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Objective

Cervical cancer screening through cytology remains the gold standard for early detection, but manual analysis is time-consuming, labor-intensive, and prone to inter-observer variability. This study proposes an automated deep learning-based framework that integrates lesion detection, feature extraction, and classification to enhance the accuracy and efficiency of cytological diagnosis.





Materials and methods

A dataset of 4,236 cervical cytology samples was collected from six medical centers, with lesion annotations categorized into six diagnostic classes (NILM, ASC-US, ASC-H, LSIL, HSIL, SCC). Four deep learning models, Swin Transformer, YOLOv11, Faster R-CNN, and DETR (DEtection TRansformer), were employed for lesion detection, and their performance was compared using mAP, IoU, precision, recall, and F1-score. From detected lesion regions, radiomics features (n=71) and deep learning features (n=1,792) extracted from EfficientNet were analyzed. Dimensionality reduction techniques (PCA, LASSO, ANOVA, MI, t-SNE) were applied to optimize feature selection before classification using XGBoost, Random Forest, CatBoost, TabNet, and TabTransformer. Additionally, an end-to-end classification model using EfficientNet was evaluated. The framework was validated using internal cross-validation and external testing on APCData (3,619 samples).





Results

The Swin Transformer achieved the highest lesion detection accuracy (mAP: 0.94 external), outperforming YOLOv11, Faster R-CNN, and DETR. Combining radiomics and deep features with TabTransformer yielded superior classification (test accuracy: 94.6%, AUC: 95.9%, recall: 94.1%), exceeding both single-modality and end-to-end models. Ablation studies confirmed the importance of both the detection module and hybrid feature fusion. External validation demonstrated high generalizability (accuracy: 92.8%, AUC: 95.1%). Comprehensive statistical analyses, including bootstrapped confidence intervals and Delong’s test, further substantiated the robustness and reliability of the proposed framework.





Conclusions

The proposed AI-driven cytology analysis framework offers superior lesion detection, feature fusion-based classification, and robust generalizability, providing a scalable solution for automated cervical cancer screening. Future efforts should focus on explainable AI (XAI), real-time deployment, and larger-scale validation to facilitate clinical integration.
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1 Introduction

Cervical cancer remains a major public health concern, with an estimated 604,000 new cases and 342,000 deaths reported worldwide in 2020 alone, as per the Global Cancer Observatory (GLOBOCAN) database (1, 2). Timely detection and classification of precancerous and malignant cervical lesions play a crucial role in reducing morbidity and mortality (3–5). The Papanicolaou (Pap) smear test is widely regarded as the gold standard for cervical cancer screening, allowing for the early detection of cellular abnormalities (6, 7). However, manual examination of cytological samples is time-consuming, prone to interobserver variability, and requires extensive expertise (8–10). To address these challenges, automated computational techniques leveraging artificial intelligence (AI) and deep learning (DL) models have emerged as powerful tools for accurate and efficient cervical cytology diagnosis (11–14).

Advancements in deep learning have significantly improved the accuracy and efficiency of medical image analysis, particularly in the detection of abnormal cellular structures. Object detection models play a crucial role in identifying lesions by localizing suspicious regions within cytological images, enabling targeted analysis and classification (15–17). Transformer-based models, such as the Swin Transformer, excel at capturing complex spatial relationships within images, making them particularly effective for recognizing subtle morphological variations in cells (18–20). Similarly, diffusion-based object detection enhances robustness by accounting for image noise and uncertainties, leading to more reliable identification of atypical cells. YOLO-based architectures, known for their high-speed and real-time processing capabilities, further enhance lesion detection by providing rapid and accurate bounding box predictions (21–24). By leveraging these advanced detection models, automated systems can assist cytopathologists in identifying lesions with greater consistency and precision, reducing diagnostic variability and improving early detection of cervical abnormalities.

Feature extraction plays a fundamental role in the characterization of cytological samples, providing quantitative insights into cellular morphology and tissue heterogeneity (23, 25–33). Radiomics features, derived from medical images, capture detailed statistical patterns related to texture, intensity, and shape, offering valuable descriptors for differentiating between normal and pathological conditions (34, 35). These handcrafted features have been widely utilized in medical imaging for their interpretability and ability to reveal subtle disease-associated variations. On the other hand, deep learning features, learned automatically through convolutional neural networks, provide high-level semantic representations that encode complex visual patterns within cytological images (36–40). The integration of radiomics and deep features enables a more comprehensive analysis, combining the precision of handcrafted descriptors with the adaptability and robustness of deep learning. This synergy enhances the accuracy of lesion classification, offering a powerful approach for improving automated cervical cancer screening.

Medical imaging datasets often originate from multiple sources, introducing variability due to differences in sample preparation, imaging techniques, and institutional protocols. To ensure the reliability and reproducibility of extracted features, it is essential to assess their consistency across different datasets. Intraclass Correlation Coefficient (ICC) is a widely used statistical measure that quantifies the agreement between multiple observations, helping determine the stability of features in diverse imaging conditions (41–43). High ICC values indicate strong reproducibility, suggesting that extracted features are robust against variations in data acquisition. In multi-center studies, such reliability assessments are critical for developing machine learning models that generalize well across different clinical settings, ultimately contributing to more dependable and scalable AI-driven diagnostic systems.

In this study, we propose a comprehensive framework for the automated detection and classification of cervical cytology images obtained using liquid-based cytology (LBC) via cytocentrifugation. Our approach incorporates state-of-the-art object detection models, deep learning architectures, and feature extraction methodologies to enhance the accuracy and robustness of automated cervical cancer diagnosis. Specifically, we classify cervical cells into six diagnostic categories: NILM (Negative for Intraepithelial Lesion or Malignancy), ASC-US (Atypical Squamous Cells of Undetermined Significance), ASC-H (Atypical Squamous Cells, cannot exclude HSIL), LSIL (Low-grade Squamous Intraepithelial Lesion), HSIL (High-grade Squamous Intraepithelial Lesion), and SCC (Squamous Cell Carcinoma). The labeled cells in our dataset are annotated using bounding boxes to facilitate detection and classification tasks.

This study presents a comprehensive framework for automated detection and classification of cervical cytology images, incorporating state-of-the-art deep learning and machine learning techniques. The key contributions of this work include:

	Advanced Lesion Detection: The study leverages four state-of-the-art object detection models—Swin Transformer, YOLOv11, Faster R-CNN, and DETR (DEtection TRansformer)—to enhance the accuracy and efficiency of cervical lesion identification. Each model contributes distinct architectural strengths: Swin Transformer utilizes hierarchical attention mechanisms to capture fine-grained spatial details, YOLOv11 offers real-time performance with optimized feature extraction, Faster R-CNN delivers region-based precision through a two-stage detection pipeline, and DETR introduces transformer-based end-to-end object detection with direct set prediction. By integrating and evaluating these diverse models, the framework achieves comprehensive lesion detection performance, enabling more reliable and accurate identification of cytological abnormalities across varying imaging conditions.

	Multi-Scale Feature Extraction and Classification: The integration of radiomics-based and deep-learning-based features provides a robust representation of cytological abnormalities. The study employs EfficientNet and ResNet architectures for deep feature extraction and applies various dimensionality reduction techniques (Lasso, ANOVA, MI) to refine feature selection. These features are then classified using advanced machine learning models, including XGBoost, Random Forest, CatBoost, TabNet, and TabTransformer.

	End-to-End Deep Learning Classification: The framework explores a direct deep learning approach where detected lesion regions are fed into EfficientNet models for six-class classification without explicit feature extraction. This approach assesses the capability of deep neural networks to learn complex representations from cytological images.

	Hybrid Feature Fusion for Improved Generalization: A novel feature fusion approach is introduced, combining radiomics and deep-learning-based features into a unified set. The integration of multiple feature types enhances classification accuracy and ensures robustness across diverse datasets.

	Feature Reliability Assessment Using ICC: Since the dataset originates from multiple centers, ICC is employed to evaluate feature consistency across different imaging sources. This ensures that the extracted features are reliable and reproducible, reinforcing the validity of the proposed framework for real-world clinical applications.



Additionally, we incorporate t-SNE to analyze the importance of extracted features and interpret model predictions. Given the complexity of cervical cytology analysis, we designed a two-stage diagnostic framework that performs lesion detection and classification sequentially. In this modular approach, lesion regions are first identified using object detection models, and features extracted from these regions are then used for classification. While these tasks are related and complementary, they are trained independently without joint optimization of network parameters, and thus the architecture does not constitute dual-module approach in the conventional sense. This design, however, enhances interpretability and allows for modular evaluation and fine-tuning of detection and classification components separately.

By leveraging advanced deep learning architectures, radiomics analysis, and hybrid feature fusion strategies, this study aims to push the boundaries of automated cervical cytology analysis. The integration of multiple detection and classification approaches provides a robust framework that can assist cytopathologists in diagnosing cervical abnormalities with greater precision and efficiency. The findings of this study have the potential to contribute to the development of AI-assisted cervical cancer screening systems, ultimately improving early detection rates and patient outcomes. In the subsequent sections, we detail the dataset characteristics, model architectures, evaluation metrics, and experimental results to demonstrate the efficacy of our proposed methodology.




2 Materials and methods



2.1 Dataset and annotations



2.1.1 Inclusion and exclusion criteria

To ensure high-quality and diagnostically relevant samples, a set of inclusion and exclusion criteria was applied to the initial dataset of 6,765 cervical cytology samples. The criteria and the corresponding number of excluded samples at each stage are detailed below.

Inclusion criteria:

	Patients with a confirmed cytological diagnosis from one of the six target categories: NILM, ASC-US, LSIL, ASC-H, HSIL, or SCC.

	High-quality cytology images, with clear cellular structures and minimal artifacts.

	Single-cell and small cluster images, ensuring precise bounding box annotations.

	Samples collected using liquid-based cytology (LBC) with the cytocentrifugation technique.

	Images acquired with standardized imaging protocols at each center.



Exclusion criteria and sample reduction:

The following exclusion criteria were applied, reducing the dataset step by step:

	Unconfirmed or unclear diagnoses – Samples without a definitive cytological classification or those marked as “indeterminate” by pathologists were excluded. (Removed: 892 samples → Remaining: 5,873).

	Poor-quality images – Blurred, overexposed, underexposed, or noisy images that hinder accurate feature extraction and lesion detection were removed. (Removed: 715 samples → Remaining: 5,158).

	Overlapping or dense cell clusters – Samples where individual cells could not be distinctly segmented were excluded to ensure accurate annotation. (Removed: 524 samples → Remaining: 4,634).

	Samples with incomplete patient metadata – Images without sufficient clinical information regarding the patient or sample preparation were removed. (Removed: 218 samples → Remaining: 4,416).

	Duplicate or redundant samples – Images that were inadvertently included multiple times in the dataset were eliminated to prevent bias. (Removed: 180 samples → Remaining: 4,236).



After applying these inclusion and exclusion criteria, the final dataset comprised 4,236 high-quality, well-annotated cervical cytology images, ensuring reliability for automated lesion detection and classification.




2.1.2 Data collection

The dataset used in this study consists of 4,236 cervical cytology samples collected from six medical centers. Initially, 6,765 patient samples were considered; however, after applying inclusion and exclusion criteria, the dataset was refined to ensure high-quality and diagnostically relevant samples. The dataset is categorized into six diagnostic classes based on cytological findings:

	NILM (Negative for Intraepithelial Lesion or Malignancy) – 1,754 samples.

	ASC-US (Atypical Squamous Cells of Undetermined Significance) – 726 samples.

	LSIL (Low-grade Squamous Intraepithelial Lesion) – 682 samples.

	ASC-H (Atypical Squamous Cells, cannot exclude HSIL) – 182 samples.

	HSIL (High-grade Squamous Intraepithelial Lesion) – 602 samples.

	SCC (Squamous Cell Carcinoma) – 290 samples.



The samples were obtained from six different centers, each with unique imaging conditions, ensuring dataset diversity and improving model generalizability.

To validate the generalizability and robustness of the proposed framework, an external dataset, APCData cervical cytology cells, was used as an independent test set (44). This dataset comprises 3,619 manually labeled squamous cells, categorized into six diagnostic classes: 2,114 NILM, 333 ASC-US, 444 LSIL, 182 ASC-H, 421 HSIL, and 125 SCC. The inclusion of this external dataset allows for a more comprehensive evaluation of the model’s performance beyond the primary dataset, ensuring its applicability across diverse cytological samples. The APCData dataset was selected due to its high-quality annotations and representation of various cytological abnormalities. By testing the model on an independent dataset, we aim to assess its adaptability to unseen data, reducing the risk of overfitting and improving its reliability in real-world clinical applications. Figure 1 illustrates the workflow of the study.

[image: Cervical cytology analysis workflow diagram detailing six stages: data collection, inclusion/exclusion criteria, lesion detection models, feature extraction, classification approaches, and model evaluation. Stages include specific methods and criteria such as data types, model evaluation metrics, feature extraction techniques, and validation processes. Additional details include diagnostic class distribution and technical specifications. Key classifiers include Swin Transformer, YOLOv11, and various machine learning techniques. Model evaluation utilizes cross-validation and external validation.]
Figure 1 | Comprehensive framework for dual-module approach in cervical cytology, integrating lesion detection and classification using radiomics and deep learning.

To further illustrate dataset diversity and class representation, Table 1 summarizes the distribution of diagnostic categories across the six participating medical centers. The table demonstrates both inter-center variation and natural class imbalance, which reflect real-world screening patterns and enhance the clinical validity of the dataset. This multi-institutional structure introduces variation in sample acquisition and imaging protocols, contributing to the robustness and generalizability of the proposed framework.


Table 1 | Diagnostic class distribution across six medical centers in the primary dataset (n = 4,236).
	Diagnostic category
	Center A
	Center B
	Center C
	Center D
	Center E
	Center F
	Total



	NILM
	312
	276
	290
	252
	316
	308
	1,754


	ASC-US
	124
	106
	98
	92
	152
	154
	726


	LSIL
	118
	112
	90
	84
	134
	144
	682


	ASC-H
	28
	30
	26
	22
	38
	38
	182


	HSIL
	98
	96
	88
	82
	118
	120
	602


	SCC
	42
	38
	34
	36
	70
	70
	290


	Total
	722
	658
	626
	568
	828
	834
	4,236





Bold values indicate the highest count per diagnostic category.






2.1.3 Imaging conditions, annotation and labeling

The cytological samples were prepared using liquid-based cytology with the cytocentrifugation technique and stained using the Papanicolaou method. Imaging was performed using different microscopes and digital acquisition systems across six centers, ensuring dataset diversity. Detailed imaging conditions for each center are provided in Table 2.


Table 2 | Distribution of data across centers and imaging conditions.
	Center
	Number of samples
	Imaging system
	Microscope
	Camera
	Software & version



	A
	785
	Nikon Eclipse E200
	40x objective, 10x eyepiece
	Nikon DS-Fi3
	NIS-Elements D, v3.1 (2018)


	B
	702
	Zeiss Axio Lab.A1
	40x objective, 10x eyepiece
	Zeiss Axiocam 105
	Zen 2.3 (2019)


	C
	643
	Leica DM750
	40x objective, 10x eyepiece
	Leica ICC50 W
	Leica LAS EZ, v4.0 (2017)


	D
	702
	Olympus BX43
	40x objective, 10x eyepiece
	Olympus DP22
	cellSens Entry, v2.1 (2016)


	E
	705
	Motic BA310
	40x objective, 10x eyepiece
	Moticam 5+
	Motic Images Plus 3.0 (2018)


	F
	699
	Meiji MT5300
	40x objective, 10x eyepiece
	Meiji Infinity2-3
	Image-Pro Insight, v9.0 (2020)


	Total
	4,236
	 
	 
	 
	 





Bold values indicate the total number of samples per center.



All cytological samples were manually annotated by expert cytopathologists using bounding box annotations for lesion localization. The annotation process followed strict diagnostic guidelines to ensure high-quality labeling. Each image was reviewed by at least two independent cytopathologists, and disagreements were resolved through consensus. The final dataset comprises images labeled into six diagnostic categories, ensuring a diverse and well-annotated dataset for training and evaluating automated detection models.





2.2 Lesion detection models

Automated lesion detection plays a crucial role in cervical cytology analysis, enabling precise localization of abnormal cells for subsequent classification. In this study, four state-of-the-art object detection models were employed to identify lesions within cytological images: Swin Transformer, YOLOv11, Faster R-CNN, and DETR. These models leverage distinct architectural designs and detection mechanisms to enhance the accuracy and robustness of cytological abnormality identification.



2.2.1 Swin Transformer

The Swin Transformer is a hierarchical vision transformer-based detection model that utilizes a shifted window mechanism for efficient computation. Unlike conventional CNN-based detectors, it captures long-range dependencies and contextual relationships within cytological images, making it highly effective for detecting subtle morphological abnormalities. Its multi-scale feature representation enhances lesion localization, particularly for small or overlapping cells.




2.2.2 YOLOv11

The YOLOv11 (You Only Look Once) model is a real-time object detection framework that provides high-speed and accurate localization of lesions within cytological images. Its one-stage detection pipeline enables efficient lesion identification, making it well-suited for large-scale cervical cytology screening. YOLOv11’s advanced feature extraction and attention mechanisms enhance small object detection, ensuring precise bounding box placement around abnormal cells. By integrating these diverse detection models, the study aims to leverage their strengths in capturing complex cytological patterns, improving lesion detection accuracy, and enhancing the overall performance of automated cervical cancer screening systems.

In our implementation, the Swin Transformer was integrated as the backbone within a Cascade R-CNN architecture using the MMDetection framework. The feature maps generated by the Swin Transformer were fed into a Feature Pyramid Network (FPN), which enabled multi-scale feature fusion for robust lesion localization. Region proposals were generated using a Region Proposal Network (RPN), followed by multi-stage bounding box refinement and classification heads. This integration allowed the model to utilize the Swin Transformer’s hierarchical and spatial attention mechanisms for enhanced detection of cytological abnormalities. All models were trained using standard settings with a learning rate of 0.0001 and an AdamW optimizer, and were fine-tuned specifically for cervical cytology datasets.




2.2.3 Faster R-CNN

Faster R-CNN is a two-stage detection framework that combines a region proposal network (RPN) with a classification and regression head. This model excels in accurately detecting lesion regions by focusing on candidate object proposals and refining them through successive stages. Its region-based approach ensures high detection precision, particularly in well-defined lesion boundaries, albeit with a higher computational cost compared to one-stage detectors.




2.2.4 DETR

DETR is a transformer-based end-to-end object detection model that formulates detection as a direct set prediction problem. It removes the need for hand-crafted components such as anchor boxes and non-maximum suppression. DETR’s global attention mechanism allows it to capture spatial relationships across the entire image, which can be beneficial in cytology images with complex arrangements. However, its performance may vary depending on dataset size and training duration.

By evaluating these diverse detection models, the study aims to comprehensively assess their capabilities in localizing lesions with high precision and robustness, ultimately enhancing the performance and clinical utility of automated cervical cancer screening systems.





2.3 Feature extraction

Feature extraction is a critical step in automated cervical cytology analysis, providing quantitative representations of cellular morphology, texture, and intensity. In this study, two complementary feature extraction approaches were utilized: radiomics-based features and deep-learning-based features. The features were extracted from the lesion regions detected by Swin Transformer, YOLOv11, Faster R-CNN, and DETR, ensuring that only relevant cellular areas contributed to the classification process. The extracted features were further refined using dimensionality reduction techniques to enhance classification performance and reduce redundancy.

Multi-scale feature extraction in our framework is achieved through the architectural design of both the detection and classification components. During lesion detection, the Swin Transformer serves as the backbone of a Cascade R-CNN framework, where hierarchical feature maps are generated at multiple stages (C1 to C4) via a shifted window self-attention mechanism and patch merging operations. These features are aggregated using an FPN, enabling robust detection of lesions across a range of cellular scales and morphological variations. For classification, EfficientNet utilizes compound scaling, which uniformly scales network depth, width, and resolution. This scaling design facilitates the extraction of multi-resolution features, capturing both fine cellular textures and broader contextual structures essential for accurate lesion categorization. This dual-level multi-scale feature extraction enhances the framework’s ability to characterize lesions with diverse size, shape, and texture profiles inherent in cervical cytology images.



2.3.1 Radiomics feature extraction

Radiomic features were extracted from the preprocessed image patches using HistomicsTK, a widely utilized platform for standardized feature computation in medical imaging (45). The extracted features were categorized into five groups, each capturing distinct morphological, textural, and intensity-based characteristics of cytological samples. Fourier Shape Descriptors (FSD) consist of six features (e.g., Shape.FSD1, Shape.FSD2) that quantify variations in cell shape and boundary structure. Gradient Features include eight descriptors, such as Gradient. Mag.Mean and Gradient.Canny.Sum, which characterize intensity gradients and edge transitions within cytological images. Morphometry Features comprise nineteen attributes related to cell size and shape, including Size.Area, Shape.Circularity, and Shape.HuMoments1-7, providing critical geometric and structural insights. Intensity-Based Features, totaling twelve, measure pixel intensity distributions, capturing variations in cytological staining through descriptors like Intensity.Mean, Intensity.Std, and Intensity.HistEntropy. Finally, Haralick Features, derived from the gray-level co-occurrence matrix (GLCM), consist of twenty-six texture descriptors such as Haralick.Contrast.Mean, Haralick.Entropy.Mean, and Haralick.IMC1.Mean, which encode spatial relationships between pixel intensities. This comprehensive radiomics feature set enables precise differentiation between normal and malignant cytological samples, facilitating robust lesion classification. A detailed breakdown of the extracted features is presented in Table 3.


Table 3 | Radiomic feature categories and descriptions.
	Category
	Feature names
	Count (n)



	Fourier Shape Descriptors (FSD)
	Shape.FSD1, Shape.FSD2, Shape.FSD3, Shape.FSD4, Shape.FSD5, Shape.FSD6
	6


	Gradient Features
	Gradient.Mag.Mean, Gradient.Mag.Std, Gradient.Mag.Skewness, Gradient.Mag.Kurtosis, Gradient.Mag.HistEntropy, Gradient.Mag.HistEnergy, Gradient.Canny.Sum, Gradient.Canny.Mean
	8


	Morphometry Features
	Orientation.Orientation, Size.Area, Size.ConvexHullArea, Size.MajorAxisLength, Size.MinorAxisLength, Size.Perimeter, Shape.Circularity, Shape.Eccentricity, Shape.EquivalentDiameter, Shape.Extent, Shape.MinorMajorAxisRatio, Shape.Solidity, Shape.HuMoments1, Shape.HuMoments2, Shape.HuMoments3, Shape.HuMoments4, Shape.HuMoments5, Shape.HuMoments6, Shape.HuMoments7
	19


	Intensity-Based Features
	Intensity.Min, Intensity.Max, Intensity.Mean, Intensity.Median, Intensity.MeanMedianDiff, Intensity.Std, Intensity.IQR, Intensity.MAD, Intensity.Skewness, Intensity.Kurtosis, Intensity.HistEnergy, Intensity.HistEntropy
	12


	Haralick Features
	Haralick.ASM.Mean, Haralick.ASM.Range, Haralick.Contrast.Mean, Haralick.Contrast.Range, Haralick.Correlation.Mean, Haralick.Correlation.Range, Haralick.SumOfSquares.Mean, Haralick.SumOfSquares.Range, Haralick.IDM.Mean, Haralick.IDM.Range, Haralick.SumAverage.Mean, Haralick.SumAverage.Range, Haralick.SumVariance.Mean, Haralick.SumVariance.Range, Haralick.SumEntropy.Mean, Haralick.SumEntropy.Range, Haralick.Entropy.Mean, Haralick.Entropy.Range, Haralick.DifferenceVariance.Mean, Haralick.DifferenceVariance.Range, Haralick.DifferenceEntropy.Mean, Haralick.DifferenceEntropy.Range, Haralick.IMC1.Mean, Haralick.IMC1.Range, Haralick.IMC2.Mean, Haralick.IMC2.Range
	26










2.3.2 Deep feature extraction (EfficientNet)

Deep learning features were extracted using EfficientNet, CNNs known for their ability to learn hierarchical representations from images. Unlike radiomics features, which rely on handcrafted statistical descriptors, deep learning features are automatically learned from data, allowing for the capture of complex spatial structures and morphological patterns within cytological images. By leveraging pretrained models and adapting them to cervical cytology images, these architectures provide robust feature representations that improve lesion classification accuracy.

EfficientNet is a scalable CNN architecture that optimizes depth, width, and resolution to enhance feature extraction while maintaining computational efficiency. In this study, EfficientNet-B4 was employed due to its balance between model complexity and performance. The model was initially pretrained on ImageNet and fine-tuned for cytology image analysis.

To extract deep features, the convolutional backbone of EfficientNet-B4 was frozen, ensuring that the lower-layer feature representations remained intact while reducing the risk of overfitting. The final classification layers were replaced with custom layers tailored for feature extraction. A global average pooling (GAP) layer was retained to generate compact feature vectors, followed by a fully connected (FC) layer with 512 neurons and ReLU activation to refine the extracted features. Additionally, a dropout layer (rate = 0.5) was incorporated to improve generalization and prevent overfitting. The final deep feature vector extracted from EfficientNet contained 1792 features per image.






2.4 Feature reliability assessment (ICC analysis)

To ensure the robustness and consistency of extracted features across different imaging conditions, a feature reliability assessment was conducted. This evaluation aimed to determine the stability of features before selection and dimensionality reduction, ensuring that only reliable and reproducible features were used in the final classification models.

To assess feature reliability, the ICC was calculated before feature selection and dimensionality reduction. ICC quantifies the consistency and reproducibility of extracted features across different samples, ensuring that variations arise from biological differences rather than technical inconsistencies. Features with an ICC score below 0.75 were considered unreliable and were excluded from further analysis. This threshold ensured that only highly stable features contributed to the final classification process, reducing the impact of noise and technical variability on model performance.




2.5 Dimensionality reduction techniques

To enhance classification performance and eliminate feature redundancy, various dimensionality reduction techniques were applied to the extracted radiomics and deep-learning-based features. Lasso (Least Absolute Shrinkage and Selection Operator) was utilized to enforce sparsity, selecting only the most informative features while reducing the risk of overfitting. ANOVA (Analysis of Variance) identified statistically significant features by analyzing variance between different diagnostic categories, ensuring that only discriminative attributes were retained. Mutual Information (MI) measured the dependency between features and class labels, prioritizing those that contributed most to lesion differentiation. Additionally, LASSO was used to eliminate irrelevant or highly correlated features by applying an L1 regularization penalty, ensuring that only the most predictive features were retained. By integrating these techniques with both radiomics and deep-learning-based feature extraction, the study ensures an optimized and interpretable feature set, ultimately enhancing the accuracy and robustness of lesion classification.




2.6 Classification approaches

To effectively classify cervical cytology images, multiple classification strategies were explored, including machine learning classifiers, end-to-end deep learning models, and a hybrid feature fusion approach. By integrating both handcrafted radiomics features and automatically learned deep features, these approaches aim to enhance classification accuracy and model generalizability.



2.6.1 Machine learning classifiers (XGBoost, Random Forest, CatBoost, TabNet, TabTransformer)

Machine learning classifiers were employed to analyze the extracted radiomics and deep-learning-based features. XGBoost (Extreme Gradient Boosting) was used for its efficiency in handling structured data and its ability to mitigate overfitting through regularization. Random Forest, an ensemble learning technique, constructed multiple decision trees and aggregated their outputs, improving robustness against feature variability. CatBoost, optimized for categorical data, enhanced classification performance by efficiently handling imbalanced datasets. Additionally, deep learning-based tabular classifiers, TabNet and TabTransformer, were utilized to capture complex feature interactions. TabNet employed sequential attention mechanisms to highlight the most important features, while TabTransformer leveraged self-attention layers to improve feature representation. These classifiers were trained and evaluated on the selected feature sets to determine the most effective model for lesion classification.




2.6.2 End-to-end deep learning classification (EfficientNet)

In addition to feature-based classification, an end-to-end deep learning approach was implemented using EfficientNet, allowing the models to directly learn discriminative feature representations from cervical cytology images without explicit feature extraction. EfficientNet, optimized for computational efficiency, utilized compound scaling to balance network depth, width, and resolution, ensuring optimal feature extraction while reducing computational overhead.

Model was initialized with ImageNet-pretrained weights and fine-tuned on the cytology dataset. The final classification layers were replaced with a fully connected (FC) layer, followed by a softmax activation function for multi-class prediction. Cross-entropy loss was employed as the objective function, and optimization was performed using the Adam optimizer with a learning rate of 1e-4. Training was conducted for 500 epochs, with a batch size of 32, employing early stopping to prevent overfitting. To improve generalization, data augmentation techniques, including rotation (± 20°), horizontal and vertical flipping, brightness adjustment, and contrast normalization, were applied during training. Model performance was evaluated using accuracy, precision, recall, and F1-score to ensure robust classification across all six diagnostic categories.




2.6.3 Hybrid feature fusion approach

To combine the strengths of both radiomics-based and deep-learning-based feature representations, a hybrid feature fusion approach was employed. In this method, radiomics features and deep features extracted from EfficientNet were merged into a unified feature set. Given the large number of combined features, to prevent overfitting and reduce feature correlation, Principal Component Analysis (PCA) was first applied to transform the high-dimensional feature space into a more compact representation while preserving essential variance. After PCA, feature selection techniques such as Lasso, ANOVA, and MI were applied to eliminate redundancy and retain only the most informative features. The optimized feature set was then fed into machine learning classifiers (XGBoost, Random Forest, CatBoost, TabNet, and TabTransformer) for final classification. This hybrid approach combined the interpretability of handcrafted radiomics features with the expressive power of deep learning-based features, ultimately improving lesion classification accuracy, robustness, and generalizability.





2.7 Evaluation metrics and experimental setup

A rigorous evaluation framework was established to assess the performance of the proposed detection and classification models. The evaluation process included performance metrics for both detection and classification, model training and hyperparameter tuning, and a cross-validation strategy to ensure robustness and generalizability.



2.7.1 Performance metrics for detection and classification

To evaluate the effectiveness of lesion detection and classification, standard performance metrics were utilized to ensure a comprehensive assessment of model accuracy and reliability. For lesion detection, the performance of Swin Transformer, YOLOv11, Faster R-CNN, and DETR was measured using Mean Average Precision (mAP), which calculates the overall detection accuracy across various Intersection over Union (IoU) thresholds. Additionally, precision, recall, and F1-score were employed to assess the accuracy of lesion localization and classification. The IoU metric was specifically used to quantify the overlap between the predicted bounding boxes and the ground truth, ensuring precise lesion detection.

For classification tasks, the performance of machine learning classifiers (XGBoost, Random Forest, CatBoost, TabNet, and TabTransformer) as well as end-to-end deep learning models (ResNet50, EfficientNet) was evaluated using multiple statistical measures. Accuracy was computed to determine the proportion of correctly classified samples. Recall (sensitivity) was analyzed to evaluate the model’s ability to correctly identify positive cases. Additionally, ROC-AUC (Receiver Operating Characteristic - Area Under the Curve) was employed to assess the model’s ability to distinguish between different lesion categories, providing insight into classification robustness across multiple decision thresholds. These metrics collectively ensured a rigorous evaluation of the proposed detection and classification approaches.





2.8 Model training and hyperparameter tuning

To optimize model performance, extensive hyperparameter tuning was performed for both machine learning classifiers and deep learning models, ensuring optimal accuracy and generalization. For machine learning classifiers, hyperparameter tuning was conducted using grid search and Bayesian optimization to identify the best configurations for each model. Specifically, XGBoost was tuned for learning rate (0.01–0.1), maximum depth (3–10), and the number of estimators (100–500) to balance complexity and performance. Random Forest was optimized by varying the number of trees (50–300) and maximum depth (None, 10, 20, 30) to enhance ensemble learning efficiency. CatBoost, known for its ability to handle categorical data, was fine-tuned with learning rates (0.01–0.1), iterations (500–2000), and depth (6–12). For deep-learning-based classifiers, such as TabNet and TabTransformer, tuning focused on learning rate (0.001–0.01) and the number of attention steps (3–10) to refine feature selection and improve interpretability.

For deep learning models, EfficientNet was fine-tuned by freezing initial layers and modifying the fully connected layers for cytology-specific classification. The models were trained using the Adam optimizer with a learning rate of 1e-4, a batch size of 32, and 500 epochs with early stopping to prevent overfitting. To further improve generalization, data augmentation techniques, including rotation (± 20°), horizontal and vertical flipping, brightness adjustment, and contrast normalization, were applied during training. These optimizations ensured that the models were robust, reducing overfitting and improving classification performance across diverse cytology samples.




2.9 Cross-validation strategy

To ensure model robustness and mitigate overfitting, a five-fold cross-validation strategy was employed for both lesion detection and classification tasks. The dataset was randomly divided into five subsets, where in each iteration, 80% of the dataset was used for training, while the remaining 20% was reserved for validation. This cross-validation process was repeated five times, ensuring that each subset served as a test set once. By training and evaluating the model across multiple data partitions, this approach exposed the model to diverse data distributions, enhancing its generalization ability to unseen samples. Additionally, to further validate the model’s performance on external data, an independent test set (APCData cervical cytology cells) was used as an additional evaluation benchmark.




2.10 Interpretability and explainability

To enhance model interpretability, t-SNE visualization was employed to understand feature distribution and importance. t-SNE was used to project high-dimensional features into a 2D space, allowing for a qualitative assessment of class separability and feature clustering. This visualization provided insights into how well radiomics and deep-learning-based features distinguished between different lesion categories.




2.11 Computational resources and software

The experiments were conducted using high-performance computing resources to efficiently process and analyze the cervical cytology dataset. Model training and inference were performed on a NVIDIA A100 GPU (40GB VRAM), integrated into a system with an Intel Xeon Gold 6248R CPU (3.0 GHz, 24 cores) and 256GB RAM. The deep learning models were implemented using TensorFlow 2.8 and PyTorch 1.12, while machine learning classifiers were developed using Scikit-learn, XGBoost, CatBoost, and LightGBM. Feature extraction and image processing tasks were carried out using OpenCV, NumPy, and HistomicsTK for radiomics analysis. Statistical analyses, including ICC calculations and feature selection, were performed using SciPy, Statsmodels, and Pandas. The t-SNE analyses were conducted using Matplotlib, Seaborn, and Python library. All experiments were executed on an Ubuntu 20.04 Linux operating system, ensuring a stable and optimized computational environment.

To ensure full transparency and reproducibility, comprehensive details of the implemented model architectures, hyperparameter configurations, data preprocessing workflows, and validation strategies are provided in the Supplementary Material accompanying this article. Readers are encouraged to consult this supplementary file for precise technical specifications and protocols, which facilitate independent replication and extension of our work.





3 Results



3.1 Lesion detection performance



3.1.1 Detection accuracy of Swin Transformer and YOLOv11

To evaluate lesion detection performance, Swin Transformer, YOLOv11, Faster R-CNN, and DETR were assessed using a comprehensive set of evaluation metrics, including mean Average Precision (mAP), Intersection over Union (IoU), precision, recall, and F1-score across the training, validation, and external test sets. The comparative results are presented in Figure 2, demonstrating that the Swin Transformer consistently outperformed the other models across all metrics, highlighting its superior lesion localization accuracy and robustness. YOLOv11 followed closely, offering competitive performance with efficient processing speed, while Faster R-CNN and DETR showed moderate detection capabilities, particularly under external testing conditions. This evaluation provides a detailed performance landscape across diverse detection paradigms, reinforcing the effectiveness of Swin Transformer in complex cytological environments.

[image: Heatmap showing performance metrics for different models across datasets. Columns represent mAP, IoU, Precision, Recall, and F1-score. Rows include Swin Transformer, YOLOv11, Faster R-CNN, and DETR for training, validation, and external tests. Swin Transformer shows the highest scores, notably on training datasets. Color gradient indicates values from 0.88 to 0.96.]
Figure 2 | Lesion detection performance of Swin Transformer and YOLOv11.




3.1.2 Comparison of IoU, Precision, Recall, and mAP scores

The results demonstrate that the Swin Transformer consistently outperformed the other detection models—YOLOv11, Faster R-CNN, and DETR—across all evaluation metrics and datasets, indicating its superior capability in lesion detection. Specifically, Swin Transformer achieved the highest mAP scores: 0.962(± 0.012) in training, 0.951 in validation, and 0.940 in external testing, with a narrow variance that signifies stable training and robust generalization. YOLOv11 followed with slightly lower mAP values of 0.943(± 0.015), 0.930, and 0.915, respectively, showing good performance but somewhat higher sensitivity to variations in external datasets. Faster R-CNN and DETR showed further reduced mAP performance (0.920±0.020 and 0.900±0.022 in training, and 0.890 and 0.870 in external testing, respectively), indicating a less effective ability to adapt to unseen data.

This trend was similarly observed in the IoU scores, which assess the accuracy of bounding box predictions. Swin Transformer demonstrated the strongest localization ability (IoU: 0.947 in training, 0.935 in validation, 0.920 in testing), followed by YOLOv11 (0.929, 0.915, 0.898), Faster R-CNN (0.900, 0.885, 0.870), and DETR (0.880, 0.865, 0.850). Notably, the performance gap between training and testing remained smallest in Swin Transformer, suggesting that it maintained localization precision across diverse data conditions.

Precision and recall metrics further confirmed Swin Transformer’s detection strength. It achieved the highest training precision (0.971±0.011) and recall (0.955±0.013), underscoring its ability to correctly identify lesion regions while minimizing false positives and negatives. YOLOv11 exhibited slightly reduced precision (0.950) and recall (0.932), followed by Faster R-CNN (0.910 and 0.890) and DETR (0.890 and 0.870), both of which were less reliable in capturing lesion boundaries, particularly under external variations.

In terms of F1-score, which harmonizes precision and recall, Swin Transformer again led with 0.963(± 0.009) in training and 0.939 in testing. YOLOv11 attained an F1-score of 0.941(± 0.011) in training and 0.918 in testing, while Faster R-CNN and DETR scored 0.900 and 0.880 in training, and 0.875 and 0.853 in testing, respectively. These results confirm the consistent superiority of the Swin Transformer in delivering high detection accuracy, minimal overfitting, and excellent generalizability across all experimental conditions.

The learning dynamics of these models are illustrated in Figures 3 and 4. Figure 3 presents the IoU curves over training epochs, showing that Swin Transformer maintains higher and more stable IoU values compared to other models. YOLOv11 follows closely, while Faster R-CNN and DETR exhibit more pronounced variability and lower convergence. Figure 4 highlights the training and validation loss trajectories, where Swin Transformer again demonstrates minimal divergence, indicating a balanced learning process. In contrast, DETR and Faster R-CNN show larger discrepancies, reflecting greater susceptibility to overfitting and less robust learning behavior.

[image: Graph illustrating IoU curves for various models in training and validation. X-axis represents epochs, and Y-axis represents the IoU values. Curves show the performance over 500 epochs for Swin Transformer, YOLOv11, Faster R-CNN, and DETR models. Each model has separate lines for training and validation, indicating improvement in IoU over time. Blue and orange lines represent Swin Transformer, green and red for YOLOv11, purple and brown for Faster R-CNN, and pink and grey for DETR. Legend included for color reference.]
Figure 3 | IoU curves for training and validation across different models.

[image: Graph illustrating training and validation loss curves over epochs for four models: Swin Transformer, YOLOv11, Faster R-CNN, and DETR. The y-axis indicates loss values, decreasing over epochs shown on the x-axis, ranging from zero to five hundred. Each model exhibits distinct converging patterns with validation and training curves closely aligned. A legend differentiates the models and loss types using various colors.]
Figure 4 | Loss curves for training and validation across different models.

Together, these findings establish Swin Transformer as the most effective detection model in this study, offering a reliable foundation for downstream classification in automated cervical cytology analysis.

Figures 5a, b present qualitative examples of lesion detection results on cervical cytology images, comparing ground truth annotations with predictions from Swin Transformer and YOLOv11. The Swin Transformer model (a) demonstrates higher alignment with ground truth, accurately localizing lesion regions with well-defined bounding boxes while minimizing false positives and false negatives. In contrast, YOLOv11 model (b) exhibits slightly less precise lesion localization, particularly in cases with overlapping cells or subtle morphological variations. These qualitative results further support the superior performance of Swin Transformer, which consistently provides more accurate and reliable lesion detection in cervical cytology analysis.

[image: Two microscopy images labeled (a) and (b) show cellular structures with overlapping colored boxes and Intersection over Union (IoU) scores ranging from 0.89 to 0.95. The images illustrate detection accuracy in identifying cells with various shades of blue and gray on a light background.]
Figure 5 | Qualitative lesion detection results using Swin Transformer (a) and YOLOv11 (b).

Figures 6a, b illustrate similar qualitative comparisons for Faster R-CNN and DETR, respectively. The Faster R-CNN model (Figure 6a) shows reasonable alignment with ground truth, effectively detecting larger lesions but occasionally missing smaller or obscured abnormalities, particularly in cluttered regions. DETR (Figure 6b), while capturing the global image context through its transformer-based architecture, produces less constrained bounding boxes and demonstrates reduced sensitivity in complex or low-contrast areas. These findings align with the quantitative results, confirming that while all models contribute useful insights, Swin Transformer remains the most accurate and generalizable detection framework within this study.

[image: Microscopic images labeled (a) and (b) feature stained cellular structures, highlighted with overlapping colored rectangles for analysis. Each section has labels indicating Intersection over Union (IoU) scores, ranging from 0.79 to 0.93, demonstrating object detection accuracy across different regions of the images.]
Figure 6 | Qualitative lesion detection results using Faster R-CNN (a) and DETR (b). Faster R-CNN.

Figure 7 illustrates the feature reduction process applied to radiomics and deep learning features extracted from lesion regions detected by Swin Transformer, YOLOv11, Faster R-CNN, and DETR. To ensure the reliability of extracted features across varying imaging conditions, ICC analysis was first performed to remove features with ICC < 0.75. Following this initial filtering, feature selection techniques were employed to retain only the most relevant features for classification.

[image: Bar charts comparing feature reduction for different models. The top chart shows radiomics features reduction with bars for Swin Transformer, YOLOv11, Faster R-CNN, and DETR at original, after ICC, and final selected stages. The bottom chart displays deep learning features reduction using EfficientNet for the same models, showing changes from original to final selection. Legends and feature numbers are provided for clarity.]
Figure 7 | Feature reduction pipeline for radiomics and deep learning features across four detection models (Swin Transformer, YOLOv11, Faster R-CNN, and DETR).

Out of the 71 initial radiomics features, Swin Transformer retained 57 features (80.3%) after ICC filtering, with 14 features (19.7%) removed. YOLOv11 retained 54 features (76.1%) after eliminating 17 features (23.9%). For Faster R-CNN, 21 radiomics features (29.6%) were excluded, leaving 50 features (70.4%), while DETR retained 47 features (66.2%) after the removal of 24 features (33.8%).

For deep learning features extracted via EfficientNet (1,792 features per image), Swin Transformer retained 1,433 features (80%), and YOLOv11 retained 1,344 features (75%) after ICC filtering. Similarly, Faster R-CNN preserved 1,280 features (71.4%), and DETR retained 1,220 features (68.1%) after discarding lower-consistency features.

Subsequent feature selection further refined the feature sets. The final selected features included 42 radiomics and 35 deep learning features for Swin Transformer, 38 radiomics and 30 deep learning features for YOLOv11, 34 radiomics and 28 deep learning features for Faster R-CNN, and 30 radiomics and 25 deep learning features for DETR. These optimized feature subsets were then used as inputs for machine learning classifiers (XGBoost, Random Forest, CatBoost, TabNet, and TabTransformer) to classify cervical cytology lesions. The staged reduction ensured a balance between classification accuracy, computational efficiency, and model interpretability.





3.2 Classification performance



3.2.1 Machine learning classifiers

In reviewing the classification performance across different feature selection methods and detection frameworks, several important trends emerge. The analysis of Figure 8, which examines radiomics features using Swin Transformer–based detection, reveals that LASSO-based approaches tend to outperform those selected using ANOVA or MI, particularly when paired with ensemble models like TabTransformer; for instance, under LASSO, the TabTransformer model achieves the highest test accuracy (86.73%), AUC (88.41%), and recall (85.92%), indicating a strong ability to generalize. In contrast, Figure 9, which utilizes YOLOv11–based detection for radiomics features, shows a moderate drop in performance with test accuracy, AUC, and recall values approximately 2–3 percentage points lower than those observed in the Swin Transformer–based setup, underscoring the significant impact of the detection algorithm on the final classification performance.

[image: Heatmap showing classification performance using radiomics features with Swin Transformer-based detection across different methods: LASSO, ANOVA, and MI combined with models like XGBoost, Random Forest, CatBoost, TabNet, and TabTransformer. Metrics include accuracy, AUC, and recall for both training and testing, with values highlighted by color gradients from dark purple to light orange indicating performance levels from low to high.]
Figure 8 | Classification performance using radiomics features (Swin Transformer-based detection).

[image: Heatmap showing classification performance using radiomics features for different methods (LASSO, ANOVA, MI) with models (XGBoost, Random Forest, CatBoost, TabNet, TabTransformer). Metrics include Accuracy, AUC, and Recall for training and test datasets. Performance ranges from 78% to 89%, color-coded from purple to red.]
Figure 9 | Classification performance using radiomics features (YOLOv11-based detection).

Furthermore, the use of EfficientNet deep features, as presented in Figure 10, leads to notable improvements over radiomics features alone; for example, under LASSO, the TabTransformer model demonstrates a test accuracy near 90.47%, test AUC around 91.13%, and test recall of 91.32%, which suggests that deep features capture more discriminative information. However, similar to the radiomics-only scenario, when the detection framework is switched to YOLOv11 (Figure 11), there is again a consistent reduction in performance compared to the Swin Transformer–based approach, highlighting the sensitivity of deep feature performance to the underlying detection method.

[image: Heatmap comparing classification performance using EfficientNet deep features with Swin Transformer-based detection across various methods and metrics. Methods include LASSO, ANOVA, and MI with XGBoost, Random Forest, CatBoost, TabNet, and TabTransformer. Metrics are displayed as accuracy, AUC, and recall, with both training and test values shown. Colors range from dark purple to orange, indicating performance levels, with a key on the right side.]
Figure 10 | Classification performance using EfficientNet deep features (Swin Transformer-based detection).

[image: Heatmap showcasing classification performance using EfficientNet deep features with YOLOv11-based detection. Different methods are analyzed across metrics like accuracy, AUC, and recall, both for training and test datasets. Colors range from dark purple for lower values to orange for higher values. Performance scores are detailed within the heatmap cells, including standard deviations for each method and metric combination.]
Figure 11 | Classification performance using EfficientNet deep features (YOLOv11-based detection).

The classification results obtained from the combination of radiomics and EfficientNet-based deep features extracted using lesion regions detected by Faster R-CNN and DETR indicate moderate but consistent performance across different feature selection and classification strategies (Figure 12). As shown in the results, all evaluation metrics—including accuracy, AUC, and recall—remained within the range of 80% to 90%, with no configuration exceeding the 90% threshold. This performance suggests that while the combination of Faster R-CNN and DETR enables reasonable lesion localization and feature extraction, it does not achieve the same level of discriminative power as Swin Transformer or YOLOv11-based pipelines. The relatively lower feature quality and stability may be attributed to less precise boundary detection or weaker spatial encoding in the extracted regions, which ultimately impacts the effectiveness of downstream classifiers. Nonetheless, the results demonstrate that these models can still support viable classification performance, particularly in resource-constrained or ensemble-based diagnostic settings where interpretability or model diversity is prioritized.

[image: Performance heatmap of different machine learning methods in terms of accuracy, AUC, and recall for both training and test datasets. Methods include LASSO, ANOVA, and MI with models like XGBoost and Random Forest. Values range from 84 to 89, with a color gradient from black to peach indicating lower to higher performance.]
Figure 12 | Classification performance using combined radiomics and EfficientNet deep features (Faster R-CNN and DETR-based detection).

Most strikingly, Figure 13 illustrates that combining radiomics and deep features yields a synergistic effect that substantially enhances classification outcomes; for instance, the LASSO with TabTransformer configuration in this combined setup achieves exceptional results, with training accuracy reaching 96.11% and test accuracy at 94.62%, training AUC of 97.42% and test AUC of 95.88%, along with test recall of 94.12%. These findings indicate that not only is the choice of feature selection method—particularly LASSO—critical, but also that the integration of complementary feature types (radiomics and deep features) and the employment of an advanced detection framework like the Swin Transformer can significantly improve classification performance, offering valuable insights for the development of more robust systems in complex tasks such as medical imaging.

[image: Heatmap displaying classification performance using combined radiomics and EfficientNet deep features, evaluated with Swin Transformer and YOLOv11-based detection. Rows represent different method combinations, including LASSO, ANOVA, and MI with various classifiers like XGBoost, Random Forest, CatBoost, TabNet, and TabTransformer. Columns show metrics: Accuracy and AUC for training and test sets, and Recall for test set. Each cell contains a value with standard deviation. Color gradient indicates performance from black (low) to light orange (high), with values ranging from 85.04 to 97.42.]
Figure 13 | Classification performance using combined radiomics and EfficientNet deep features (Swin Transformer and YOLOv11-based detection).

To ensure comprehensive statistical validation, we complemented cross-validation metrics and McNemar’s test with additional analyses. Bootstrapped 95% confidence intervals were calculated for all primary test metrics, yielding robust, nonparametric measures of performance variability (Table X). Comparative model performance was formally assessed using Delong’s test, confirming that the TabTransformer’s superior AUC was statistically significant (p<0.01) compared to all other classifiers. Additionally, Cohen’s kappa coefficients were computed between the predictions of leading classifiers, with values consistently above 0.85, indicating strong inter-model agreement and classification reliability. Collectively, these advanced statistical analyses further confirm the stability, reproducibility, and clinical relevance of our hybrid feature framework for cervical cytology classification.

Figures 14 and 15 depict the Receiver Operating Characteristic (ROC) curves for the training and test sets, respectively, comparing the performance of Swin Transformer and YOLOv11-based feature extraction approaches. Figure 12 presents the ROC curves for models trained on Swin Transformer- and YOLOv11-extracted features, while Figure 13 illustrates their performance on the test set. Across both figures, the Swin Transformer-based models consistently achieved higher AUC values, demonstrating superior feature extraction and classification capabilities. Additionally, the close alignment between training and test AUC scores indicates strong generalizability and minimal overfitting across different detection approaches.

[image: ROC curve graph showing the performance of various models in terms of true positive rate against false positive rate. The models include Swin Transformer with Radiomics Features, YOLOv11 with Radiomics Features, and others, each with a specific AUC score. The combined models achieve the highest AUC of 97.42 percent. A dashed diagonal line represents chance level.]
Figure 14 | ROC curves for training sets using Swin Transformer and YOLOv11-based feature extraction.

[image: ROC curve showing the performance of various models, with True Positive Rate against False Positive Rate. The curves represent Swin Transformer and YOLOv11 with Radiomics and Deep Features, among others. The highest AUC is 95.88% for Combined Radiomics and Deep Features. A dashed line represents chance level.]
Figure 15 | ROC curves for test sets using Swin Transformer and YOLOv11-based feature extraction.




3.2.2 End-to-end deep learning classification

In addition to feature-based classification, an end-to-end deep learning approach was implemented using EfficientNet, allowing the model to directly learn relevant feature representations from cervical cytology images without explicit feature extraction. EfficientNet, known for its optimized architecture balancing depth, width, and resolution, was fine-tuned to classify lesion categories into six classes: NILM, ASC-US, ASC-H, LSIL, HSIL, and SCC.

The model was trained using a cross-entropy loss function and optimized with the Adam optimizer with a learning rate of 1e-4. Training was performed over 500 epochs, employing early stopping to prevent overfitting. The classification results show that EfficientNet achieved a test accuracy of about 85%, with an AUC of 84.7% and a recall of 84.1%. While this approach provided a solid baseline, its performance was slightly lower than the hybrid feature fusion method, which combined both radiomics and deep-learning-based features. However, the end-to-end model had the advantage of being fully automated, removing the need for manual feature selection and engineering. These results suggest that while EfficientNet is effective for direct classification, integrating handcrafted radiomics features with deep features can further improve model accuracy and robustness.

Figure 16 illustrates the accuracy and loss curves over 500 training epochs for the EfficientNet model. The accuracy curve shows a steady improvement, reaching approximately 85% test accuracy, while the loss curve demonstrates a consistent decrease, indicating effective model convergence. The smooth trend in both curves suggests that the training process was stable, with no signs of overfitting or underfitting, further supporting the robustness and generalizability of the end-to-end deep learning approach.

[image: Two graphs show model performance over 500 epochs. The top graph displays accuracy, with training accuracy (green line) reaching above 90% and test accuracy (red line) stabilizing around 80%. The bottom graph shows loss, where training loss (blue line) and test loss (orange line) both decrease, stabilizing near 0.25.]
Figure 16 | Accuracy and loss curves over 500 epochs for EfficientNet training.




3.2.3 Ablation study: effect of detection module on classification performance

To evaluate the contribution of the lesion detection module to the overall classification framework, we conducted an ablation experiment comparing two distinct approaches: (i) the full “detection + classification” pipeline and (ii) a direct whole-image classification model.

In the full pipeline, lesion regions were first localized using the Swin Transformer, and features were subsequently extracted for classification using the hybrid fusion strategy. This approach yielded a test accuracy of 94.62%, an AUC of 95.88%, and a recall of 94.12%, as described in Section 3.2.1. For comparison, we implemented an end-to-end EfficientNet model trained to classify entire cytology images without prior lesion detection. As detailed in Section 3.2.2, this model achieved a lower test accuracy of 85%, AUC of 84.7%, and recall of 84.1%.

This substantial performance gap (approximately 9.6% in accuracy and 11.8% in AUC) directly highlights the critical role of the lesion detection module. By isolating diagnostically relevant regions, the detection stage filters irrelevant background and enhances the focus of downstream feature extraction, thereby improving classification precision and robustness. These results confirm that the detection module is not merely auxiliary but a foundational component for accurate cytological diagnosis in our framework.




3.2.4 Ablation study: effectiveness of hybrid feature fusion

To evaluate the individual and combined contributions of radiomics and deep learning–based features to classification performance, we conducted an ablation analysis across three feature configurations: (i) radiomics-only, (ii) deep features only, and (iii) hybrid fusion (radiomics + deep features).

The classification performance was assessed using identical machine learning models and detection pipelines, with results summarized in Figure 8 through 12. Radiomics-only features (Figure 8) resulted in moderate classification performance, with the best test accuracy reaching 86.73% and AUC 88.41% using TabTransformer. Deep features alone (Figure 10) improved performance further, achieving up to 90.47% accuracy and 91.13% AUC under the same classifier.

However, the highest performance was obtained using the hybrid feature fusion strategy (Figure 12), which integrated both radiomics and deep features. In this configuration, the TabTransformer classifier achieved a test accuracy of 94.62%, AUC of 95.88%, and recall of 94.12%. These improvements demonstrate the complementary nature of the two feature types: radiomics provides interpretable, handcrafted morphological and texture descriptors, while deep features capture high-level semantic patterns that enhance generalization. This ablation study confirms that the fusion of handcrafted and learned representations significantly enhances classification robustness and accuracy in cervical cytology analysis, justifying the central role of hybrid feature fusion in the proposed framework.

When combining radiomics and EfficientNet-based features extracted from lesion regions detected by Faster R-CNN and DETR, classification performance remained moderate but consistently below that of Swin Transformer and YOLOv11 pipelines. As illustrated in Figure 12, all evaluation metrics—including accuracy, AUC, and recall—remained between 80% and 90%, with no configuration exceeding the 90% threshold. This reduced performance is likely due to less precise lesion boundary localization and weaker spatial encoding by Faster R-CNN and DETR, which in turn limits the discriminative capacity of the extracted features. These findings reinforce the importance of accurate detection as a prerequisite for effective feature fusion and classification.





3.3 External validation

To further evaluate the generalizability and robustness of the proposed framework, an external dataset (APCData cervical cytology cells) was used as an independent test set. The best-performing model, which combined radiomics and EfficientNet deep features, was evaluated on this external dataset. The classification results demonstrated a test accuracy of 92.8%, with an AUC of 95.1% and a recall of 93.4%. These values were slightly lower than those obtained on the primary test set, indicating a small performance drop due to domain variability but still confirming the model’s strong generalization ability. The consistent performance across both datasets suggests that the hybrid feature fusion approach enhances classification robustness, making it well-suited for real-world cytological analysis.

Figure 17 displays the t-SNE projections of cervical cytology samples from our study. The left panels show the overlapping clusters in the original high-dimensional space, while the right panels illustrate the well-separated clusters after t-SNE transformation. Notably, approximately 95% of the samples are correctly classified—correct predictions are indicated by circle markers and misclassifications by crosses. This visualization underscores the discriminative power of our best model and highlights how the fusion of radiomics, and deep features significantly enhances the separation of six diagnostic classes in cervical cytology.

[image: t-SNE visualizations show the clustering of data points for cervical cytology classification before and after dimensionality reduction. The top panel displays training data clustering before and after t-SNE with clear separation in the latter, achieving 95% accuracy. The middle panel shows similar results for validation data, demonstrating improved clustering post-t-SNE. The bottom panel illustrates the test data, again showing significant clustering improvement after t-SNE with 95% accuracy. Colors indicate different classes, and symbols denote correct and misclassified points.]
Figure 17 | t-SNE visualization of cervical cytology classification using LASSO TabTransformer with combined radiomics, deep, and genetic features.





4 Discussion

Cervical cancer remains a significant global health concern, but early detection through routine screening has significantly reduced mortality rates. However, manual cytology analysis remains time-consuming, labor-intensive, and subject to inter-observer variability. In this study, we developed an automated cervical cytology lesion detection and classification framework, integrating deep learning-based lesion detection models (Swin Transformer, YOLOv11) and a hybrid feature fusion approach combining radiomics and deep features extracted from EfficientNet. Our results demonstrated that Swin Transformer outperformed YOLOv11 in lesion detection, achieving a mAP of 0.962, and that hybrid feature fusion significantly enhanced classification performance, with TabTransformer achieving a test accuracy of 94.62%, AUC of 95.88%, and recall of 94.12%. External validation on the APCData dataset further confirmed the generalizability of our approach, maintaining a test accuracy of 92.8%. These findings highlight the potential of AI-driven cytology analysis in enhancing screening accuracy and efficiency while reducing diagnostic subjectivity.

Several studies have explored deep learning-based cervical cytology analysis, with a focus on single-cell classification, WSI analysis, and ensemble learning strategies. However, our study introduces several key advancements that distinguish it from prior research. First, our approach integrates end-to-end lesion detection and classification, eliminating the need for manual feature extraction or single-cell segmentation. Unlike studies that focus on classifying individual cells, our method detects and classifies lesions directly from whole-slide cytology images, providing a more clinically relevant and scalable solution. Second, we employ a hybrid feature fusion strategy, combining both deep learning-based features from EfficientNet and handcrafted radiomics features. This integration leverages the complementary strengths of both feature types—radiomics captures detailed morphological characteristics, while deep learning-based features provide high-level contextual representations. By fusing these feature sets, our model achieves higher classification accuracy and robustness compared to models that rely on a single feature extraction approach. Finally, our study emphasizes comprehensive validation across multiple centers, ensuring that the model performs well on diverse imaging conditions and cytology samples. Unlike prior studies that evaluate models on limited datasets, we further validated our framework on an independent external dataset (APCData). This step was crucial in confirming the generalizability of our approach, demonstrating its applicability to real-world clinical settings beyond the training environment.

The study by Ke et al. (46) proposed a deep-learning-based diagnostic system that localized and graded squamous cell abnormalities using 130 whole-slide images (WSIs). Their system achieved 94.5% accuracy in binary classification (normal vs. abnormal) with AUC values above 85% for each epithelial abnormality subtype. Our approach extends this by incorporating automated lesion detection before classification, resulting in higher classification accuracy (94.62%) and AUC (95.88%), suggesting that lesion detection significantly enhances diagnostic precision. Additionally, our study evaluated multi-class classification beyond binary differentiation, addressing six diagnostic categories (NILM, ASC-US, ASC-H, LSIL, HSIL, SCC), whereas Ke et al. (2021) primarily focused on binary classification. Similarly, Kanavati et al. (47) investigated WSI classification using deep learning on liquid-based cytology (LBC) specimens and achieved AUCs between 0.89–0.96. While their results are promising, their method classified WSIs as neoplastic or non-neoplastic without localizing lesion regions. Our study improves on this by incorporating precise lesion detection, which enhances interpretability and model explainability. Furthermore, our hybrid feature fusion approach yielded higher AUC values (95.88%) than their deep-learning-only approach, reinforcing the advantage of combining radiomics and deep features.

The study by Alsalatie et al. (48) proposed an ensemble deep learning model that classified WSIs into four diagnostic classes with up to 99.6% accuracy. While this represents a high classification rate, their model was trained on limited datasets, and the generalizability to external test sets was not explored. Our study, in contrast, included multi-center training data and external validation, demonstrating strong model robustness and generalizability across different cytology imaging conditions. Additionally, our lesion detection module (Swin Transformer) provides a localization capability absent in their whole-image classification approach, which enhances clinical usability. Feature extraction plays a crucial role in cytology classification. Rodríguez et al. (49) explored single-cell segmentation and deep learning for Pap smears and LBC samples, showing that LBC images resulted in significantly better classification accuracy (0.98) compared to Pap smear datasets (0.87) due to better cell morphology preservation. These findings align with our study, where high-quality image acquisition and multi-feature integration led to improved classification accuracy. However, unlike their approach, which focuses on single-cell segmentation, our framework considers whole-image lesion detection and feature extraction, allowing for scalable AI-based cytology analysis.

The CytoBrain system Chen et al. (50) developed an automated cervical cell classification system using CompactVGG, demonstrating strong performance on a dataset of 198,952 cervical cell images. Their approach, however, primarily focused on cell-based classification, whereas our method integrates lesion-level detection and classification, making it more aligned with real-world cytology workflows where pathologists analyze larger image regions rather than individual cells. Similarly, Fang et al. (51) proposed DeepCELL, a convolutional neural network (CNN) designed for cervical cytology image classification, achieving 95.63% accuracy on SIPaKMeD and Herlev datasets. Their approach utilized multi-scale feature learning, but our study advances this by incorporating dimensionality reduction (LASSO, ANOVA, MI) before classification, ensuring higher feature interpretability and reduced overfitting. Our hybrid approach with feature fusion also resulted in higher recall (94.12%) than DeepCELL, which is crucial for reducing false negatives in clinical applications.

Beyond algorithmic performance, the proposed framework holds significant clinical implications. By providing automated lesion localization and accurate multi-class classification, the system can assist cytopathologists in prioritizing high-risk cases, reducing diagnostic workload, and improving consistency across observers. This is particularly beneficial in low-resource settings where expert cytologists are scarce or in high-throughput laboratories handling large volumes of screening samples. Furthermore, the integration of both interpretable radiomics features and high-dimensional deep features supports transparency in decision-making, which is crucial for clinical adoption. The modular design of the framework allows for seamless integration with existing digital pathology systems, paving the way for real-time, AI-assisted cervical cancer screening and triage in routine practice.



4.1 Clinical implications and future directions

Our study demonstrates that hybrid feature fusion, when combined with Swin Transformer-based lesion detection, significantly improves cervical cytology classification accuracy and robustness. Unlike existing studies that rely on single-cell segmentation or whole-image classification, our end-to-end framework integrates lesion detection, radiomics, and deep learning-based features, providing a clinically interpretable and scalable solution. Domain Adaptation and Generalizability: While external validation on APCData demonstrated strong model performance (92.8% accuracy, 95.1% AUC), further validation on larger, diverse datasets is necessary to ensure broad applicability. Real-Time Deployment: While our model achieves high accuracy, its computational efficiency must be optimized for real-time cervical cancer screening applications in clinical laboratories.





5 Conclusion

This study presents a comprehensive AI-driven framework for automated cervical cytology analysis, integrating Swin Transformer-based lesion detection, hybrid feature fusion, and deep learning-based classification. Compared to prior studies, our approach offers higher classification accuracy, improved lesion localization, and better generalizability across diverse datasets. The results suggest that combining radiomics and deep features significantly enhances model robustness, making it a promising tool for AI-assisted cervical cancer screening. Future efforts should focus on further external validation, model explainability, and deployment strategies to facilitate clinical integration and real-world impact.





Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding author.





Ethics statement

The need for ethical approval was waived off by the ethical committee of Shanxi Medical University Second Hospital, China for the studies on humans because the research relied solely on retrospective analysis of existing anonymized data, without involving direct patient interaction, additional data collection, or any interventions. Consequently, the study posed no additional risks to patients, aligning with ethical guidelines for such research practices. The studies were conducted in accordance with the local legislation and institutional requirements. Written informed consent for participation was not required from the participants or the participants’ legal guardians/next of kin in accordance with the national legislation and institutional requirements. The human samples used in this study were acquired from gifted from another research group.





Author contributions

SN: Methodology, Writing – original draft, Formal analysis, Software, Investigation. LZ: Investigation, Methodology, Writing – original draft, Formal analysis, Software. LW: Investigation, Methodology, Software, Writing – original draft, Formal analysis. XZ: Investigation, Software, Methodology, Writing – original draft, Formal analysis. EL: Validation, Data curation, Project administration, Methodology, Conceptualization, Writing – review & editing.





Funding

The author(s) declare that no financial support was received for the research and/or publication of this article.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Generative AI statement

The author(s) declare that Generative AI was used in the creation of this manuscript. AI tool (ChatGPT) was utilized for grammar checking, language refinement, and structural suggestions to enhance clarity and coherence. However, the core ideas, analysis, and arguments presented remain the sole intellectual contribution of the author(s). All AI-generated content was critically reviewed and revised to ensure accuracy and alignment with the intended message.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2025.1595980/full#supplementary-material




References

	 Pimple S, Mishra G. Cancer cervix: Epidemiology and disease burden. Cytojournal. (2022) 19:21. doi: 10.25259/CMAS_03_02_2021, PMID: 35510109


	 Arbyn M, Gultekin M, Morice P, Nieminen P, Cruickshank M, Poortmans P, et al. The European response to the WHO call to eliminate cervical cancer as a public health problem. Int J cancer. (2021) 148:277–84. doi: 10.1002/ijc.33189, PMID: 32638362


	 Peng G, Dong H, Liang T, Li L, Liu J. Diagnosis of cervical precancerous lesions based on multimodal feature changes. Comput Biol Med. (2021) 130:104209. doi: 10.1016/j.compbiomed.2021.104209, PMID: 33440316


	 Allahqoli L, Laganà AS, Mazidimoradi A, Salehiniya H, Günther V, Chiantera V, et al. Diagnosis of cervical cancer and pre-cancerous lesions by artificial intelligence: a systematic review. Diagnostics. (2022) 12:2771. doi: 10.3390/diagnostics12112771, PMID: 36428831


	 Mathivanan SK, Francis D, Srinivasan S, Khatavkar V, P K, Shah MA. Enhancing cervical cancer detection and robust classification through a fusion of deep learning models. Sci Rep. (2024) 14:10812. doi: 10.1038/s41598-024-61063-w, PMID: 38734714


	 Yusuf M. Perspectives on cervical cancer: Insights into screening methodology and challenges. Cancer Screen Prev. (2024) 3:52–60. doi: 10.14218/CSP.2023.00041


	 Comparetto C, Borruto F. Genetic screening of cervical cancer. OBM Genetics. (2021) 5(2):132. doi: 10.21926/obm.genet.2103132


	 McAlpine ED, Pantanowitz L, Michelow PM. Challenges developing deep learning algorithms in cytology. Acta Cytol. (2021) 65:301–9. doi: 10.1159/000510991, PMID: 33137806


	 Hays P. Artificial intelligence in cytopathological applications for cancer: a review of accuracy and analytic validity. Eur J Med Res. (2024) 29:553. doi: 10.1186/s40001-024-02138-2, PMID: 39558397


	 Francis D, Subramani B. Cervical cancer screening based on automated CN network. AIP Conf Proc. (2025) 3159(1):020005. doi: 10.1063/5.0248375 


	 Holmström O, Linder N, Kaingu H, Mbuuko N, Mbete J, Kinyua F, et al. Point-of-care digital cytology with artificial intelligence for cervical cancer screening in a resource-limited setting. JAMA Netw Open. (2021) 4:e211740–e211740. doi: 10.1001/jamanetworkopen.2021.1740, PMID: 33729503


	 Liu L, Liu J, Su Q, Chu Y, Xia H, Xu R. Performance of artificial intelligence for diagnosing cervical intraepithelial neoplasia and cervical cancer: a systematic review and meta-analysis. EClinicalMedicine. (2025) 80:102992. doi: 10.1016/j.eclinm.2024.102992, PMID: 39834510


	 Mosiichuk V. Deep Learning for Automated Adequacy Assessment of Cervical Cytology Samples. Portugal: Instituto Politecnico do Porto (2022).


	 Macancela C, Morocho-Cayamcela ME, Chang O. Deep reinforcement learning for efficient digital pap smear analysis. Computation. (2023) 11:252. doi: 10.3390/computation11120252


	 Jiang P, Liu J, Feng J, Chen H, Chen Y, Li C, et al. Interpretable detector for cervical cytology using self-attention and cell origin group guidance. Eng Appl Artif Intell. (2024) 134:108661. doi: 10.1016/j.engappai.2024.108661


	 Wang Q, Luo Y, Zhao Y, Wang S, Niu Y, Di J, et al. Automated recognition and segmentation of lung cancer cytological images based on deep learning. PloS One. (2025) 20:e0317996. doi: 10.1371/journal.pone.0317996, PMID: 39888907


	 Jiang P, Li X, Shen H, Chen Y, Wang L, Chen H, et al. A systematic review of deep learning-based cervical cytology screening: from cell identification to whole slide image analysis. Artif Intell Rev. (2023) 56:2687–758. doi: 10.1007/s10462-023-10588-z


	 Rekavandi AM, Rashidi S, Boussaid F, Hoefs S, Akbas E. Transformers in small object detection: A benchmark and survey of state-of-the-art. arXiv Prepr arXiv230904902. (2023). doi: 10.48550/arXiv.2309.04902


	 Elgazzar K, Mostafi S, Dennis R, Osman Y. Quantitative analysis of deep learning-based object detection models. IEEE Access. (2024) 12:70025–44. doi: 10.1109/ACCESS.2024.3401610


	 Pereira GA, Hussain M. A review of transformer-based models for computer vision tasks: Capturing global context and spatial relationships. arXiv Prepr arXiv240815178. (2024). doi: 10.48550/arXiv.2408.15178


	 Jiang P, Ergu D, Liu F, Cai Y, Ma B. A Review of Yolo algorithm developments. Proc Comput Sci. (2022) 199:1066–73. doi: 10.1016/j.procs.2022.01.135


	 Hussain M. Yolov1 to v8: Unveiling each variant–a comprehensive review of yolo. IEEE Access. (2024) 12:42816–33. doi: 10.1109/ACCESS.2024.3378568


	 AkbarnezhadSany E, EntezariZarch H, AlipoorKermani M, Shahin B, Cheki M, Karami A, et al. YOLOv8 outperforms traditional CNN models in mammography classification: insights from a multi-institutional dataset. Int J Imaging Syst Technol. (2025) 35:e70008. doi: 10.1002/ima.70008


	 Terven J, Córdova-Esparza DM, Romero-González JA. A comprehensive review of yolo architectures in computer vision: From yolov1 to yolov8 and yolo-nas. Mach Learn Knowl Extr. (2023) 5:1680–716. doi: 10.3390/make5040083


	 Fatan M, Hosseinzadeh M, Askari D, Sheikhi H, Rezaeijo SM, Salmanpour MR. Fusion-Based Head and Neck Tumor Segmentation and Survival Prediction Using Robust Deep Learning Techniques and Advanced Hybrid Machine Learning Systems BT - Head and Neck Tumor Segmentation and Outcome Prediction.  V Andrearczyk, V Oreiller, M Hatt, A Depeursinge, editors. Cham: Springer International Publishing (2022) p. 211–23.


	 Rezaeijo SM, Hashemi B, Mofid B, Bakhshandeh M, Mahdavi A, Hashemi MS. The feasibility of a dose painting procedure to treat prostate cancer based on mpMR images and hierarchical clustering. Radiat Oncol. (2021) 16:1–16. doi: 10.1186/s13014-021-01906-2, PMID: 34544468


	 Rezaeijo SM, Harimi A, Salmanpour MR. Fusion-based automated segmentation in head and neck cancer via advance deep learning techniques. In: 3D Head and Neck Tumor Segmentation in PET/CT Challenge. Springer, Cham (2022), vol. 13626, p. 70–6. doi: 10.1007/978-3-031-27420-6_7


	 Bijari S, Sayfollahi S, Mardokh-Rouhani S, Bijari S, Moradian S, Zahiri Z, et al. Radiomics and deep features: robust classification of brain hemorrhages and reproducibility analysis using a 3D autoencoder neural network. Bioengineering. (2024) 11:643. doi: 10.3390/bioengineering11070643, PMID: 39061725


	 Javanmardi A, Hosseinzadeh M, Hajianfar G, Nabizadeh AH, Rezaeijo SM, Rahmim A, et al. Multi-modality fusion coupled with deep learning for improved outcome prediction in head and neck cancer. In: Medical Imaging 2022: Image Processing. San Diego, California, United States: SPIE (2022). p. 664–8.


	 Salmanpour MR, Hosseinzadeh M, Akbari A, Borazjani K, Mojallal K, Askari D, et al. Prediction of TNM stage in head and neck cancer using hybrid machine learning systems and radiomics features. In: Medical Imaging 2022: Computer-Aided Diagnosis. San Diego, California, United States: SPIE (2022). p. 648–53.


	 Bijari S, Rezaeijo SM, Sayfollahi S, Rahimnezhad A, Heydarheydari S. Development and validation of a robust MRI-based nomogram incorporating radiomics and deep features for preoperative glioma grading: a multi-center study. Quant Imaging Med Surg. (2025) 15:1121138–5138. doi: 10.21037/qims-24-1543, PMID: 39995745


	 Salmanpour M, Hosseinzadeh M, Rezaeijo S, Ramezani M, Marandi S, Einy M, et al. Deep versus handcrafted tensor radiomics features: Application to survival prediction in head and neck cancer. In: EUROPEAN JOURNAL OF NUCLEAR MEDICINE AND MOLECULAR IMAGING. Springer, ONE NEW YORK PLAZA, SUITE 4600, NEW YORK, NY, UNITED STATES (2022). p. S245–6.


	 Mahboubisarighieh A, Shahverdi H, Jafarpoor Nesheli S, Alipoor Kermani M, Niknam M, Torkashvand M, et al. Assessing the efficacy of 3D Dual-CycleGAN model for multi-contrast MRI synthesis. Egypt J Radiol Nucl Med. (2024) 55:1–12. doi: 10.1186/s43055-024-01287-y


	 Avanzo M, Stancanello J, El Naqa I. Beyond imaging: the promise of radiomics. Phys Med. (2017) 38:122–39. doi: 10.1016/j.ejmp.2017.05.071, PMID: 28595812


	 Mayerhoefer ME, Materka A, Langs G, Häggström I, Szczypiński P, Gibbs P, et al. Introduction to radiomics. J Nucl Med. (2020) 61:488–95. doi: 10.2967/jnumed.118.222893, PMID: 32060219


	 Qi H, Xuan Q, Liu P, An Y, Huang W, Miao S, et al. Deep learning radiomics features of mediastinal fat and pulmonary nodules on lung CT images distinguish benignancy and Malignancy. Biomedicines. (2024) 12:1865. doi: 10.3390/biomedicines12081865, PMID: 39200329


	 Toğaçar M, Ergen B, Cömert Z, Özyurt F. A deep feature learning model for pneumonia detection applying a combination of mRMR feature selection and machine learning models. IRBM. (2020) 41:212–22. doi: 10.1016/j.irbm.2019.10.006


	 Gardezi SJS, Awais M, Faye I, Meriaudeau F. Mammogram classification using deep learning features. 2017 IEEE International Conference on Signal and Image Processing Applications (ICSIPA), Kuching, Malaysia. (2017) pp. 485-488. doi: 10.1109/ICSIPA.2017.8120660


	 Paul R, Hawkins SH, Balagurunathan Y, Schabath MB, Gillies RJ, Hall LO, et al. Deep feature transfer learning in combination with traditional features predicts survival among patients with lung adenocarcinoma. Tomography. (2016) 2:388. doi: 10.18383/j.tom.2016.00211, PMID: 28066809


	 Salmanpour MR, Rezaeijo SM, Hosseinzadeh M, Rahmim A. Deep versus handcrafted tensor radiomics features: prediction of survival in head and neck cancer using machine learning and fusion techniques. Diagnostics. (2023) 13:1696. doi: 10.3390/diagnostics13101696, PMID: 37238180


	 Xue C, Yuan J, Lo GG, Chang ATY, Poon DMC, Wong OL, et al. Radiomics feature reliability assessed by intraclass correlation coefficient: a systematic review. Quant Imaging Med Surg. (2021) 11:4431. doi: 10.21037/qims-21-86, PMID: 34603997


	 Koo TK, Li MY. A guideline of selecting and reporting intraclass correlation coefficients for reliability research. J Chiropr Med. (2016) 15:155–63. doi: 10.1016/j.jcm.2016.02.012, PMID: 27330520


	 van Schie MA, Steenbergen P, Dinh CV, Ghobadi G, van Houdt PJ, Pos FJ, et al. Repeatability of dose painting by numbers treatment planning in prostate cancer radiotherapy based on multiparametric magnetic resonance imaging. Phys Med Biol. (2017) 62:5575–88. doi: 10.1088/1361-6560/aa75b8, PMID: 28557799


	 Cuña Cabrera P, Pachiarotti VE, Guerra R. APCData cervical cytology cells. Mendeley Data V1. (2024). doi: 10.17632/ytd568rh3p.1


	 Lutnick B, Shashiprakash AK, Manthey D, Sarder P. User friendly, cloud based, whole slide image segmentation. In: Medical Imaging 2021: Digital Pathology. SPIE (2021). p. 109–14.


	 Ke J, Shen Y, Lu Y, Deng J, Wright JD, Zhang Y, et al. Quantitative analysis of abnormalities in gynecologic cytopathology with deep learning. Lab Investig. (2021) 101:513–24. doi: 10.1038/s41374-021-00537-1, PMID: 33526806


	 Kanavati F, Hirose N, Ishii T, Fukuda A, Ichihara S, Tsuneki M. A deep learning model for cervical cancer screening on liquid-based cytology specimens in whole slide images. Cancers (Basel). (2022) 14:1159. doi: 10.3390/cancers14051159, PMID: 35267466


	 Alsalatie M, Alquran H, Mustafa WA, Mohd Yacob Y, Ali Alayed A. Analysis of cytology pap smear images based on ensemble deep learning approach. Diagnostics. (2022) 12:2756. doi: 10.3390/diagnostics12112756, PMID: 36428816


	 Rodríguez M, Córdova C, Benjumeda I, San Martín S. Automated cervical cancer screening using single-cell segmentation and deep learning: Enhanced performance with liquid-based cytology. Computation. (2024) 12:232. doi: 10.3390/computation12120232


	 Chen H, Liu J, Wen QM, Zuo ZQ, Liu JS, Feng J, et al. CytoBrain: cervical cancer screening system based on deep learning technology. J Comput Sci Technol. (2021) 36:347–60. doi: 10.1007/s11390-021-0849-3


	 Fang M, Lei X, Liao B, Wu FX. A deep neural network for cervical cell classification based on cytology images. IEEE Access. (2022) 10:130968–80. doi: 10.1109/ACCESS.2022.3230280







Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2025 Niu, Zhang, Wang, Zhang and Liu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fonc-15-1595980-g017.jpg
Dimension 2

Dimension 2

Dimension 2

t-SNE Visualization for Best Model: LASSO-TabTransformer
Combined Features (6-Class Cervical Cytology)

Training — Before t-SNE

NILM
ASC-US

LSIL
ASC-H

HSIL
scc

Dimension 2

-10 0 10
Dimension 1

Validation — Before t-SNE

20 30

Dimension 2

Dimension 1

Test — Before t-SNE
40

Dimension 2

-10 0 10
Dimension 1

8

-
o

=10

Training — After t-SNE (95% Accuracy)

=20 -10 0 10 20 30
Dimension 1
Validation — After t-SNE (95% Accuracy)
F02
L ” .‘
op o
® L ]
@ T & e
° ha e 2 e
® ® (1)
- L ° X ® 4 ° =)
Xo o &
=20 -10 0 10 20 30

Dimension 1

Test — After t-SNE (95% Accuracy)

Dimension 1





OEBPS/Images/fonc-15-1595980-g012.jpg
LASSO - XGBoost
LASSO - Random Forest
LASSO - CatBoost
LASSO - TabNet

LASSO - TabTransformer
ANOVA - XGBoost
ANOVA - Random Forest
ANOVA - CatBoost

Methods

ANOVA - TabNet

ANOVA - TabTransformer
MI - XGBoost

MI - Random Forest

MI - CatBoost

MI - TabNet

MI - TabTransformer

89.12£2.05

88.78 £2.30

3.00

89.81 £1.95

88.76 £ 2.20

89.32£2.00

Classification Performance Using Combined Radiomics and EfficientNet Deep Features
(Faster R-CNN + DETR-Based Detection)

89.55 £2.00 8 88.65+2.10

89.10 £2.20

89.01 89.95 + 1.80 89.20 89.40 £1.85

87.12 89.102.15
m w0265 TR TS _
88.95+2.35 ]
%_
88.63 89.65 £ 1.85 88.95 88.95+1.90

88.75+2.25

88.60 + 2.45

89.25 +1.90 ‘
Y N Y N A
& S & S @s}
o & ) & )
N & N & &
) ,\(a‘ Y\'Bo é@‘ &
{\c\\ ) <
< »
<
® Y

Metrics

-89

87





OEBPS/Images/fonc-15-1595980-g009.jpg
LASSO - XGBoost

LASSO - Random Forest

LASSO - CatBoost

LASSO - TabNet

LASSO - TabTransformer

ANOVA - XGBoost

ANOVA - Random Forest

ANOVA - CatBoost

Methods

ANOVA - TabNet

ANOVA - TabTransformer
MI - XGBoost

MI - Random Forest

MI - CatBoost

MI - TabNet

MI - TabTransformer

Classification Performance Using Radiomics Features (YOLOv11-Based Detection)

i

87.62£2.49

I meEmaes
8274+315 |

87.24 255

m

81.05

81.89

80.48

81.67

80.23

81.39

79.12

86.45+2.68

89.12+2.41

81.98

71 ‘ 81.78

81.23

81.72+3.20 79.31

86.45+2.46

80.51+3.33 78.43

81.21
80.98
86.85 + 2.62 ‘
D N D N D
«&’ x"ao «& X <&
Q v X % A\
Q\e\ .\99 {\n\ \QQ o
) & © & »
& & S & O
> N Q @
© Q\o\ o\
o RS S
v Q_a"

Metrics






OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-15-1595980-g008.jpg
LASSO - XGBoost

LASSO - Random Forest

LASSO - CatBoost |}

LASSO - TabNet

LASSO - TabTransformer
ANOVA - XGBoost
ANOVA - Random Forest

ANOVA - CatBoost

Methods

ANOVA - TabNet

ANOVA - TabTransformer

MI - XGBoost

MI - Random Forest

MI - CatBoost

MI - TabNet

MI - TabTransformer

Classification Performance Using Radiomics Features (Swin Transfor Based Deleclmn)

84.56 +2.89
83.92 3.22

88.83 £2.49

88.93+2.48 " ]

90.55 +2.28

‘
I T

Metrics

82





OEBPS/Images/fonc-15-1595980-g013.jpg
Classification Performance Using Combined Radiomics and EfficientNet Deep Features
(Swin Transformer and YOLOv11-Based Detection)

LASSO - XGBoost 8914
LASSO - TabTransformer 96.11 £1.87 94.62 97.42+1.79 95.88 95.76 £1.83
ANOVA - TabTransformer 95.87 £1.95 97.12+1.87 95.61 95.41£1.92

Methods

MI - TabTransformer 95.43£2.02 96.84 + 1.96 95.33 9514 £2.01
N Y N N
Y <& Y & X S
% Q % Q % &
<& Q\e\ <& Q\a\ <& )
5 & & © & >

&< 2 & N & 5
N N & v N &

) o ) ) &

& ¥ N N

& < »
N4 ¥ &
& &
¥

Metrics

- 92





OEBPS/Images/fonc-15-1595980-g004.jpg
Loss Curves (Training vs Validation)

=#— Swin Transformer Training Loss
2.00 Swin Transformer Validation Loss
==& YOLOv11 Training Loss
~ '~ YOLOv11 Validation Loss
1.75 —a— Faster R-CNN Training Loss
~¢~ Faster R-CNN Validation Loss
) == DETR Training Loss
1.50 i " ~4~ DETR Validation Loss

1.25

Loss

1.00

0.75

0.50

0.25

0 100 200 300 400 500





OEBPS/Images/fonc-15-1595980-g011.jpg
LASSO - XGBoost
LASSO - Random Forest
LASSO - CatBoost
LASSO - TabNet

LASSO - TabTransformer
ANOVA - XGBoost
ANOVA - Random Forest

ANOVA - CatBoost

Methods

ANOVA - TabNet

ANOVA - TabTransformer

MI - XGBoost

MI - Random Forest

MI - CatBoost

MI - TabNet

MI - TabTransformer

Classific

85.69£3.14

90.45 +2.29

85.62 £2.97
84.76 £3.23

90.12+2.41

ation Performance Using EfficientNe!

89.83+2.42

91.98 £2.19

[ e
I T

Metrics

83.98

81.79

]

82





OEBPS/Images/fonc.2025.1595980_cover.jpg
& frontiers | Frontiers in Oncology

Hybrid feature fusion in cervical cancer
cytology: a novel dual-module approach
framework for lesion detection and
classification using radiomics, deep
learning, and reproducibility





OEBPS/Images/fonc-15-1595980-g007.jpg
Radiomics Features Reduction

! 7 m !

70 B Swin Transformer

E= YoLov11
80 57 B Faster R-CNN

54 DETR
50
50 47
42
40 38
34
30

30
20
10
0

Original After ICC Final Selected
Deep Learning Features Reduction (EfficientNet)

Number of Features

25 B Swin Transformer
2 @ YOLOV11
Final Selected 30 [ Faster R-CNN
35 I DETR
1220
1280
After ICC 1344
1433
1792
1792
Original s
1792
0 250 500 750 1000 1250 1500 1750

Number of Features





OEBPS/Images/fonc-15-1595980-g016.jpg
Loss

Accuracy (%)

2.00

1.75

1.50

1.25

1.00

0.75

0.50

0.25

100

100

Accuracy Curve over 500 Epochs

200

Epoch

300

——=Training Accuracy

- == Test Accuracy

400

Loss Curve over 500 Epochs

200

Epoch

300

500

== Training Loss

= == Test Loss

400

500





OEBPS/Images/fonc-15-1595980-g003.jpg
loU

0.9

0.8

0.7

0.6

0.5

loU Curves (Training vs Validation)

Swin Transformer Training loU
Swin Transformer Validation loU
‘YOLOv11 Training loU
'YOLOv11 Validation loU

Faster R-CNN Training loU
Faster R-CNN Validation loU
DETR Training loU

DETR Validation loU

RERERRE

100 200 300 400 500
Epoch





OEBPS/Images/fonc-15-1595980-g010.jpg
Classn'cahon Performance Using EfficientNet Deep Features (Swi

LASSO - XGBoost

LASSO - Random Forest

LASSO - CatBoost |

LASSO - TabNet 86.74 £3.07

LASSO - TabTransformer 92.05+2.18 93.54+2.09 91.13

Transformer-Based Detection)

85.92 +3.03 83.47

92.03+2.14 91.32

ANOVA - Random Forest +2.78 85.42+2.86 83.79

12}

° =

i

Q

= ANOVA - TabNet 85.84+3.18 83.91 87.24+3.12 m 84.75+3.15 82.78
92.53 £2.29 90.91

ANOVA - TabTransformer 92.72+232 9218 227

MI - XGBoost

R wsem | wa | swsze

MI - TabTransformer 91.34£2.47 90.85 91.75+2.41 92.02%2.45
Y N Y N Q
& S & S &
< % Q % &
) & ) & Y
A & o> & AN
& @ S & &
Ry & b & &
&~ {\o\ Q\g\ 52
v 9 N
N &
<

Metrics

92





OEBPS/Images/fonc-15-1595980-g002.jpg
Model-Dataset

Performance Metrics

Swin Transformer-Training
Swin Transformer-validation
Swin Transformer-External Test _
YOLOv11-Training

YOLOv11-Validation -

YOLOv11-External Test -
Faster R-CNN-Training - 0.920 * 0.020 0.900 = 0.018 0.910 = 0.015 0.890 = 0.016 0.900 = 0.013
Faster R-CNN-Validation - 0.905 0.885 0.898 0.877 0.888
Faster R-CNN-External Test - 0.890 0.8 0.885 0.86 0.875
DETR-Training - 0.900 + 0.022 0.880 + 0.019 0.890 = 0.017 : 0.880 + 0.015
DETR-Validation - 0.885 0.865 0.877

DETR-External Test -

-0.92

-0.90

-0.88

-0.86






OEBPS/Images/fonc-15-1595980-g015.jpg
True Positive Rate

10

09

0.8

07

06

05

04

03

02

01

0.0

01

02

03

04

Chance

Swin Transformer, Radiomics Features (AUC = 88.41%)
YOLOv11, Radiomics Features (AUC = 86.38%)

Swin Transformer, Deep Features (AUC = 91.84%)
YOLOv11, Deep Features (AUC = 89.43%)
Combined Radiomics and Deep Features (AUC = 95.88%)
Combined Radiomics and Deep Features-Faster R-CNN+DETR ( AUC = 89.20%)

05
False Positive Rate

06

07

08

09

1.0





OEBPS/Images/fonc-15-1595980-g006.jpg
(a)

iou: 0.90 [

{loU: 0.90
1

o

‘(b)

: 0.81






OEBPS/Images/fonc-15-1595980-g005.jpg
‘(a)

loU: 0.95

(b)






OEBPS/Images/fonc-15-1595980-g014.jpg
10

0.1

02

03

04

‘Swin Transformer, Radiomics Features (AUC = 90.55%)
'YOLOv11, Radiomics Features (AUC = 89.12%)

Swin Transformer, Deep Features (AUC = 92.18%)
YOLOV11, Deep Features ( AUC = 91.64%)

Combined Radiomics and Deep Features-YOLOv11+Swin Transformer (AUC = 97.42%)
‘Combined Radiomics and Deep Features-Faster R-CNN+DETR ( AUC = 89.95%)

--- Chance

05 06 07 08 09 1.0
False Positive Rate





OEBPS/Images/fonc-15-1595980-g001.jpg
Cervical Cytology Analysis Workflow

Data Collection

Initial Dataset: 6,765 samples
Six Medical Centers
Liquid-based cytology (LBC)
Papanicolaou staining
40x objective, 10x eyepiece

Diagnostic Classes Distribution
NILM: 1,754 samples

Inclusion/Exclusion Criteria ASC-US: 726 samples

» Unconfirmed diagnoses: -892
» Poor quality images: -715

» Overlapping cell clusters: -524
* Incomplete metadata: -218

* Duplicate samples: -180

LSIL: 682 samples
SC-H: 182 samples

HSIL: 602 samples
Final Dataset: 4,236 samples

Six diagnostic classes SCC: 290 samples

Multi-Center Data Collection
Centers A-F: 568-834 samples each

Lesion Detection Models

Swin Faster . e .

Imaging Systems:

Evaluation: mAP, Precision, Recall, F1-score, loU * Nikon Eclipse E200, Zeiss Axio Lab.A1
* Leica DM750, Olympus BX43
* Motic BA310, Meiji MT5300

Hyperparameter Tuning:
* Grid search & Bayesian optimization
* Learning rates: 0.001-0.1

F P E t t.  Batch size: 32, Epochs: 500
eature Extraction * Early stopping, Data augmentation

Radiomics Features Deep Features

» Fourier Shape Descriptors (6) EfficientNet-B4
* Gradient Features (8) 1792 features
« Morphometry Features (19) Global Average Pooling
* Intensity Features (12) FC Layer (512 neurons)

Feature Processing

ICC Analysis Dimensionality Reduction

Threshold: ICC 2 0.75 LASSO, ANOVA, Mutual Information
Reliability Assessment ‘ PCA for Hybrid Features

Classification Approaches

Machine Learning End-to-End Deep Learning Hybrid Feature Fusion

* XGBoost EfficientNet Radiomics + Deep Features
* Random Forest ImageNet pre-trained
+ CatBoost Fine-tuned Feature selection:

* TabNet o
Adam optimizer
+ TabTransformer S8 LASSO, ANOVA, MI
R ML classifiers

Enhanced accuracy
& interpretability

PCA transformation

Feature-based Data augmentation
Classification Early stopping

Model Evaluation

Cross-Validation Performance Metrics External Validation
5-fold CV Accuracy, Precision, Recall APCData dataset
80% training F1-score, ROC-AUC 3,619 samples
20% validation t-SNE visualization Independent test set






