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Abstract 

The performance of AI solutions in mammography is largely determined by data quality, 

preprocessing methods, and augmentation strategies. However, systematic evaluation of 

these factors for models trained on aggregated multicenter datasets remains underex-

plored. This article presents a comparative assessment of the effects of different stages of 

the training pipeline on the final diagnostic accuracy. Using a pooled dataset (VinDr-

Mammo, INBreast, CMMD, CBIS-DDSM), we evaluated each pipeline step—from filter-

ing to architecture selection (EfficientNet-B3, CLIP). External testing was conducted on 

the MosMed database. Among the tested preprocessing steps, filtering the darkest 5% of 

images proved most effective. For EfficientNet-B3, optimal geometric and photometric 

augmentations increased test AUROC on the prepared MosMed test set from 0.844 to 

0.900. Domain-specific pretraining and high resolution yielded the best performance: 

Mammo-CLIP achieved an AUROC of 0.949 ± 0.012, and EfficientNet-B3 reached 0.934 ± 

0.013. Overall, this study developed a standardized pipeline that includes sequential data 

filtering and harmonization, augmentation optimization, and architecture selection. This 

approach ensures reliable and reproducible results for automated mammogram classifi-

cation. 

Keywords: medical image processing; mammography; digital health; breast cancer  

classification; vision-language models; artificial intelligence 

 

1. Introduction 

The implementation of artificial intelligence (AI) in medicine represents a qualitative 

shift in healthcare. Using machine learning and deep learning methods, AI systems can 

analyze large and complex datasets with speed and accuracy that often exceed human 

capabilities [1–3]. Medical imaging, and mammography in particular, is one of the fields 

in which AI has demonstrated substantial potential [1,2]. Early detection of breast cancer 

through mammographic screening substantially reduces mortality; however, the sensitiv-

ity and specificity of the method remain limited, especially in women with high breast 

tissue density, leading both to missed malignancies and to unnecessary patient recalls 

[4,5]. 
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Deep learning models, particularly convolutional neural networks (CNNs), have 

demonstrated the ability to identify latent patterns indicative of malignancy, sometimes 

matching or even surpassing radiologists in performance [3,6,7]. When used in collabora-

tion with radiologists, AI can further improve diagnostic accuracy, prioritize high-risk 

cases, objectively assess breast tissue density [3,8], and reduce workload, thereby improv-

ing clinical efficiency and patient outcomes [9]. 

Despite these achievements, several challenges remain. Model performance depends 

not only on architecture, but also on preprocessing and data augmentation strategies, in-

cluding artifact removal, contrast normalization, and metadata harmonization [3,10–15]. 

Existing studies often rely on single datasets or inconsistent processing pipelines, which 

reduces reproducibility and model generalizability [16,17]. Moreover, systematic evalua-

tion of modern architectures, including both CNNs and foundation vision-language mod-

els, in combination with carefully designed preprocessing and augmentation strategies on 

heterogeneous datasets remains underexplored. Robust performance across different data 

sources is especially important for real-world deployment. 

Research questions (RQ): 

RQ1. How do different preprocessing and augmentation strategies affect mammogram classifica-

tion performance when heterogeneous datasets are used? 

RQ2. To what extent do specialized, domain-specific pretrained models improve accuracy compared 

with general-purpose models, and how does input resolution influence this improvement? 

RQ3. Is it possible to create a unified reproducible pipeline that reliably integrates multiple open 

mammography datasets and supports scalable model evaluation? 

In this work, we systematically evaluated mammography-specific augmentation 

strategies, including geometric and photometric transformations, to determine their effect 

on model performance. In parallel, we conducted a comparative analysis of modern CNN 

architectures and foundation vision-language models, assessing how pretraining (special-

ized versus general-purpose) and input resolution influence classification results. By inte-

grating these stages into a unified pipeline, our approach enables controlled evaluation of 

preprocessing, augmentation, and architecture choices, demonstrating robustness both 

across heterogeneous datasets and in single-dataset settings. 

The main contributions of our work can be summarized as follows: 

• Development of a unified reproducible pipeline for mammogram classification; 

• Systematic evaluation of the effects of preprocessing, augmentation, and model ar-

chitecture on performance; 

• Demonstration of the advantages of combining general-purpose models with spe-

cialized, domain-specific pretrained models; 

• Establishing a practical foundation for building scalable and transparent clinical de-

cision-support systems. 

2. Related Work 

Deep learning has substantially advanced the analysis of mammographic images by 

improving lesion detection, breast density assessment, and malignancy classification 

[3,4,18]. However, existing studies often differ in their preprocessing, augmentation, and 

validation protocols, making it difficult to reproduce or compare results. 
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2.1. Data Quality and Preprocessing 

Data quality has a strong influence on model robustness. Mammography data are 

highly heterogeneous with respect to image quality, tissue density, artifacts, and annota-

tion completeness. Unlike several other medical imaging tasks, such as chest CT, brain 

MRI, or digital pathology, where scanning formats and protocols are more standardized, 

mammography requires particularly careful filtering and preprocessing [19,20]. 

In practice, data are collected from multiple sources, including open datasets created 

for different purposes and using different annotation standards. Such datasets may con-

tain dataset construction defects or image artifacts. If these issues are not addressed before 

training, convergence may deteriorate and model generalizability may decrease. Previous 

studies also emphasize the need for contrast normalization to reduce domain shift be-

tween imaging centers [21,22]. Thus, primary data cleaning and quality control are critical 

steps: removing duplicates and anomalous images, resolving metadata inconsistencies, 

and balancing key characteristics such as projection type, tissue density, and BI-RADS 

category. 

Domain harmonization has been shown to yield noticeable improvements in gener-

alizability, but it often depends on non-reproducible private datasets [17,23]. As a result, 

most medical-image preprocessing pipelines remain specific to particular datasets or re-

search tasks and are insufficiently standardized. 

2.2. Augmentation and Synthetic Data 

In medicine, collecting a large, high-quality dataset is extremely difficult because of 

strict patient-privacy requirements and the high cost of expert annotation. Data augmen-

tation is therefore an essential step that helps prevent neural networks from overfitting on 

small samples. Studies show that even basic transformations, such as rotations, flips, con-

trast shifts, and the addition of artificial noise, provide a stable improvement in accuracy 

[10]. More advanced methods, including attention-guided erasing and region-of-interest 

augmentation, further improve lesion localization and density assessment [24]. In parallel, 

synthetic data are playing an increasingly important role: generative models, such as 

GANs or diffusion networks, make it possible to create images with rare lesion types and 

thereby address the severe class-imbalance problem typical of medicine [25]. 

A major limitation of existing studies is the lack of standardization in preprocessing 

and augmentation pipelines. Despite the abundance of proposed methods, different ap-

proaches are rarely compared with one another on the same open data. Most studies use 

unique transformation sets, making their results practically irreproducible for other tasks 

or datasets. The literature shows a clear lack of systematic benchmarks with a unified pre-

processing pipeline. Consequently, the choice of an optimal augmentation strategy in 

practice is often reduced to trial and error or the engineer’s intuition rather than being 

based on rigorous comparative metrics. 

2.3. Model Architectures and Pretraining 

Recent systematic reviews confirm that convolutional neural networks (CNNs) con-

sistently outperform traditional machine learning approaches in mammography analysis, 

achieving detection accuracies between 89% and 99.31% on benchmark datasets such as 

MIAS, DDSM, and INbreast. This consistent performance advantage across 33 peer-re-

viewed studies from 2015 to 2025 has established CNN-based methodologies as the de 

facto industry standard for automated mammogram analysis [26,27]. In contemporary lit-

erature, architectures from the ResNet, DenseNet, and EfficientNet families dominate, 

adapted to the specific characteristics of high-resolution radiological data. EfficientNet-

family architectures offer a balance between accuracy and efficiency, but they demonstrate 

high sensitivity to image preprocessing and resolution [28–30]. 
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At the same time, modern advances in deep learning make it possible to expand the 

analyzed feature space by enriching visual information with semantic context. This direc-

tion is especially relevant in medical imaging and cancer diagnostics, including breast 

cancer, because accompanying data, such as clinical metadata and specialist reports, can 

substantially complement the objective picture of the examination. Domain-specific pre-

training has demonstrated the potential to outperform ImageNet initialization, especially 

for small or heterogeneous datasets [30]. Foundation neural network architectures capable 

of supplementing visual images with textual context develop the idea of targeted model 

fine-tuning. Such a solution may involve attention mechanisms and multimodal para-

digms, such as CLIP, which can generate more robust embeddings by aligning image and 

text representations to improve classifier generalizability [31]. These models are trained 

on large paired datasets and require substantial computational resources. At the same 

time, the additional contribution of this approach to expanding the analyzed context re-

quires further study. 

2.4. Gaps in Existing Research 

Despite steady progress in the use of modern neural network architectures for mammo-

graphic image classification and segmentation, several research gaps remain: 

• Most studies rely on single datasets, reducing the external validity of their results. 

• Preprocessing, metadata standardization, and augmentation are tested in isolation, with-

out controlled comparison across multiple datasets. 

• There is no systematic benchmarking of different neural network architectures, including 

vision-language and foundation models as well as CNNs, under harmonized conditions. 

Our study addresses these gaps by developing a unified, transparent pipeline that inte-

grates multiple open mammography datasets, standardizes preprocessing, and systematically 

evaluates geometric and photometric augmentation strategies. At the final step of the pipeline, 

we compare conventional CNNs used in mammography with vision-language foundation 

models, both general-purpose and domain-specific, assessing their predictive ability on the 

prepared pooled dataset. This pipeline design enables a reproducible assessment of how data 

quality, augmentation, and pretraining jointly influence model performance, providing prac-

tical insights for the creation of scalable and clinically relevant AI systems in mammography. 

3. Materials and Methods 

The main result of our work is a standardized and reproducible pipeline for developing 

an ML prediction model for mammography data; its schematic representation is shown in 

Figure 1. The pipeline integrates several publicly available mammography datasets and per-

forms sequential filtering and metadata harmonization to ensure consistency across datasets. 

Throughout the rest of the paper, we sequentially guide the reader through all pipeline stages 

across the methodology, results, and discussion sections. 

 

Figure 1. Stages of the standardized pipeline for creating a reliable and reproducible mammogram 

image classifier. The steps include data creation and acquisition, sequential filtering and 
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harmonization of selected datasets, investigation and selection of the optimal augmentation strategy, 

and definition of the baseline model architecture. 

3.1. Description of Data Used for Pipeline Training and Testing 

We used four widely adopted open datasets, VinDr-Mammo [32], INBreast [33], 

CMMD [34], and CBIS-DDSM [35], to create a unified training set (VICC). For external 

evaluation of the developed models, we used the MosMed dataset [36,37], which made it 

possible to avoid data leakage between the training and test samples. Each dataset pro-

vides DICOM mammographic images for each patient with class labels, either according 

to the BI-RADS classification or by direct indication of histologically verified cancer, and 

metadata such as side and view of the mammogram, tissue density, and patient age. For 

detailed dataset analysis, we extracted technical file parameters, including image size and 

equipment manufacturer. Analysis of the DICOM Manufacturer and Manufacturer’s 

Model Name tags showed that the pooled training set was acquired on several distinct 

platforms. VinDr-Mammo is multi-vendor, comprising Siemens (Mammomat Inspiration), 

Planmed (Nuance), and IMS/Giotto systems, whereas CMMD was acquired on GE 

Senographe systems. For INBreast and CBIS-DDSM the manufacturer field is not popu-

lated; CBIS-DDSM in particular consists of digitized film-screen mammograms whose 

headers do not identify a full-field digital detector. The external MosMed test set was ac-

quired on Fujifilm equipment. Notably, none of the pooled datasets contain images ac-

quired on Hologic systems, despite Hologic being one of the most widely deployed mam-

mography platforms in clinical practice. 

The binary target variable was the presence or absence of malignant lesions. Where 

BI-RADS labels were available, BI-RADS categories 1–2 were assigned to the “no cancer” 

class, whereas BI-RADS categories 5–6 were assigned to the “malignant lesions (cancer)” 

class; BI-RADS categories 3–4 were excluded because of high label uncertainty. If be-

nign/malignant labels were provided explicitly, we used them directly. A brief summary 

of the datasets and their respective class-mapping schemes is presented in Table 1. Short 

descriptions of the datasets and class-mapping schemes are provided below: 

• VinDr-Mammo is one of the largest and most recent datasets and was one of the key 

sources in this work. Class mapping in this dataset was based on the BI-RADS cate-

gory. 

• INBreast is a high-quality dataset. Class mapping in this dataset was based on the 

BI-RADS category. 

• CMMD (Chinese Mammography Database), published in 2021, provides DICOM 

data and includes biopsy-confirmed binary cancer labels. 

• CBIS-DDSM is a revised version of the classic DDSM dataset (Digital Database for 

Screening Mammography, 1999). The following class mapping was used: benign 

cases were mapped from NO_OBJECT, BENIGN_WITHOUT_CALLBACK, and BE-

NIGN, and malignant cases were mapped from MALIGNANT. 

• MosMed contains mammograms collected from 2018 to 2020. This dataset originally 

included a patient-level binary division into benign and malignant cases. During test-

ing on MosMed, image-level predictions were aggregated to the patient level using 

max pooling across view and side. 
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Table 1. Comparative characteristics of the datasets used in the study. The table reflects variability 

in size, cancer prevalence, BI-RADS distribution, and breast density. “Pathology-based labels” indi-

cates the presence of biopsy-confirmed malignancy labels where available. The table shows the nu-

merical dominance of the VinDr dataset and the small size of INBreast. The MosMed dataset con-

tains 779 images, which is sufficient for high-quality testing of the developed models. 

Dataset Total Images Pathology-Based Labels Cancer Annotation Cancer Fraction (%) 1 Density Finding Category 

VinDr 20,000 0 BI-RADS 4.9 + + 

INBreast 388 0 BI-RADS 25.9 + + 

CMMD 3744 2632 Binary labels 70 - + 

CBIS-DDSM 3103 1364 Lesion type 44 + + 

MosMed 779 391 Binary labels 50 − − 

1 According to the cancer-annotation categories described for each dataset. 

The final sample sizes after filtering, together with the exact distribution of images 

across the training, validation, and test sets, are reported in Section 4.2, where the anom-

aly-filtering stage is described. 

3.2. Preprocessing and Cleaning of Anomalous Data 

An important mandatory preprocessing stage was the analysis of image pixel inten-

sities in the datasets and the exclusion of anomalous DICOM files based on parameters 

from the textual descriptions of the datasets and file metadata. To identify possible anom-

alies, we analyzed pixel-intensity distributions for images in each dataset, dataset and 

metadata parameters (sample size, finding and BI-RADS categories, and density accord-

ing to the American College of Radiology (ACR) [38]), and the correspondence between 

the reported metadata and parameters extracted from DICOM files, which was assessed 

using contingency tables. 

Preprocessing of mammographic images included bringing the Photometric Inter-

pretation metadata to the unified MONOCHROME2 standard. This entails programmat-

ically inverting pixels, converting black to white, for images in MONOCHROME1 format, 

thereby ensuring visual consistency across the entire dataset: the background always re-

mains zero (black), while dense radiopaque tissues appear bright. 

Metadata-based anomaly filtering excluded images with inconsistencies between the 

original label and BI-RADS category, invalid tissue-density values, or an indeterminate 

BI-RADS = 0 category. Such anomalies were found only in the CBIS-DDSM dataset; the 

per-category breakdown and resulting dataset sizes are reported in Section 4.2 

After photometric correction, a standard feature-preparation pipeline for deep learn-

ing was applied: conversion of image arrays into tensor format (ToTensor) followed by 

mathematical intensity normalization. Normalization parameters were calculated for the 

pooled training group consisting of the four selected datasets. 

To determine the effect of different preprocessing and anomaly-detection approaches, 

we used the baseline EfficientNet-B3 model (described in Section 3.4), fine-tuned on the 

prepared pooled VICC training set and validated on the VICC test set. Testing on the 

MosMed test set was not performed at this stage, which helped avoid excessive data leak-

age and tuning of preprocessing to the test data. 

3.3. Selection of the Optimal Augmentation Set 

To improve model robustness and compensate for the limited volume of training 

data, we systematically evaluated augmentation methods applicable to mammography. 

Augmentations were implemented using the Albumentations library (version 2.0.8) 

[39,40]. The tested transformations were divided into four functional groups: 
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Informatics 2026, 13, 125 7 of 21 
 

https://doi.org/10.3390/informatics13080125 

Spatial and geometric transformations: Random flips (Horizontal/Vertical Flip), ro-

tations by right angles (Random Rotate 90), affine transformations with independent axes 

(Affine Independent Axes), and nonlinear distortions (Optical Distortion, Grid Distortion). 

Pixel distortions and photometric correction: Contrast-limited adaptive histogram 

equalization (CLAHE), random changes in brightness, contrast, and gamma (Random 

Brightness Contrast, Random Gamma), modification of tone curves (Random Tone Curve), 

and shifts in color space (Hue Saturation Value). 

Filtering and noise: Additive white noise (Gauss Noise), sharpening algorithms 

(Sharpen), and advanced blurring (Advanced Blur). 

Spatial regularization methods (occlusion): Various strategies for masking and infor-

mation removal, including dropout of individual pixels (Pixel Dropout), large rectangular 

regions (Coarse Dropout), grid masking (Grid Dropout), and arbitrary mask overlay 

(Mask). 

The effectiveness of each method was assessed against a control sample without dis-

tortions (Baseline), both separately and in various combinations that included transfor-

mations compatible with mammography and that did not distort key diagnostic features. 

Reproducibility was assessed through several independent runs under identical condi-

tions: the baseline EfficientNet-B3 model (Section 3.4) was fine-tuned for 30 epochs with 

constant hyperparameters on the prepared pooled VICC dataset. Validation was per-

formed on the pooled validation sample, and the best epoch was selected according to 

AUROC (area under the receiver operating characteristic curve). Testing was performed 

on the independent MosMed dataset. 

3.4. Investigated Vision-Language Models 

One goal of our study was to determine the effect of domain-specific fine-tuning com-

pared with initialization from baseline weights, as well as to expand classifier generaliza-

bility using vision-language model (VLM) architectures; for example, CLIP (Contrastive 

Language-Image Pre-Training) models. As a standard efficient CNN solution, we selected 

the convolutional neural network EfficientNet-B3 [41], pretrained on ImageNet. Efficient-

Net-B3 served as the baseline for determining the benefits of using semantic information 

during neural network training. The following models were selected for benchmarking 

CLIP-based solutions: 

• OpenAI CLIP [42] is an initial vision-language model trained on 400 million image–

text pairs. It is not specialized for any particular domain and is widely used across 

fields. Its visual encoder used the Vision Transformer architecture ViT-L/14. The in-

put image resolution was limited to 336 × 336 px. 

• Microsoft BiomedCLIP [43] is an adapted CLIP version with an enlarged Vision 

Transformer compared with the baseline version. It was trained on more than 4 mil-

lion biomedical images and accompanying texts extracted from the PubMed Central 

Open Access Subset. ViT-B/16 [44] was used as the image encoder. The input image 

resolution was limited to 224 × 224 px. 

• Mammo-CLIP [31] is a specialized CLIP version. Mammo-CLIP uses Efficient-

Net(EN)-B5 with ImageNet-pretrained weights as the image encoder. The Mammo-

CLIP model was trained on more than 25,000 screening mammography images with 

textual descriptions of domain parameters, including BI-RADS annotations and im-

aging patterns. The input image resolution was 1520 × 912 px. 

• MedCLIP [45] is an adapted CLIP version for medical data, trained on 20K unpaired 

images and texts from various medical domains. A Swin Transformer with 

ImageNet-pretrained weights was used as the backbone vision encoder [46]. The in-

put image resolution was limited to 512 × 512 px. 
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The architecture of CLIP-family models is based on the joint use of visual and text 

encoders whose weights are optimized during contrastive pretraining to align multi-

modal representations in a shared latent space. To solve our mammogram classification 

task, we applied a transfer-adaptation approach (domain adaptation): the visual encoder 

of each model was used as the base feature extractor. A specialized classification layer, a 

fully connected head implemented as a three-layer multilayer perceptron (MLP), was in-

tegrated on top of the resulting embeddings. 

Both the CNN baseline (EfficientNet) and the CLIP-based models were trained with 

the AdamW optimizer (β1 = 0.9, β2 = 0.999) and a focal loss (α = 0.5, γ = 2.0), with a weight 

decay of 0.01 and a StepLR schedule (γ = 0.5), with class imbalance addressed by a 

WeightedRandomSampler performing oversampling stratified jointly by dataset and 

class label. The best checkpoint was selected by validation AUROC on the pooled VICC 

set. The two model families differed in the remaining settings: the EfficientNet baseline 

used a learning rate of 1 × 10−4, a batch size of 14, and up to 100 training epochs. The CLIP-

based models were fully fine-tuned (visual encoder unfrozen) with a learning rate of 5 × 

10−5, a batch size of 20, 336 × 336 inputs, and 30 training epochs. This choice of unfreezing 

the visual encoder with a small learning rate was motivated by the high specificity of our 

domain: models trained on the broad ImageNet dataset, or even on large-scale medical 

imaging data, did not achieve sufficient accuracy in a domain as specific as grayscale 

mammographic images. 

Final fine-tuning of all investigated architectures was performed on the dataset com-

prising four independent datasets. Fine-tuning was performed only after the developed 

preprocessing pipeline, anomaly filtering (outlier removal), and the optimal augmenta-

tion strategy described above had been applied. 

3.5. Software and Statistical Processing Methods 

Medical images in DICOM format were processed using the Python 3.10.12 program-

ming language. Reading, loading, and parsing of study metadata were performed with 

the pydicom software library (v3.0.2). Pixel intensities were normalized to the [0, 1] range, 

after which the data were converted to a unified tensor format using the PyTorch (v2.13.0) 

library. 

The primary quality metric for evaluating results was AUROC. The ROC curve 

shows the true positive rate (TPR) as a function of the false positive rate (FPR) when the 

classification threshold changes. 

AUROC is defined as the area under this curve: 

AUROC=∫ 𝑇𝑃𝑅(𝐹𝑃𝑅)𝑑𝐹𝑃𝑅
1

0
  

This value represents the probability that the classifier assigns a higher score to a 

randomly selected positive sample than to a randomly selected negative sample. 

To assess the statistical significance and reliability of the obtained quality metrics, 

four independent training runs were performed for each model. To ensure experimental 

reproducibility and fair benchmarking, we used a fixed stratified split into training, vali-

dation, and test sets, identical for all models. In doing so, images belonging to the same 

patient but differing in view or side were assigned to a single group, which prevented 

scans from the same patient from appearing simultaneously in the training and test sets. 

Across the four runs, all hyperparameters, model architectures, and data splits were kept 

identical; the only source of variation was the random seed, which controlled weight ini-

tialization, data shuffling order, and augmentation stochasticity. This design isolates 

training variance from split variance, so that the reported mean ± standard error of mean 

reflects the run-to-run variability of the training process under otherwise identical condi-

tions. Final metrics were calculated as the mean and standard error of the mean for the 
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AUROC achieved at the best epoch. AUROC values for all models are reported to three 

decimal places, which is determined by the size of the test set and the maximum statistical 

significance attainable at this sample size. 

4. Results 

4.1. Pooled Dataset 

The results of the exploratory analysis of the pooled dataset (VICC) are summarized 

in Table 1 and Figure 2. The INBreast dataset is substantially smaller, but it provides high-

quality and precise annotations; its inclusion may therefore increase the robustness of the 

developed models. Among detected findings, calcifications predominate, followed by 

combined findings, asymmetries, and retractions. The distributions are imbalanced, with 

some categories occurring rarely. The distribution of BI-RADS categories is also uneven, 

and categories 0 and 6 are present but are excluded from the analysis as outliers. Regard-

ing ACR density, category 3 is the most common, followed by categories 2 and 4; density 

0 is considered an outlier and is therefore removed, as it rarely appears in the sources. 

 

Figure 2. Visualization of the pooled VICC dataset before preprocessing, demonstrating differences 

between datasets in finding categories, BI-RADS category distribution, breast density, and equip-

ment used, as well as identifying imbalances and rare categories that may affect model training. (A) 

BI-RADS category distribution. (B) Breast density distribution, where category 0* comprises anom-

alous images for which density is labeled as 0.0. (C) Finding category distribution, where categories 

are encoded as follows: 1—asymmetry, 2—calcification, 3—calcification + mass, 4—mass, 5—nipple 

retraction, 6—skin retraction. (D) Distribution by mammography device manufacturer, where man-

ufacturers are encoded as follows: 1—GE, 2—GIOTTO, 3—PLANMED, 4—SIEMENS. The manu-

facturer field is populated only for VinDr-Mammo and CMMD; INBreast and CBIS-DDSM lack this 

metadata and are therefore not represented in this panel. In each plot, the Y-axis represents fre-

quency (log scale). 

To identify possible anomalies, dataset parameters and metadata were analyzed for 

each dataset, including finding and BI-RADS categories and density according to the 

American College of Radiology (ACR) [38], as well as the correspondence between the 

specified metadata and extracted parameters. Analysis of the joint distribution of density 

across datasets revealed dataset-specific structural differences and imbalances. These dif-

ferences justify the need for normalization and careful subset selection when pooling data: 
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VinDr, for instance, dominates in volume but exhibits limited density variability, whereas 

INBreast offers greater density diversity despite its smaller sample size. In addition, anal-

ysis of contingency tables for the whole dataset and separately for each dataset revealed 

anomalous combinations and rare classes. For example, the assigned category could cor-

respond to cancer in a patient while the BI-RADS category remained 0 or 1. Such data 

were removed from the dataset, which improved the final accuracy and robustness of the 

developed model. The analysis of model-quality changes after outlier removal is pre-

sented in Section 4.2. 

4.2. DICOM Intensity Analysis 

Analysis of histograms of mean pixel-intensity values on a logarithmic scale for 100 

randomly selected images from each of the four datasets showed structural similarities as 

well as meaningful differences between sources, as shown in Figure 3. Visual analysis 

indicates that INBreast and VinDr have the most similar distributions, the CMMD distri-

bution is noticeably shifted to the left, and CBIS-DDSM is characterized by wide disper-

sion, containing both dark and bright images. 

The quantitative analysis demonstrates a pronounced shift between datasets. Under 

such nonlinear intensity shifts, neural-network architectures tend to overfit to photomet-

ric features of a particular dataset, ignoring morphological signs of pathology. Therefore, 

without normalization of the pixel space, the training pipeline cannot compensate for this 

domain gap. At the data-preparation stage, we therefore normalized the intensity of each 

DICOM image using the mean and standard deviation calculated on the pooled training 

sample. To prevent data leakage, these global statistics were computed strictly before aug-

mentation and isolated from the validation and test sets. Standardizing the pixel space to 

a standard normal distribution (Z-score normalization) solved the key task of inde-

pendently centering features while mitigating the previously identified domain gap be-

tween datasets. 

 

Figure 3. Histograms of mean pixel intensity on a logarithmic scale for 100 random images from 

each VICC dataset before preprocessing, demonstrating substantial differences in brightness distri-

butions between datasets. When plotting the pooled histograms, the first bin was excluded to avoid 

a dominant peak caused by zero-valued pixels. Extreme black and white distribution tails (upper 

and lower 5%) were identified as outliers, providing the basis for subsequent image filtering to im-

prove model robustness. 
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In addition to intensity normalization, we investigated the effect of excluding the 

darkest and brightest 1% and 5% of images, based on mean pixel intensity, from each 

dataset on final model-quality metrics. The study showed that removing the darkest 5% 

of images provided the largest increase in AUROC and F1; removing the brightest 5% also 

had a positive effect, but it was less stable. Figure 4 shows representative examples of 

black and white images. 

 

Figure 4. Examples of images included in the 5% filtered by mean pixel value. (A–C) are white 

anomalies; (D–F) are black anomalies. 

At this pipeline step, anomaly filtering based on image metadata was also performed, 

and several filtering categories were considered: metadata errors (ACR density, irrelevant 

BI-RADS values, and inconsistencies between lesion-class labels and other parameters) 

and anomalies in image-intensity distributions that manifest as bright or dark images. Ex-

periments excluding different categories of anomalies from the training sample made it 

possible to determine the optimal strategy for cleaning the original dataset. The effect of 

different filtering strategies when tested on the independent MosMed test set is summa-

rized in Table 2. Removal of metadata anomalies, together with removal of the darkest 5% 

of images, produced the largest metric increase on the test set. Excluding bright anomalies 

also had a meaningful effect. As a result, for subsequent testing of augmentation strategies 

and baseline model architectures, we decided to filter anomalies by metadata values and 

exclude the darkest and brightest 5% of images by intensity from each dataset. 

Table 2. Effect of different dataset filtering strategies on the performance of EfficientNet-B3 (AU-

ROC and F1) on the VICC validation set. Filtering strategies that improve classification quality are 

highlighted in the original manuscript. 

Filtered Dataset Threshold AUROC F1 

Baseline - 0.808 ± 0.017 0.747 ± 0.009 

Without metadata anomalies - 0.818 ± 0.018 0.748 ±0.021 

Without white and black anom-

alies 

Remove 1% 0.810 ± 0.027 0.751 ± 0.028 

Remove 5% 0.807 ± 0.025 0.746 ± 0.024 

Without black anomalies 
Remove 1% 0.795 ± 0.043 0.74 ± 0.031 

Remove 5% 0.823 ± 0.009 0.764 ± 0.012 

Without white anomalies 
Remove 1% 0.799 ± 0.024 0.755 ± 0.022 

Remove 5% 0.809 ± 0.039 0.758 ± 0.036 
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Applying the selected filtering strategy allowed us to quantify the amount of ex-

cluded data per dataset. Metadata anomalies (inconsistencies between labels and BI-

RADS categories, invalid density values, or BI-RADS = 0) were found only in CBIS-DDSM 

(272 images). Pixel-intensity filtering (lower and upper 5%) was applied separately to each 

dataset. The resulting exclusions and the final training, validation, and test set sizes are 

reported in Table 3. 

Table 3. Final per-dataset image counts after anomaly filtering. The “Metadata anomalies” column 

reports the number of images excluded due to inconsistency between the original label and the BI-

RADS category, invalid tissue-density values, or an indeterminate BI-RADS = 0 category; such 

anomalies were found only in the CBIS-DDSM dataset. The “Black anomalies” and “White anoma-

lies” columns report the number of images excluded on the basis of extreme (lower/upper 5%) mean 

pixel-intensity values, reported separately for each dataset. The “Total filtered” column equals the 

sum of all excluded images per dataset. The “Train”, “Validation”, and “Test” columns report the 

exact number of remaining images in the corresponding sets used for training and evaluating the 

final models. 

Dataset 
Metadata 

Anomalies 

Black 

Anomalies 
White Anomalies Total Filtered Train Validation Test 

VinDr 0 919 921 1840 12,711 1817 3632 

INBreast 0 18 18 36 193 50 109 

CMMD 0 188 189 377 1874 470 1023 

CBIS-DDSM 272 156 159 587 1709 285 522 

4.3. Selection of an Effective Augmentation Set 

Given the generally small size of medical datasets, augmentation is widely used to 

expand the training sample and mitigate class imbalance [10,24]. In our study, we system-

atically tested the effects of different augmentations, both individually and in combination, 

on the prediction quality of fine-tuned classification models. The effect of individual aug-

mentations on the two test sets is presented in Table 4. The baseline prediction accuracy 

of the EfficientNet-B3 model was 0.815 on the VICC test set and 0.844 on the MosMed test 

set. 

The optimal set was selected in two stages. In the first stage, each augmentation was 

tested in isolation. For each augmentation, a classification model based on pretrained Ef-

ficientNet-B3 was trained on a fixed training sample formed from the four datasets after 

data preprocessing and compared with an analogous baseline model fine-tuned without 

augmentations. This isolated evaluation made it possible to avoid the confounding influ-

ence of interactions between methods. 

In the second stage, we analyzed augmentation combinations that included different 

transformation directions aimed at increasing the accuracy of predictions made by the 

fine-tuned model. Table A1 presents the tested augmentation combinations with hyperpa-

rameter tuning. Strategies were compared on the VICC validation set using cross-valida-

tion to determine the statistical significance of the obtained results. Three sets were ulti-

mately formed: Best (only individually beneficial transformations), Extended (an empiri-

cally strong combination mixing geometric and photometric changes), and All (every 

tested transformation). The composition of each selected set is shown in Table 5. The se-

lected sets were tested on the VICC validation set and on the independent MosMed test 

set using the baseline EfficientNet-B3 model. Although some operations showed low ef-

fectiveness in isolation, such as CLAHE and Random Gamma, the Extended set achieved 

the highest AUROC (0.900), indicating a synergistic effect and better clinical realism, in-

cluding exposure, contrast, and noise variations typical of the image acquisition process. 
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The Best and All sets showed slightly lower results (AUROC 0.889 and 0.898, respectively), 

suggesting that an oversaturated set can add noise, whereas an overly conservative set 

may not sufficiently cover plausible variability. Therefore, for subsequent training and 

testing of different deep learning model architectures, we selected the Extended set. 

Table 4. Effect of data augmentation on EfficientNet-B3 AUROC when tested on the VICC valida-

tion set and the independent MosMed test set. The table shows the effects of individual augmenta-

tions. Baseline denotes the model quality metrics obtained without data augmentation. 

Augmentation VICC Mosmed 

Baseline 0.815 ± 0.011 0.844 ± 0.008 

Advanced Blur 0.810 ± 0.003 0.843 ± 0.005 

Affine Independent Axes Not tested 0.843 ± 0.01 

Clahe 0.819 ± 0.017 0.833 ± 0.011 

Coarse Dropout 0.816 ± 0.001 0.84 ± 0.002 

Gauss Noise 0.791 ± 0.009 0.844 ± 0.003 

Grid Distortion 0.826 ± 0.005 0.834 ± 0.009 

Grid Dropout 0.816 ± 0.005 0.843 ± 0.006 

Horizontal Flip 0.827 ± 0.002 0.847 ± 0.007 

Hue Saturation Value 0.810 ± 0.007 0.855 ± 0.003 

Mask Not tested 0.852 ± 0.016 

Optical Distortion 0.818 ± 0.002 0.835 ± 0.009 

Pixel Dropout 0.822 ± 0.001 0.84 ± 0.005 

Random Brightness Contrast Not tested 0.852 ± 0.017 

Random Gamma Not tested 0.837 ± 0.001 

Random Rotate 90 0.829 ± 0.002 0.844 ± 0.01 

Random Tone Curve Not tested 0.840 ± 0.012 

Sharpen 0.814 ± 0.003 0.846 ± 0.001 

Vertical Flip Not tested 0.847 ± 0.009 

Table 5. Effect of data augmentation on EfficientNet-B3 AUROC when tested on the VICC valida-

tion set and the independent MosMed test set. The table shows the effects of the selected sets of 

diverse augmentations: Best, Extended, and All. The Extended set achieved the highest AUROC, 

demonstrating a synergistic effect and clinically realistic variability. 

 “Best” Set “Extended” Set “All” Set 

Augmentation VICC Mosmed VICC Mosmed VICC Mosmed 

Baseline 0.850 ± 0.009 0.888 ± 0.006 0.841 ± 0.004 0.9 ± 0.006 0.788 ± 0.01 0.898 ± 0.004 

Advanced Blur   + 

Affine Independent Axes  + + 

Clahe  + + 

Coarse Dropout   + 

Gauss Noise   + 

Grid Distortion  + + 

Grid Dropout  + + 

Horizontal Flip + + + 

Hue Saturation Value +  + 

Mask + + + 

Optical Distortion  + + 

Pixel Dropout  + + 

Random Brightness Contrast + + + 

Random Gamma  + + 

Random Rotate 90  + + 
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Random Tone Curve   + 

Sharpen + + + 

Vertical Flip + + + 

4.4. Performance of Baseline Models 

Selection of the optimal pretrained model for subsequent fine-tuning is the final stage 

of the pipeline for developing a robust classifier. In our study, we tested the hypothesis 

that introducing a multimodal approach during training can substantially improve clas-

sification-quality metrics in mammographic image analysis. To test this hypothesis, do-

main adaptation of the selected CLIP models was performed on the prepared VICC da-

taset, followed by comparison with the CNN-based baseline solution. The dataset for all 

experiments passed through the developed standardized sequential preparation pipeline: 

anomalous values and outliers based on pixel-intensity distributions were removed, DI-

COM images were normalized, and the optimal augmentation set was applied. The results 

of comparative testing of the baseline models are presented in Table 6. 

Among the models investigated (EfficientNet-B3, Mammo-CLIP, MedCLIP, Bio-

medCLIP, and OpenAI CLIP), the domain-specific Mammo-CLIP model achieved the 

highest AUROC (0.949), outperforming both general-purpose models and other medical 

multimodal models. The baseline CNN model EfficientNet-B3 also showed high predic-

tive ability (AUROC 0.934). The confidence intervals overlap, indicating that the observed 

differences are not statistically significant. By contrast, alternative solutions demonstrated 

lower performance: OpenAI CLIP (0.646) and BiomedCLIP (0.594) fell substantially be-

hind, whereas MedCLIP (0.856) outperformed both and approached the values obtained 

for EfficientNet. 

Table 6. Quality metrics of fine-tuned baseline pretrained models on the MosMed test set. High 

input resolution (1520 × 912) benefits both convolutional and vision-language models; the best over-

all performance was achieved by Mammo-CLIP. 

Model AUROC SE 95% CI Resolution 

EfficientNet 0.934 0.012 [0.926, 0.972] 1520 × 912 

Mammo-CLIP 0.949 0.013 [0.908, 0.960] 1520 × 912 

MedCLIP 0.856 0.019 [0.818, 0.894] 512 × 512 

BiomedCLIP 0.594 0.028 [0.592, 0.700] 224 × 224 

OpenAI CLIP 0.646 0.029 [0.538, 0.650] 336 × 336 

It is important to note that the initial image resolution provided to the models was 

substantially higher for the solutions that demonstrated strong performance. EfficientNet 

and Mammo-CLIP used a resolution of 1520 × 912, which made it possible to preserve fine 

details such as microcalcifications and probably played a decisive role in the accuracy of 

malignancy detection. Transformer-type models with lower fixed resolutions (MedCLIP 

512 × 512; BiomedCLIP 224 × 224; OpenAI CLIP 336 × 336) lost critical details, reducing 

diagnostic accuracy. 

The results were obtained using the equipment of the Shared Research Facility 

«Shared Research Center of the Ivannikov Institute for System Programming of the Rus-

sian Academy of Sciences (SRC ISP RAS)». 

5. Discussion 

Our experiments show that mammogram classification is sensitive to the prepro-

cessing of both images and metadata. In particular, filtering technically unsuitable scans, 
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such as extremely dark or bright images, led to a measurable improvement in AUROC on 

external test sets. 

Working with different datasets leads to parameter variation associated with differ-

ences in data sources, patient metadata, equipment used, and other factors, which can 

substantially affect the quality of the developed models. In the presence of label imbalance, 

the model systematically shifts toward more frequently occurring classes: rare observa-

tions contribute too little to the gradient and therefore barely update the model parame-

ters. This results in degraded performance. 

One possible way to account for such variation is sample balancing by different pa-

rameters [24,47]. In this approach, sample selection is controlled at each training step so 

that rare classes occur more often, equalizing their contribution to training. A second pos-

sible way to account for class imbalance across different parameters is to use a modified 

loss function that increases the penalty for errors in rare classes. Both balancing ap-

proaches have certain disadvantages: first, a risk of overfitting when the balancing strat-

egy is too aggressive; second, a possible discrepancy between the training and validation 

samples by parameters, which can lead to inaccurate metric estimation; and third, severe 

class imbalance cannot be fully eliminated by such tuning [48]. Consequently, when de-

veloping a model, it is important to choose a strategy for accounting for class ratios across 

different data parameters to determine the best training strategy. In this study, the main 

source of class imbalance may be the affiliation of data with different source datasets, but 

detailed investigation of different balancing approaches was outside the scope of our 

work. 

The augmentation strategies showed that combining geometric and photometric 

transformations generally outperforms the use of individual operations. Moderate com-

binations provided the most robust improvement, reflecting the need to capture clinical 

variability, including differences in acquisition systems, exposure levels, and patient po-

sitioning. In contrast, overly aggressive transformations, such as large rotations or strong 

cropping, sometimes reduced performance, indicating that synthetic data should balance 

diversity with biomedical realism. For this reason, the Hue Saturation Value transfor-

mation was removed from the “gold standard” augmentation set, although it produced a 

substantial individual improvement: a strong hue shift creates substantial semantic dis-

tortion of the image and disrupts high-quality training on grayscale mammograms. 

5.1. Key Factors in Model Accuracy: Resolution and Domain Adaptation 

In this study, we performed a comparative analysis of different neural network ar-

chitectures for the mammogram classification task. The main conclusion of our work is 

that high input image resolution and model domain adaptation are critical for successful 

diagnosis. Although integration of semantic information into the training context of base-

line models enriches their representations, it is not an absolute advantage by itself. The 

specifics of mammography require detection of very small details, such as microcalcifica-

tions and subtle changes in tissue patterns. Therefore, the largest contribution to the accu-

racy and robustness of solutions comes from the high native image resolution, which al-

lows the algorithm to extract domain-specific visual information without distortion. 

5.2. Limitations of Transformers and Advantages of Convolutional Networks 

Analysis of visual encoders in modern multimodal models (CLIP) revealed substan-

tial limitations of transformer-based architectures (ViT or Swin Transformer) for this task. 

Their application makes efficient analysis of images at their original high resolution diffi-

cult because of computational complexity, which inevitably leads to the loss of key diag-

nostic details when images are compressed. In contrast, convolutional neural networks 
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(CNNs), traditionally used as baseline solutions, demonstrate strong competitiveness 

when processing large-scale images. 

It is noteworthy that, in existing studies testing CLIP models on general and several 

medical benchmarks, variants with CNN encoders, especially ResNet-50 [42,45], often un-

derperform transformer-based analogues. However, on the mammogram dataset, we ob-

served the opposite pattern. This discrepancy emphasizes the critical importance of rigor-

ous empirical evaluation and validation of architectures for a specific clinical task. 

5.3. Confirmation of the Hypothesis on the Effectiveness of VLMs 

Despite the strong performance of classical convolutional networks, foundation 

models pretrained on medical data can outperform standard baseline approaches. This is 

clearly confirmed by the testing results of Mammo-CLIP, in which a CNN architecture 

(EfficientNet-B5) capable of processing high resolution is used as the visual encoder. In 

our study, this model demonstrated more accurate classification on the test dataset than 

the baseline EfficientNet-B3 model. On our data, the observed advantage did not reach 

statistical significance, and a larger test set would be required to determine whether the 

difference is reliable. This result confirms our hypothesis: expanding the generalizability 

of the algorithm through a multimodal architecture (vision-language models) improves 

accuracy metrics, provided that the visual representations are aligned with the mammog-

raphy domain. It is important to note, however, that the advantage of the domain-adapted 

model was not large. Further experiments would be required to determine which factor 

played the key role—the multimodal architecture or the larger backbone (B3 vs. B5). 

Certain limitations of our study should be considered. The exclusive use of open da-

tasets, although beneficial for reproducibility, may introduce biases related to patient de-

mographics, imaging equipment, and regional practices. Furthermore, the vendor com-

position of the open datasets does not reflect the global market distribution of mammog-

raphy systems. In particular, the pooled data contain no Hologic-acquired images, even 

though Hologic detectors are among the most widely used in clinical practice. Because 

detector-specific image characteristics vary across vendors, this vendor imbalance both 

contributes to the inter-dataset domain shift observed in our intensity analysis (Figure 3) 

and may limit external validity. Validation on Hologic-acquired data is therefore an im-

portant direction for the planned clinical and federated-learning extensions of this work. 

Some BI-RADS categories were underrepresented, limiting generalizability for multiclass 

tasks. In addition, although our pipeline provides a systematic framework for evaluating 

preprocessing and augmentation strategies, its application to a specific clinical dataset re-

quires consideration of the unique characteristics of that dataset. Nevertheless, the pipe-

line offers a rapid and reliable starting point for optimizing data preparation and model 

training. 

Further research should expand the experimental design to include comparisons of 

models of equal size that are capable of operating at higher resolutions and are based on 

a transformer architecture. This would allow a more accurate assessment of the contribu-

tion of individual factors to achieving high classification accuracy. It should be noted that 

such experiments may require a substantial increase in computational resources needed 

to train models on large volumes of data at high resolution. 

Overall, our results provide empirical recommendations for developing prepro-

cessing strategies, augmentation strategies, and model-selection approaches in AI for 

mammography. The unified pipeline can serve as a foundation for scalable and reproduc-

ible decision-support systems. The results open new directions for future work. Of partic-

ular interest is the investigation of methods for adapting transformer architectures to 

work efficiently with ultra-high-resolution medical images, as well as further fine-tuning 
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of foundation vision-language models on expanded mammography datasets to improve 

diagnostic quality. 

6. Conclusions 

In this study, we systematically analyzed how the choice of data preprocessing and 

augmentation methods affects deep learning performance in mammography. We demon-

strated that removal of unsuitable scans and correction of metadata inconsistencies lead 

to measurable improvements in accuracy, and that combining geometric and photometric 

augmentations makes it possible to create more robust models than using individual 

transformations alone. The analysis comparing convolutional and vision-language archi-

tectures shows that high spatial resolution provides the best classification metrics, making 

Mammo-CLIP and EfficientNet the most promising basis for fine-tuning and clinical ap-

plication. By presenting a unified reproducible pipeline that harmonizes open datasets 

and evaluates preprocessing effects under controlled conditions, this work addresses a 

key gap in mammography research. The proposed framework provides practical recom-

mendations for developing scalable and transparent decision-support systems. Future ef-

forts will focus on federated learning and the integration of real clinical data to improve 

the external validity of the results. 
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AUROC Area Under the Receiver Operating Characteristic curve 

BI-RADS Breast Imaging Reporting and Data System 

ACR American College of Radiology 

VICC Four open datasets: VinDr-Mammo, INBreast, CMMD, and CBIS-DDSM 

CNN Convolutional neural networks 
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Appendix A 

Appendix A presents the results of a systematic evaluation of various augmentation 

strategies combining geometric, photometric, and more advanced approaches. 

Table A1. Evaluation of the effect of different augmentation combinations on model performance. 

Quality evaluation was performed using the EfficientNet-B3 model, trained for 30 epochs and vali-

dated on the VICC dataset. 
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Summary 

Metrics 
p = 

0.5 
p = 1 0.0001 0.001 0.01 

✓  ✓              0.840 ± 0.000 

    ✓   ✓         0.805 ± 0.012 

     ✓  ✓         0.817 ± 0.006 

      ✓ ✓         0.802 ± 0.009 

        ✓ ✓       0.820 ± 0.007 

   ✓ ✓   ✓         0.792 ± 0.012 

   ✓  ✓  ✓         0.786 ± 0.000 

   ✓     ✓ ✓       0.820 ± 0.012 

✓    ✓   ✓         0.810 ± 0.004 

✓  ✓  ✓   ✓         0.829 ± 0.004 

✓     ✓  ✓         0.797 ± 0.001 

        ✓ ✓ ✓      0.826 ± 0.000 

        ✓ ✓ ✓ ✓     0.819 ± 0.001 

✓  ✓      ✓ ✓ ✓      0.850 ± 0.009 

✓  ✓      ✓ ✓ ✓ ✓     0.844 ± 0.003 

✓ ✓       ✓ ✓ ✓   ✓   0.847 ± 0.000 

✓  ✓      ✓ ✓ ✓   ✓   0.847 ± 0.001 

✓  ✓ ✓  ✓  ✓ ✓ ✓ ✓ ✓ ✓ ✓   0.788 ± 0.010 

✓  ✓ ✓     ✓ ✓ ✓ ✓ ✓ ✓   0.840 ± 0.006 

✓  ✓      ✓ ✓ ✓   ✓ ✓  0.841 ± 0.004 

✓  ✓      ✓ ✓ ✓   ✓  ✓ 0.846 ± 0.002 
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