0.12 
 DINOv2 base 73.97 ± 1.66 68.20 ± 1.96 67.25 ± 2.18 66.70 ± 2.17 97.01 ± 0.31 
 Radio DINO tiny sp 80.57 ± 0.68 76.71 ± 0.78 75.87 ± 0.89 76.1 ± 0.91 97.68 ± 0.15 
 Radio DINO small sp 79.98 ± 0.45 75.8 ± 0.07 74.83 ± 0.83 74.97 ± 0.38 97.55 ± 0.11 
 Radio DINO tiny 81.53 ± 0.61 78.1 ± 0.53 77.43 ± 1.04 76.88 ± 0.64 98.06 ± 0.09 
 Radio DINO small 82.3 ± 0.81 78.63 ± 0.91 77.67 ± 0.84 77.73 ± 1.2 98.27 ± 0.12 
 Radio DINO base 82.81 ± 0.96 79.51 ± 1.14 77.75 ± 1.1 78.15 ± 1.17 98.28 ± 0.15 
6. Feature visualization and explainability

In this section, we present a detailed analysis of the features ex-
tracted from our Radio DINO models. The primary goal is to assess 
whether these features can be directly utilized without fine-tuning by 
examining the distribution of data across different datasets within the 
feature space. Additionally, we provide insights from the fine-tuned 
models to evaluate the ability of Radio DINO to accurately identify 
key characteristics and patterns, enabling the correct classification of 
radiological images into their respective intrinsic categories.

6.1. Embedding PCA visualization

To visualize the learned feature space, we applied Principal Com-
ponent Analysis (PCA) to the embeddings generated by Radio DINO. 
This method projects high-dimensional embeddings onto a 2D plane, 
offering insights into the clustering and separation of different classes 
within the feature space.

As shown in Fig.  5, the embeddings from our model demonstrate 
strong utility and semantic coherence. The figure depicts a visualization 
of three principal components of the patch embeddings, represented as 
color channels. These embeddings reveal a significant semantic differ-
entiation between regions of the analyzed area. Despite the model not 
being explicitly trained to distinguish such regions, a clear separation 
between the eyes, brain, and skull is evident.
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From Fig.  5, several characteristics can be observed across all 
models, except for the randomly initialized one, which does not exhibit 
a distinct brain region patch cluster. The other models, however, not 
only differentiate between the brain and skull regions but also show a 
clear separation of the brainstem. These emerging capabilities are fur-
ther emphasized in the patch embeddings from Radio DINOV2, which 
employs a smaller patch size among the selected models, enabling a 
more detailed representation.

Although Radio DINOV2 provides a more refined visualization, 
the embeddings also show high-norm tokens forming a square-like 
structure. This phenomenon could be attributed to the model’s need to 
store information in selected patches of the image, as discussed in [9].

6.2. UMAP visualization

In addition to PCA, we applied Uniform Manifold Approximation 
and Projection (UMAP) for dimensionality reduction and visualization. 
UMAP is often capable of providing a more faithful representation of 
high-dimensional structures in a lower-dimensional space, potentially 
revealing more nuanced relationships between samples.

Fig.  6 illustrates the UMAP visualization of embeddings from our 
proposed foundation model on the RadImageNet test set, showing a 
distinct separation of class subgroups based on their respective re-
gions and pathologies. Despite the high performance demonstrated 
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Fig. 5. PCA visualizations of patch embeddings for four different models across four radiological images from the RadImageNet dataset. The first column shows the original images, 
while the following columns display PCA visualizations of the embeddings produced by a randomly initialized ViT model, ViT small DINO, Radio DINOv2 small, and Radio DINO 
small models, respectively.
Fig. 6. UMAP visualization of Radio DINO small on the RadImageNet test set. The 
classes are depicted as numbers sorted by name.

Fig. 7. UMAP visualization of Radio DINO small on the PneumoniaMNIST test set. The 
classes are depicted as numbers sorted by name. The normal class is represented by 
the color purple, while the pneumonia class is represented by red.

in Table  3, similar classes remain in close proximity within the embed-
ding space. This overlap might be mitigated by increasing the embed-
ding dimensionality, as class-wise embedding collapse may necessitate 
higher-dimensional features for precise separation.

Moreover, in Figs.  7–9, we present UMAP visualizations for the 
PneumoniaMNIST, OrganAMNIST, and OrganCMNIST datasets. No-
tably, even for these datasets, our Radio DINO model successfully 
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Fig. 8. UMAP visualization of Radio DINO small on the OrganAMNIST test set. The 
classes are depicted as numbers sorted by name.

Fig. 9. UMAP visualization of Radio DINO small on the OrganCMNIST test set. The 
classes are depicted as numbers sorted by name.

separates images from different datasets without explicit training to 
do so this is purely a result of the pretraining process. This capability 
is especially evident in Fig.  7, where two distinct clusters naturally 
emerge.
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Fig. 10. Finetuned Radio DINO attention maps visualization.
Fig. 11. Finetuned Radio DINO Grad-CAM visualization on the BUSI dataset.
6.3. Attention maps visualization

In this section, we present attention map visualizations from the 
heads of the final layer of the Radio DINO small model, fine-tuned on 
selected classification datasets from the MedMNISTv2 collection. The 
self-attention maps are shown for the [CLS] token query.

As illustrated in Fig.  10, the model focuses on nodule-like structures 
in the BreastMNIST dataset, which are key indicators of malignan-
cies in breast ultrasound images. The visualization highlights patches 
near these round structures, with high norm values emphasizing the 
importance of these regions for accurate classification.

For the PneumoniaMNIST dataset, the model attends not only to 
the consolidation areas solid, opaque regions that appear white on 
lung images but also to air bronchograms, which are clearly visible in 
attention heads 4 and 5 for a pneumonia-positive patient, as shown 
in Fig.  10. These attention maps highlight the model’s ability to focus 
on diagnostically relevant areas in the images.

7. Proposed evaluation methodology

We propose a comprehensive evaluation methodology to rigorously 
assess the performance of our foundation model against state-of-the-
art baselines. This methodology evaluates not only classification and 
segmentation performance but also the generalizability and robustness 
of learned features across varying image scales. The BUSI dataset [58] 
was selected for its multi-class annotations and segmentation masks, 
providing a strong foundation for thorough comparative analysis. Our 
models are fine-tuned on the BUSI dataset following the experimental 
protocols used with MedMNISTv2 [57]. From the trained models, we 
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calculate Grad-CAM visualizations for each image. These are quan-
titatively compared to the corresponding ground truth segmentation 
masks using the Dice coefficient, offering an objective measure of the 
models’ localization capabilities. In addition to Grad-CAM analysis, 
we evaluate the generalizability of the learned features by training 
a lightweight segmentation head on frozen model features. This ap-
proach minimizes the number of trainable parameters, ensuring that 
any performance differences reflect the quality of the backbone rep-
resentations. The segmentation head excludes the ViT-Adapter [70], 
isolating the intrinsic generalizability of the evaluated models without 
additional architectural enhancements. Considering the variability in 
clinical imaging resolutions, we also assess model robustness across 
different image scales. Features are extracted from the CLS token of 
the trained models using input resolutions of 448 × 448, 224 × 224, 
112 × 112, and 56 × 56. A logistic regression classifier is trained on 
these features to evaluate classification performance, providing insights 
into the scale-invariance of the learned representations.

7.1. Fine-tuning performance evaluation

To evaluate the performance of our models under supervised fine-
tuning, we conducted experiments on the BUSI dataset, measuring 
Accuracy, Precision, Recall, F1 score, and AUC. Fine-tuning was per-
formed on multiple variants of the DINO and Radio DINO models. As 
shown in Table  9, the Radio DINO base model consistently outperforms 
other variants, achieving the highest accuracy of 92.41%, an F1 score 
of 91.73%, and an AUC of 98.35%. This strong performance reflects 
the model’s robust feature representation and effective learning during 
fine-tuning.
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Fig. 12. Architecture of the proposed segmentation head. Convolutional layers highlighted in green are repeated 8 times. The parameter 𝑐 denotes the number of output channels. 
The in-depth description of the implementation details is depicted in Section 7.2.
Table 9
Performance metrics of different models after supervised fine-tuning on the BUSI dataset.
 Model Accuracy (%) Precision (%) Recall (%) F1 (%) AUC (%) 
 DINO small 53.16 36.86 41.58 36.60 55.63  
 DINO base 88.61 88.48 85.00 86.38 97.28  
 Radio DINO tiny sp 81.01 88.42 75.00 78.63 93.90  
 Radio DINO small sp 86.08 91.11 81.67 84.77 96.97  
 Radio DINO tiny 75.95 84.24 69.15 71.51 91.49  
 Radio DINO small 83.54 89.78 78.33 81.83 94.85  
 Radio DINO base 92.41 94.25 90.00 91.73 98.35  
Table 10
Segmentation performance comparison on the BUSI dataset based on Dice score, IoU, 
and the number of trainable parameters.
 Model Dice (%) IoU (%) Trainable 

parameters (M)
 

 DINO small 67.80 51.10 0.72  
 DINO base 65.80 49.60 0.80  
 Radio DINO tiny 68.90 52.80 0.65  
 Radio DINO tiny sp 66.40 50.10 0.65  
 Radio DINO small 68.30 52.40 0.72  
 Radio DINO small sp 71.70 56.50 0.70  
 Radio DINO base 69.50 53.50 0.80  

7.2. Feature evaluation through segmentation

To expand our segmentation analysis, we propose a novel approach 
for segmenting images directly using frozen backbone features from 
the Radio DINO models. This minimalist method focuses on reducing 
the number of learnable parameters to ensure a fair comparison across 
models. The segmentation framework begins with a linear projection 
layer to adjust the extracted features’ dimensionality to match the 
flattened patch size of the Vision Transformer architecture. For Radio 
DINO models with an 8-pixel patch size, the linear layer outputs 
64-dimensional features, while for a 16-pixel patch size, it outputs 
256-dimensional features. These features are then processed by a con-
volutional layer and a sequence of residual convolutional blocks to 
enhance their representation. Finally, a convolutional layer generates 
the segmentation map, followed by a sigmoid activation function for 
binary mask prediction. Experiments are conducted with a batch size 
of 16 and an input resolution of 448 × 448. The Dice loss is used as 
the optimization objective, with hyperparameters consistent with the 
fine-tuning phase. The proposed segmentation head’s architecture is 
shown in Fig.  12, and detailed segmentation performance metrics are 
provided in Table  10. Our results demonstrate that the Radio DINO 
models outperform the baseline DINO models by a 2.9% improvement 
in Dice score, highlighting the efficacy of the learned representations.
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7.3. Evaluation across image scales

To assess the robustness of feature representations across different 
image resolutions, we compare the performance of the Radio DINO 
base model with the baseline DINO base model. Features are extracted 
from the CLS token at varying input sizes: 448 × 448, 224 × 224, 
112 × 112, and 56 × 56. A logistic regression classifier is trained on 
these features, with the F1 score serving as the primary evaluation 
metric. The results show that the Radio DINO base model consistently 
outperforms the baseline DINO base model across all image scales. 
Specifically, the Radio DINO base model achieves an average F1 score 
of 81.12%, compared to 77.82% for the DINO base model. This per-
formance gap highlights the superior generalizability and robustness 
of the Radio DINO model’s learned features, especially when handling 
varying image resolutions critical in clinical applications.

7.4. Dice score evaluation on Grad-CAM maps

To further evaluate the models’ localization capabilities, we com-
pute the Dice score between thresholded Grad-CAM activation maps 
and the corresponding ground truth segmentation masks. A fixed 
threshold of 20% is applied to the Grad-CAM outputs to generate binary 
masks, enabling direct comparison with segmentation annotations. 
Our results show that the Radio DINO base model outperforms the 
baseline DINO base model by 2.8%, achieving a Dice score of 13.8%. 
This improvement indicates the enhanced ability of the Radio DINO 
model to focus on the most diagnostically relevant regions in the 
medical images. The performance gain is likely due to the model’s 
refined attention mechanisms, which better localize critical areas while 
ignoring irrelevant background features. This capability is especially 
important as the ground truth segmentation masks cover the entire 
tumoral region (see Fig.  11).

8. Limitations

While Radio DINO demonstrates strong performance across multi-
ple clinical tasks, several limitations must be acknowledged. First, its 
effectiveness is highly dependent on the quality and diversity of the 
training data. Despite leveraging the large-scale RadImageNet dataset, 
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this dataset may not fully encapsulate the variety of medical images 
encountered in real-world clinical practice. Consequently, the model 
may struggle with rare or underrepresented cases, limiting its gen-
eralization potential in highly specialized medical contexts. Second, 
although our training configuration consistently outperforms baseline 
models with an improvement exceeding 1% across all key metrics, 
this margin, while statistically significant, remains relatively small. 
However, in medical imaging applications particularly on widely used 
benchmark datasets such as MedMNISTv2 even minor improvements 
can be clinically meaningful. Enhanced diagnostic accuracy, even by 
small margins, can translate into more reliable medical assessments, 
potentially reducing diagnostic errors and improving patient outcomes. 
Third, heatmap-based visualizations, such as Grad-CAM, used to ex-
plain the model’s decisions have inherent limitations. While these tools 
provide approximate indications of important regions, they may lack 
granularity and fail to delineate clinically relevant features precisely. 
Further, heatmaps may emphasize coarse, high-level features that do 
not necessarily align with the detailed visual cues radiologists rely 
on. Future studies should explore alternative interpretability methods, 
such as counterfactual explanations or region-specific attention maps, 
to better support clinical decision-making. Transparent, trustworthy AI-
driven diagnostics necessitate additional validation studies, including 
clinician-in-the-loop evaluations to assess the practical usability of 
the visual explanations. Fourth, we only report pure imaging-based 
experiments throughout our entire set of evaluations. This can be 
seen as both an application of our model to address the main ra-
diological challenges, but it also represents a significant limitation 
our model is currently able to interpret and process only imaging 
data. This approach does not fully emulate the typical workflow of a 
radiological expert, where the diagnostic process involves a sequence 
of trials and complementary tests that collectively inform the final 
diagnosis. Despite this limitation, we plan to expand our experiments 
in future work by leveraging our Radio DINO model as an image en-
coder within larger, multimodal environments such as those described 
in [71,72]. In these settings, our foundation models could serve directly 
as feature encoders for radiological inputs or, alternatively, enrich 
their representations through training strategies that integrate multiple 
modalities like histology or microscopy. However, the latter approach 
would necessitate different training strategies and, most critically, large 
and sufficiently diverse datasets. Nevertheless, various methods not 
exclusively self-supervised learning have demonstrated impressive re-
sults toward this goal [73]. Finally, computational demands represent 
a constraint. Although self-supervised learning reduces the reliance 
on labeled data, pre-training Radio DINO on large-scale datasets re-
mains computationally intensive, potentially limiting its adoption in 
resource-constrained healthcare settings. Moreover, the use of Vision 
Transformers, which serve as the backbone for Radio DINO, entails 
quadratic computational complexity, thereby increasing resource re-
quirements. To address these limitations, future research should explore 
both more efficient training paradigms and lightweight model adapta-
tions, such as reduced-complexity transformer architectures or novel 
self-supervised learning schemes, to facilitate broader accessibility.

9. Discussion

Radio DINO introduces a novel approach to radiomics by leverag-
ing self-supervised learning to enhance feature extraction from med-
ical images. By building upon the DINO and DINOv2 architectures, 
it captures rich imaging representations without requiring extensive 
manual feature engineering. This advantage is particularly crucial in 
medical imaging, where acquiring labeled data is expensive and time-
consuming. Our experimental results highlight Radio DINO’s ability to 
outperform existing models across multiple radiology tasks, demon-
strating superior generalization across different datasets. This robust-
ness is essential for real-world deployment, where variations in image 
acquisition protocols and patient demographics can significantly impact 
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model performance. The observed improvements, while sometimes 
incremental in absolute terms, hold significant clinical implications 
by enhancing diagnostic reliability. Additionally, the integration of 
visualization techniques enhances model transparency by providing 
insights into the learned representations. These explainability features 
not only increase confidence in the model’s decisions but also pave the 
way for human-AI collaboration in clinical workflows. However, further 
refinement of these techniques is necessary to ensure that highlighted 
regions correspond to clinically relevant features recognized by radiol-
ogists. Despite these advancements, challenges remain in ensuring that 
self-supervised models like Radio DINO achieve widespread adoption 
in clinical practice. Future work should focus on fine-tuning model 
performance on more diverse datasets, improving interpretability, and 
addressing computational constraints to enable efficient deployment in 
real-world settings.

10. Potential clinical applications

Radio DINO holds significant potential for clinical applications, 
particularly in enhancing diagnostic accuracy, efficiency, and deci-
sion support within radiology workflows. Its robust feature extraction 
capabilities, driven by self-supervised learning, allow it to general-
ize effectively across diverse medical imaging modalities without the 
need for extensive labeled datasets. This makes it an ideal candidate 
for deployment in diagnostic decision support systems, where it can 
assist radiologists by highlighting regions of interest and suggesting 
potential pathological findings. For example, in chest radiography, 
Radio DINO could aid in the early detection of conditions such as 
pneumonia, lung nodules, or interstitial lung diseases, improving di-
agnostic confidence and reducing oversight risks. Moreover, its ability 
to identify subtle imaging features enables effective triage in high-
volume clinical environments, prioritizing urgent cases and optimizing 
workflow efficiency. Beyond diagnostic tasks, Radio DINO’s capacity to 
extract quantitative imaging biomarkers supports applications in dis-
ease characterization, treatment response assessment, and prognostic 
evaluation, particularly in oncology where precise tumor segmenta-
tion and heterogeneity analysis are critical. Additionally, its adapt-
ability makes it suitable for deployment in resource-limited settings, 
democratizing access to advanced radiomics tools where expert radiol-
ogists may be scarce. Despite its promise, successful clinical integration 
of Radio DINO will require addressing challenges related to model 
interpretability, regulatory compliance, and real-world validation.

11. Conclusions

Radio DINO presents a significant step forward in applying self-
supervised learning to radiomics, offering an effective alternative to 
traditional supervised deep learning approaches. By eliminating the 
need for extensive labeled datasets while maintaining competitive 
performance, it enhances the accessibility of AI-driven diagnostic tools 
in medical imaging. Our findings confirm that Radio DINO not only 
achieves strong classification results but also exhibits promising gen-
eralization capabilities across various imaging modalities and clinical 
tasks. The improved feature extraction capabilities, combined with 
visualization-based interpretability, provide a foundation for more 
transparent and trustworthy AI-assisted diagnostics. Future research 
should prioritize addressing the identified limitations, particularly in 
enhancing model interpretability and ensuring adaptability across di-
verse clinical environments. Collaboration between AI researchers and 
medical professionals will be essential in refining these models, vali-
dating their real-world applicability, and integrating them into routine 
clinical workflows. By bridging the gap between cutting-edge AI tech-
niques and clinical utility, models like Radio DINO have the potential to 
transform radiomics, ultimately contributing to improved patient care 
and medical decision-making.
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Acronyms

The following acronyms are used in this manuscript:
 DINO Distillation with No Labels  
 SSL Self Supervised Learning  
 MR Magnetic Resonance  
 CT Computed Tomography  
 AI Artificial Intelligence  
 NLP Natural Language Processing  
 ViT Vision Transformer  
 EMA Exponential Moving Average  
 AUC Area Under the Curve  
 TN True Negatives  
 FP False Positives  
 FN False Negatives  
 TP True Positives  
 AMP Automatic Mixed Precision  
 kNN k-Nearest Neighbor  
 PCA Principal Component Analysis  
 UMAP Uniform Manifold Approximation and Projection 
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