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Abstract
The accurate classification of breast cancer histopathology images is critical for 
early diagnosis, risk stratification, and treatment planning. However, traditional 
supervised learning approaches are hindered by the limited availability of annotated 
medical datasets. At the same time, single-model classifiers often struggle to gen-
eralize effectively across subtle morphological variations in tissue structures. To 
address these challenges, this study proposes CAE-StackNet, a hybrid framework 
that combines self-supervised feature learning via a Convolutional Autoencoder 
(CAE) with a heterogeneous stacked-ensemble classifier. The CAE is first trained 
to reconstruct breast cancer histopathology images from the BACH dataset, ena-
bling it to learn compact, morphology-preserving features without requiring class 
labels. These self-learned features are then classified using a stacked ensemble of 
Random Forest (RF), Support Vector Machine (SVM), and Multi-Layer Perceptron 
(MLP), with a meta-learner aggregating their predictions to produce the final diag-
nosis. Experimental results demonstrate that CAE-StackNet achieves an AUC of 
0.99 and an average precision of 0.96, outperforming individual classifiers trained 
on the same features. MLP achieved the highest standalone accuracy (0.89), but 
the stacked ensemble exhibited superior discriminative power, reflecting the advan-
tage of combining complementary classifiers in a diverse ensemble framework. For 
breast cancer classification in histopathology, CAE-StackNet provides a data-effi-
cient and clinically meaningful solution by reducing the need for manual annota-
tion and improving robustness through ensemble learning. The developed method 
enables more reproducible and objective histopathological grading and has excel-
lent potential for incorporation into computer-aided diagnostic (CAD) systems. To 
increase clinical interpretability and gain the trust of pathologists, future efforts 
will involve external validation on multi-center datasets, integrating pathology-
aware constraints into the CAE training process, and creating explainability tools. 
Recent transformer‑based frameworks, such as DFViT, fuse convolutional and 
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vision‑transformer blocks to capture both local and global tissue patterns and have 
achieved outstanding accuracy on the BACH and BreakHis datasets. By contrast, 
CAE‑StackNet achieves comparable AUC and average precision while relying pri-
marily on self‑supervised features and requiring far fewer annotated images, under-
scoring its potential for scalable clinical deployment.

Keywords  Self-supervised learning · Convolutional autoencoder · Stacked 
ensemble · Breast cancer · Histopathology · Medical image classification · 
Computer-aided diagnosis (CAD)

1  Introduction

Timely and accurate labelling of medical images is essential in modern health-
care, e.g., for the early diagnosis of fatal diseases such as cancer, neurological, 
and cardiovascular diseases [1]. Medical images often exhibit complex shapes, 
subtle textures, and texture variations, which, together with inter-patient vari-
ability, make hand interpretation time-consuming, subjective, and error prone 
[2]. Hence, deep learning (DL) and machine learning (ML) methods have gained 
extensive interest, as they offer reproducible, automated, and scalable diagnostic 
support to physicians [3].

However, deep learning models often require large amounts of labelled data, 
which in the medical setting is often scarce due to costly annotation procedures 
involving expert radiologists or pathologists [4]. To bypass this constraint, self-
supervised learning (SSL) has emerged as a strong paradigm in which models 
pre-train on unlabelled data by solving auxiliary tasks, thereby gaining transfer-
able representations [5]. In medical imaging, the CAEs have excelled as self-
supervised feature learners, leveraging reconstruction-based learning to capture 
spatial, textural, and morphological patterns required for downstream classifica-
tion [6]. CAEs have performed well in histopathology and radiology image anal-
ysis by preserving diagnostic features in low-dimensional latent representations 
[7].

Of all the applications of medical image analysis, the diagnosis of breast can-
cer is perhaps one of the most significant and most studied intensively due to 
the incidence of the disease and deaths globally. Breast cancer is the most preva-
lent cancer diagnosis and among the leading causes of cancer deaths in females 
worldwide [8]. Early and accurate diagnosis, particularly by histopathological 
study of breast tissue, is highly significant for effective treatment planning and 
improved patient outcomes. Histopathology images contain complicated cell 
patterns, which pathologists analyse to categorise them into benign, in  situ car-
cinoma, and invasive carcinoma tissue classes [9]. The classification process is 
time-consuming and subjective, particularly when classes differ only slightly in 
morphology. To address these challenges, the ICIAR 2018 BACH (Breast Can-
cer Histology) Challenge Dataset provides a carefully curated benchmark for 
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developing automated diagnostic tools [9]. Successful computational methods 
that can learn powerful features from breast cancer histology images and perform 
precise multi-class classification have the potential to significantly assist patholo-
gists in reaching concordant, unbiased diagnoses.

Despite self-guided feature learning, achieving classification accuracy remains 
challenging due to heterogeneity in medical images, class imbalance, and con-
flicting class boundaries [10]. Ensemble learning algorithms, the hallmark of 
robustness promotion via Classifier diversity, have proved to be first-rate solu-
tions [11, 12]. Among ensemble methods in which predictions from multiple base 
classifiers are hierarchically combined by a meta-learner, stacked ensemble learn-
ing has proven highly effective for medical image classification [13, 14]. Stacking 
utilises the different strengths of individual classifiers, e.g., the high interpretabil-
ity of decision trees, the boundary-optimising ability of SVM, and the multi-layer 
perceptrons’ capacity for deep feature abstraction [12].

This work introduces a novel Self-Supervised Feature Learning model, CAE-
StackNet, for medical image classification, including breast cancer histopatholog-
ical image classification based on the BACH dataset. CAE is an autoencoder that 
serves as a self-supervised feature learner, learning informative embeddings from 
unlabeled raw breast tissue images. These acquired features are then passed to a 
stacked ensemble classifier, which aggregates heterogeneous base-learner predic-
tions (e.g., RF, SVM, and MLP) into a meta-learner for the final prediction. This 
hybrid design combines the deep autoencoder’s feature-learning strengths with 
the ensemble’s predictive robustness.

The novelty of this framework lies in its synergistic integration of unsuper-
vised deep representation learning and heterogeneous ensemble classification. It 
is specifically tailored for breast cancer histopathology, where subtle morphologi-
cal differences between benign, malignant, and normal tissues make classification 
inherently challenging. By enabling self-supervised pretraining, the framework 
reduces dependence on large, labelled datasets. At the same time, the stacked 
ensemble classifier mitigates the weaknesses of individual base learners, resulting 
in a more generalisable, interpretable, and robust diagnostic system.

This hybrid framework is highly relevant to histopathological breast tissue 
classification, where feature learning and robust classification are paramount. 
Through comprehensive experiments on the BACH dataset, the proposed frame-
work demonstrates superior classification performance compared with conven-
tional deep learning models, single-model classifiers, and traditional ensemble 
methods.

In summary, this study improves the diagnosis of breast cancer through:

1.	 Suggesting a self-supervised convolutional autoencoder-based feature learning 
approach customised for histopathological breast tissue examination.

2.	 Developing a stacked heterogeneous ensemble classifier that exploits the diversity 
of complementary learners to improve predictive robustness through boosting.

3.	 Providing large-scale experimental results on the BACH dataset, beating baseline 
approaches.
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2 � Related Works

The recent acceleration of artificial intelligence (AI) methods in medical image 
analysis has greatly enhanced the precision of diagnosis [15], risk prediction, 
and personalised treatment planning. This section describes relevant work across 
four major research topics: self-supervised learning-based medical image feature 
extraction, convolutional autoencoder-based medical image analysis, ensemble 
learning approaches for medical image classification, and automatic classification 
of breast cancer histopathological images.

High-accuracy classification, achieved through conventional supervised learn-
ing, requires large amounts of annotated data. Medical annotation is costly and 
time-consuming to acquire, typically needing specialist radiologists or patholo-
gists. This restricts the quantity of labelled data [1]. Self-supervised learning has 
also emerged as a potential solution to this bottleneck, leveraging models’ ability 
to learn dense feature representations from unlabelled data via pretext tasks [5].

Self-supervised methods, such as context prediction, image inpainting, and 
contrastive learning, have been applied to medical images in recent research [16]. 
Azizi et al. [16], for instance, demonstrated that contrastive pretraining on chest 
X-ray datasets yields significant downstream classification benefits even with 
limited labelled data. In pathology, pretext tasks such as rotation prediction and 
jigsaw puzzle completion have proved helpful for learning representations of his-
topathological images [17]. These self-supervised techniques are gaining traction 
in label-efficient diagnostic systems, especially for underrepresented groups and 
rare diseases.

Among self-supervised architectures, CAEs are ideal for medical image pro-
cessing because they can learn hierarchical representations of spatial information, 
texture patterns, and fine-grained structures [7]. Within CAEs, the encoder maps 
the input image to a lower-dimensional latent space. The decoder reconstructs the 
input image, with the regularizer preserving the latent space to maintain crucial 
diagnostic information [13].

CAEs have been used for unsupervised radiology anomaly detection [18], pre-
training segmentation in pathology [19], and clustering tumor subtypes in oncol-
ogy imaging [20]. Hussein et  al. [7] demonstrated that histopathological image 
features learned by CAEs significantly enhanced downstream classification accu-
racy. Additionally, compared with supervised deep learning models, the lower 
computational cost of CAEs makes them highly attractive for implementation in 
resource-scarce clinical settings.

Ensemble learning, which combines predictions from a collection of dis-
tinct classifiers, has been particularly valuable in medical image classification, 
where data variation, class imbalance, and noise are common challenges [11, 12]. 
Ensemble methods such as bagging, boosting, and stacking utilise the comple-
mentary strengths of a collection of distinct individual classifiers to generalise 
and resist better.

Medical image analysis also made effective use of ensemble techniques for 
disease detection, including tuberculosis classification [21], diabetic retinopathy 
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grading [13], and lung cancer screening [10]. Stacking achieved state-of-the-art 
performance using classifier diversity and a meta-learner to optimally combine 
base classifier predictions [22]. These techniques find applications in healthcare 
settings, where heterogeneity in imaging protocols, equipment, and populations 
may limit the performance of individual-model classifiers.

Breast cancer has the highest incidence and is the largest killer of women world-
wide, accounting for approximately 11.7% of all cancer cases and 6.9% of cancer 
deaths [8]. The histopathology of breast tissue biopsy remains the gold standard for 
definitive diagnosis because it allows pathologists to distinguish normal tissue from 
benign lesions, carcinoma in situ, and invasive carcinoma [9]. As it is a subjective 
process, it is prone to inter-observer discordance, especially in borderline cases [23].

Computational approaches have been widely applied to classify breast cancer 
histopathology images, thereby overcoming these challenges. Traditional machine 
learning techniques employed handcrafted features, such as Haralick textures, Gabor 
filters, and wavelet coefficients, and classifiers such as SVMs or RFs [23]. While 
these methods offered interpretability, they did not generalise to new imaging sites 
and staining protocols.

Recently, deep learning approaches have also shown great promise for classifying 
breast histopathology [9, 13]. CNNs could be trained directly on breast histology 
images to automatically acquire hierarchical features and achieve high classification 
precision. The ICIAR 2018 BACH Challenge provided a benchmark database to 
stimulate development in the area [9]. Several competing teams developed combina-
tions of CNN architectures, transfer learning, and ensemble models.

Recently, Ewers et  al. revealed a robust and transparent trend in research on 
hybrid deep learning and ensemble methods for medical image classification, with 
an emphasis on histopathology. Ogundokun, Owolawi, and Tu [24] are well-aligned 
with this work and demonstrate expertise in both convolutional autoencoders and 
ensemble learning for breast cancer classification. However, label scarcity and class 
imbalance remain major obstacles to identifying benign (non-cancerous) lesions 
or early-stage cancers. The use of CAEs as a self-supervised learning technique is 
a viable alternative to expert-based annotation, enabling the extraction of features 
directly from unlabelled histopathology without heavy reliance on a domain expert. 
Deep features extracted using CAEs can also enhance classifier robustness by reduc-
ing model-specific bias in small or imbalanced datasets [20]. Folorunso et al. [25] 
build on that foundation through transfer learning with EfficientNet architectures, 
and Ogundokun et  al. [26] demonstrate the versatility of hybrid deep-learning 
methodologies for brain tumour detection. Ogundokun et  al. [27] further extend 
the autoencoder/ensemble framework for lymphoma subtype classification. Taken 
together, all these projects present a cohesive, forward-thinking, and domain-spe-
cific contribution to AI-assisted medical imaging analysis.

In the last two years, several studies have extended beyond convolutional 
autoencoders to adopt contrastive learning, masked image modelling and trans-
former architectures in histopathology. Almubarak et al. [28] proposed a hybrid 
self‑supervised segmentation framework that integrates masked autoencoder 
reconstruction, multi‑scale contrastive learning, and an adaptive augmentation 
policy. Their approach significantly improves the Dice coefficient and mIoU on 
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diverse pathology datasets, using only 25% of the annotations, highlighting the 
importance of domain‑specific augmentation and multi‑scale representations 
[28].

Contrastive learning has also been used for classification tasks. Sani et al. [29] 
developed a modified supervised contrastive learning method for breast cancer 
histopathology that reduces false positives and improves image‑level accuracy to 
93.63%. Jain and Lynn [30] proposed an interpretable self‑supervised contrastive 
learning framework for colorectal histopathology that pre‑trains a ResNet50 encoder 
with contrastive objectives, achieves 85.86% classification accuracy and employs 
Grad‑CAM to highlight salient tissue regions. Contrastive objectives and saliency-
based interpretability can lead to the development of powerful, label-efficient 
models.

Recently, histopathological classification using vision transformers has been 
adapted. Fiaz et  al. [31] presented DFViT (Deep–Fusion Vision Transformer), a 
method that utilizes CNN feature extraction to extract both local and global tissue 
patterns from images using both replica and CNN to provide high levels of accu-
racy, precision, and recall on the BreakHis, BACH, and UCSC databases. He et al. 
[32] did so for breast cancer recognition via a model that integrated deformable fil-
ters and wavelet-Fourier frequency components in the spatial-frequency domain on 
a vision transformer. Both methods demonstrated improved performance over clas-
sical CNNs on benchmark datasets; however, they require substantial amounts of 
labelled training data and computational resources to achieve comparable accuracy.

Across the surveyed literature, authors have shown that combining self-super-
vised deep feature learning with ensemble methods can improve medical image clas-
sification, particularly when annotated datasets are limited. In breast cancer histo-
pathology, where the acceptable discrimination between benign, pre-cancerous, and 
cancerous tissue is critical, such fusion strategies are extremely promising. How-
ever, little work has explicitly combined self-supervised CAE-based feature learning 
with stacked ensemble classifiers for breast cancer image classification. This work 
addresses this by proposing CAE-StackNet, a novel hybrid approach tailored for 
effective and robust breast cancer histopathology classification on the BACH data-
set. The present study complements these developments by using a convolutional 
autoencoder for self‑supervised feature extraction and demonstrating that ensem-
ble methods can achieve competitive performance without extensive annotation or 
transformer architectures.

3 � Materials and Methods

This paper proposes a Self-Supervised Feature Learning with a Convolutional 
Autoencoder and a Hybrid Stacked Ensemble framework for data-efficient, robust 
breast cancer histopathology image classification. This pipeline provides three suc-
cessive steps: (1) self-supervised deep feature learning by a CAE; (2) hybrid stacked 
ensemble classification with various base classifiers and a meta-classifier; and (3) 
assessment and performance evaluation.
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3.1 � The BACH Dataset

The ICIAR 2018 BACH Challenge Dataset, an open-access benchmark dataset for 
breast cancer histopathological image classification, is employed in the study [9, 31]. 
The BACH dataset includes 400 H&E-stained breast histopathology images, catego-
rised into four classes: Normal Tissue (200 images), Benign Lesions (200 images), 
In  Situ Carcinoma (200 images), and Invasive Carcinoma (200 images). All images 
are provided in 2048 × 1536-pixel resolution, making feature extraction difficult due to 
the tissue’s high textural and morphological intricacy. To standardise input for the pro-
posed framework, images were resized to 128 × 128 pixels during preprocessing.

3.2 � Self‑Supervised CAE

The CAE is a self-supervised feature extractor that learns a compact representation 
(bottleneck) from each input image without requiring class labels. The CAE consists 
of:

•	 Encoder: A deep convolutional stack compressing the input image into a low-
dimensional latent vector.

•	 Decoder: A symmetrical transposed convolutional stack that reconstructs the input 
image from the latent vector, ensuring the preservation of diagnostic features.

The encoder consists of three convolutional layers with increasing filter sizes (32, 
64, 128), followed by ReLU activation and stride-based downsampling. The decoder 
reverses this process using transposed convolutional layers to upsample the latent vec-
tor back to the input resolution. The final output layer uses a sigmoid activation to 
reconstruct pixel intensities within the range [0, 1].

The CAE is trained to minimise the Mean Squared Error (MSE) between input and 
reconstructed images:

This forces the encoder to capture compact, meaningful representations that preserve 
essential morphological and textural features critical for downstream classification.

Prior to CAE training, each image undergoes the following:

•	 Resizing to 128 × 128 pixels
•	 Normalization to [0, 1] range

3.3 � Feature Extraction and Vectorization

After training, the CAE encoder segment is extracted and applied to all images to 
obtain bottleneck features. Thus, each input image is transformed into a 1D vector 

(1)LMSE =
1

n

n
∑

i=1

(

xi − x̂i
)2
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representing the latent space learned by the CAE. These vectors, which capture 
diagnostic tissue properties, form the feature set for downstream classification.

3.4 � Implementation Setup and Hyperparameter Tuning

The entire pipeline was implemented using PyTorch for the CAE and Scikit-Learn 
for classical classifiers and stacking. Training utilised an NVIDIA GPU for CAE 
optimisation, while classifier training was performed on a CPU. The Adam opti-
miser with a learning rate of 0.001 and a batch size of 32 was used to train the 
CAE for 30 epochs. All experiments were conducted on the BACH dataset to ensure 
direct relevance to breast cancer histopathology.

3.4.1 � Hyperparameter Tuning and Cross‑Validation

The dataset was split into 70% training and 30% testing, ensuring class balance 
within each split. A fivefold stratified cross‑validation was used on the training 
set for hyperparameter tuning and to estimate variability. For the CAE, we empiri-
cally selected a three‑layer encoder–decoder architecture with filter sizes [32, 64, 
128], kernel size 3 × 3, ReLU activations, batch normalization and stride‑2 down-
sampling. The decoder used transposed convolutions to mirror the encoder and a 
final sigmoid activation. The model was optimised using Adam (learning rate 0.001, 
β1 = 0.9, β2 = 0.999), a batch size of 32, and early stopping on the validation loss 
with a patience of 5 epochs. Weight decay of 1 × 10⁻− was used to regularize the 
latent space.

3.4.2 � Classifier Hyperparameters

GridSearchCV from Scikit-Learn was used to tune the base classifiers. The RF 
searched over n_estimators ∈ {100,  300,  500}, maximum depth ∈ {None,  10,  20}, 
and max_features ∈ {‘sqrt’, ‘log2’}. The SVM used a radial basis function kernel 
with C  ∈ {0.1, 1, 10} and gamma ∈ {0.01, 0.1, 1}, and class weights were balanced 
to mitigate class imbalance. The MLP had one or two hidden layers with [64, 128] 
neurons, ReLU activations, a dropout rate of 0.3, and was trained with Adam 
(learning rate 0.001). The meta-learner RF used n_estimators 500 and max_fea-
tures  = ‘sqrt’. Hyperparameters were selected based on the highest mean AUC on 
the validation folds.

3.4.3 � Evaluation Metrics

For each model, we report accuracy, precision, recall, F1 score, area under the ROC 
curve (AUC), and average precision (AP). Confidence intervals for accuracy and 
AUC were estimated via 1000 bootstrap resamples of the test set. DeLong’s test was 
applied to compare AUCs between models, and paired t-tests were used to assess 
differences in accuracy and F1-score. Statistical significance was set at p < 0.05.
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3.5 � Proposed Model

Given the complex intra-class variability and overlapping morphological features 
in breast cancer histopathology, a single classifier may struggle to establish robust 
decision boundaries. Therefore, the proposed framework employs a stacked ensem-
ble classifier that combines multiple complementary learners.

The following diverse classifiers were selected as base learners to maximise com-
plementary learning biases:

•	 Random Forest (RF): Strong for handling mixed and noisy features.
•	 Support Vector Machine (SVM): Effective for high-dimensional data and well-

suited to small medical datasets.
•	 Multi-Layer Perceptron (MLP): A feedforward neural network capable of non-

linear decision-making.

An RF classifier acts as the meta-learner, responsible for learning an optimal 
combination of the base classifiers’ predictions. The stacked ensemble is formally 
defined as:

where x denotes the CAE-extracted feature vector.
The proposed model combines a CAE for unsupervised feature extraction with 

a Stacked Ensemble Classifier for supervised classification of histopathological 
images. The CAE first compresses the input images into compact latent represen-
tations, preserving important spatial and structural information. The base classifi-
ers include RF, SVM, and MLP, and the flattened encoded features are standard-
ised before being passed to them. Through a second level of combining the output 
of the first level of classifiers (base models), a second level (meta-classifier, RF) is 
then used to combine predictions from each of the first level classifiers in a stacked 
ensemble approach, which means the predictions of the first level classifiers are 
combined to create a new classifier, which is then created by combining multiple 
classifiers to improve classification accuracy and robustness. By leveraging the rep-
resentational capacity of convolutional networks and the complementary benefits of 
different machine learning algorithms, this hybrid pipeline combines the strengths 
of both approaches. All performance metrics (accuracy, precision, recall, F1-score, 
AUC, AP) will be evaluated, and the final stacked model will be optimised using 
GridSearchCV. The integration of Deep Feature Learning with Ensemble Decision 
Making creates a very robust framework for Medical Image Classification. This 
model flow is depicted in Fig. 1.

The base classifiers chosen were RF, SVM and MLP because of their comple-
mentary inductive biases. RF aggregates many decision trees and generalises well 
across heterogeneous feature sets and imbalanced data; SVMs perform well on very 
high-dimensional medical datasets with few observations; and MLPs learn non-lin-
ear decision boundaries using multiple layers of a deep feedforward neural network. 
Prior research has indicated that combining tree-based, margin-based and neural 

(2)y = fmeta
(

fRF(x), fSVM(x), fMLP(x)
)
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classifiers can improve generalisation to new datasets. The meta-level RF was cho-
sen for its stability and its ability to model second-order interactions among the base 
predictions.

4 � Results and Discussion

Figure 2 depicts the training and validation losses for all models over the course of 
training. There was smooth, steady convergence in each curve across all training 
epochs; therefore, the models were optimally trained, with no over- or underfitting. 
The large initial drop in both training and validation loss, followed by a tapering-off 
period, indicates that the models were successfully learning the underlying patterns 
in the data. The relatively small difference between the training and validation losses 
across all training epochs indicates that all models exhibit good generalisation per-
formance. Successful learning from the training process provides a strong basis for 
evaluating and comparing the performance of future models.

As shown in Fig. 3, the confusion matrices for Random Forest, SVM, MLP, and 
the Stacked Classifier illustrate classification performance across all four target 
classes (Benign, InSitu, Invasive, and Normal). The Random Forest and MLP mod-
els exhibit clear classification performance, with minimal classification errors for 
their respective classes and superior classification performance in the Invasive and 

Fig. 1   Proposed hybrid system framework
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Normal classes. On the other hand, the SVM model has had difficulty classifying 
the Benign and InSitu classes, making it challenging to reliably separate them. The 
Stacked Classifier, which leverages the properties of individual classifiers to form 
a single classifier that uses all of them as input, has demonstrated that the resulting 
classifier is more balanced in terms of misclassification errors than any individual 
classifier, highlighting the advantage of ensemble learning.

The analysis is supported by the area under the curve (ROC) and the area under 
the precision-recall curve, as shown in Figs. 4 and 5. Stacking classifiers achieves 
superior performance across both metrics (0.98 for AUC and 0.95 for AP), with 
Random Forest ranking next at (0.98 and 0.97) and Multi-Layer Perceptron (0.96 
for AUC and 0.92 for AP) not far behind. SVMs perform reasonably well but fall 
short of all three ensembles (0.94 for AUC and 0.87 for AP), indicating they do not 
perform as well as these ensembles. The results demonstrate that ensemble classi-
fiers/evaluators improve performance in multi-class classification by combining the 
strengths of multiple individual classifiers/evaluators, yielding more robust, high-
performing classifier/evaluator systems. The overall findings confirm the suitability 
of the stacked model for accurate and reliable classification in this diagnostic setting.

4.1 � Model’s Performance Evaluation

The performance analysis presented in Fig. 6 and tabulated in Table 1 shows that 
the best-performing model, with the highest AUC (0.99) and AP (0.96), is the 
Stacked Classifier, i.e., it exhibits the most significant class separation and the most 
pronounced precision-recall curve. Additionally, its underlying evaluation metrics, 
accuracy, precision, recall, and F1-score, are all within 0.87 to 0.88, showing that 
it performs robustly in all aspects of evaluation. This emphasises the advantage of 

Fig. 2   CAE training and validation loss curve
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Fig. 3   a–d Models confusion matrix

Fig. 4   Models confusion ROC curve
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combining multiple models in a stacking regime, where the strengths of the con-
stituent base learners are aggregated to minimise overall error.

The MLP classifier has a decent baseline, AUC = 0.98 and AP = 0.95, nearly as 
good as the Stacked Classifier. With all accuracy, precision, recall, and F1-score 
equal to 0.89, MLP is just a hair better than the Random Forest. This is a tribute to 
MLP’s capacity to learn fine patterns in the data and, hence, to be a decent model. In 

Fig. 5   Models PR curve

Fig. 6   Models performance comparison
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the meantime, Random Forest also performs well, with AUC = 0.97 and AP = 0.94, 
demonstrating its strength, albeit less than that of the MLP and Stacked Classifier. 
Although successful, it loses less from synergy gained through stacking.

Conversely, SVM is the poorest with the lowest accuracy (0.74) and recall (0.73), 
which explains its poor performance in correctly labelling all suitable positive 
instances. Despite its AUC (0.91) and AP (0.85), which remain significant, the sub-
stantial gap relative to other models suggests that SVM does not maintain balanced 
performance across all metrics. This could be due to the inability to efficiently map 
the data into a separable feature space, or to the kernel’s limited expressiveness for 
this classification task. Overall, the findings indicate that ensemble methods consist-
ently outperform individual models, with the Stacked Classifier achieving the high-
est overall and most reliable classification performance.

4.2 � Comparison Analysis

4.2.1 � Comparison with Other Unsupervised Feature Extractors

Recent self-supervised methods, such as masked autoencoder-based hybrid frame-
works [28] and modified supervised contrastive learning [29], have achieved high 
accuracies (93.63% in breast cancer classification) but typically require large batch 
sizes and extensive pre-training. In our experiments, we implemented a Sim-
CLR-style contrastive pre-training on BACH using a ResNet18 backbone. After 
200 epochs of contrastive training and classifier fine-tuning, the best model achieved 
an AUC of 0.97 and an accuracy of 0.88, comparable to CAE StackNet but at the 
cost of longer training time and a larger memory footprint. Thus, while contrastive 
learning yields strong representations, the CAE offers a lighter, easier-to-train alter-
native. Integrating masked autoencoders and contrastive objectives will be explored 
in future work to potentially further improve performance.

4.2.2 � Comparison with State‑of‑the‑Art Models

Transformer-based frameworks such as DFViT [31] and spatial–frequency domain 
transformers [32] have recently achieved accuracies above 93% on BACH and 
BreakHis. However, these models rely on fully supervised training and require 
thousands of labelled images. By contrast, CAE StackNet leverages self-supervised 
feature learning to achieve a test AUC of 0.99 and an AP of 0.96 using only 400 

Table 1   The evaluations of the implemented models

Model Accuracy Precision Recall F1-score AUC​ AP

Random Forest 0.88 0.88 0.88 0.88 0.97 0.94
SVM 0.74 0.78 0.73 0.75 0.91 0.85
MLP 0.89 0.89 0.89 0.89 0.98 0.95
Stacked Classifier 0.87 0.88 0.87 0.87 0.99 0.96
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labelled images. Furthermore, our ensemble can be trained on modest computational 
resources, making it more accessible to institutions with limited hardware.

4.3 � Ablation Study

To evaluate the contribution of each element to the classifiers’ performance, we con-
ducted ablation studies. As our first step, we trained the classifiers using only the 
raw downsampled (128 × 128 pixels) pixel intensity values (flattened & normalized), 
and each classifier performed poorly (AUCs: RF = 0.82; SVM = 0.78; MLP = 0.80), 
demonstrating that using the raw pixel values is not a valid method for perform-
ing robust classification. In our second step, we trained each classifier using indi-
vidual features extracted from the CAE. The MLP produced the highest AUC of any 
single classifier (0.96), followed closely by the RF (0.95), and SVM (0.91). In our 
third step, we continued to build on these results by replacing the stacked ensemble 
(CAEs + RF) with a standard RF classifier trained on CAE features (the “CAE + RF” 
model), achieving overall AUC and AP scores of 0.97 and 0.94, respectively. Finally, 
we measured the overall performance of the full CAE stack (StackNet), achieving an 
AUC of 0.99 and an AP of 0.96. Statistically, we validated the improved perfor-
mance of the full stack by comparing it to the CAE + RF baseline using DeLong’s 
test (p = 0.031), demonstrating a statistically significant improvement in classifica-
tion performance with stacked ensembling over CAE features alone. Together, these 
analyses demonstrate that the self-supervised encoder and heterogeneous ensemble 
are critical to achieving superior performance.

4.4 � Discussion

The performance results highlight the robustness of both ensemble learning and 
individual classifiers, complementing each other in breast cancer histopathological 
image classification. The highest accuracy was achieved by MLP, with a value of 
0.89, along with precision, recall, and F1-score of 0.89, indicating that it efficiently 
captures the non-linear relationships in the feature space extracted by CAE. RF 
trailed closely behind at 0.88 accuracy and balanced precision, recall, and F1-scores 
of 0.88. It could also demonstrate its robustness to noisy or redundant features, a 
typical problem in histopathological image analysis. The SVM, although still effec-
tive for high-dimensional data, was the least accurate (0.74) and had lower recall 
(0.73), indicating that its optimal margin separation was compromised by the over-
lapping class boundaries characteristic of breast cancer histology.

Surprisingly, the Stacked Classifier using all three base models achieved an 
accuracy of 0.87, which ranks below that of the single MLP but demonstrates an 
enhanced AUC (0.99) and mean precision (AP) of 0.96, the best performance. This 
is consistent with the observation that, although the stacked model did not achieve 
the highest accuracy, it had excellent discriminative power, meaning it could cor-
rectly separate benign from malignant cases even when class distributions over-
lapped. This aligns with the established strength of stacked ensembles in medical 
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image analysis, where model aggregation learning, through complementary decision 
boundaries, enhances robustness across different tissue morphologies [12, 13].

The bootstrap confidence intervals (95% CI) for the stacked model’s AUC [0.98, 
0.995] and accuracy [0.85, 0.90] overlapped minimally with those of the best single 
model (MLP), and DeLong’s test confirmed that the improvement in AUC was sta-
tistically significant at the 5% level, reinforcing the benefit of ensemble learning.

The high AUC scores across all models (0.91–0.99) reflect the diagnostic ability 
of CAE-extracted features, supporting the capacity of self-supervised representation 
learning to capture significant morphological and architectural information from 
histopathology slides. The CAE’s ability to exhibit glandular morphologies, nuclear 
atypias, and stromal textures understandably contributed to such high separability, 
consistent with work by Hussein et  al. [7] and Chen et  al. [18], who emphasized 
diagnostic usefulness in the autoencoder-contracted latent spaces. Stacked classifier 
dominance in AUC confirms that combining heterogeneous learners into a meta-
model enhances discriminability, even though it does not yield the ultimate absolute 
accuracy.

Overall, these results identify hybrid learning pipelines that combine self-super-
vised feature learning with ensemble classification using heterogeneous model sets 
as an operational, deployable solution for breast cancer histopathology imaging. 
With the method not overly reliant on heavy hand-annotation, the process of gener-
ating generalizable and diverse models yields diagnostic performance, robustness, 
and interpretability, core requirements for operational readiness in digital pathol-
ogy [9, 33]. Future endeavors should evaluate this approach on larger, multi-center 
cohorts and explore including explainability techniques to enhance clinical confi-
dence and transparency (Samek et al., 2017).

4.5 � Clinical Implications

Clinically, CAE-StackNet offers several advantages that directly address key issues 
in breast cancer diagnosis. Possibly the most important advantage is its potential to 
reduce reliance on large, annotated datasets, an inherent weakness of medical imag-
ing research. Histopathological images must be annotated by highly skilled individ-
uals, often pathologists who work long hours reviewing slides at high magnification 
to generate accurate class labels. This annotation process is costly and time-consum-
ing, and it is an inter-observer variable, especially for lesions at the border, such as 
distinguishing atypical hyperplasia from ductal carcinoma in situ (DCIS). Through 
self-supervised learning, CAE-StackNet can pre-train on unlabeled images and learn 
fundamental tissue architectures and spatial information without human-provided 
annotations. This significantly decreases the initial annotation burden, allowing 
pathologists to focus on quality assurance and refinement rather than image-level 
manual labelling.

A second clinically useful advantage of CAE-StackNet is its ability to preserve 
and leverage diagnostic textures, such as nuclear atypia, glandular distortion, and 
stromal architecture, which are crucial morphological cues for pathologists to dis-
criminate between benign and malignant tissues. Conventional machine learning 
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pipelines that rely on engineered features have generally been unable to identify 
these complex, subtle features, especially on variably stained slides or specimens 
with heterogeneous histology. On the other hand, CAE-StackNet directly learns 
hierarchical pixel representations, so that fine cytological features and overall archi-
tectural patterns contribute equally to the diagnostic decision. The use of this tech-
nique will enable the clinician to interpret the data in a way consistent with how 
pathologists perform visual reasoning, reducing the number of times the interpreta-
tion generates uncertain or biased explanations of how the system arrived at a given 
classification decision.

The CAE-StackNet technology does not just predict a simple dichotomy of 
malignant or normal; it allows the clinician to consider the circumstances under 
which they are assessing a patient’s condition within a multi-class/multi-label clas-
sification scheme. Breast cancer histopathology is an intersection of multiple tissue 
types, with fine distinctions among them that must be identified for clinical pur-
poses. There are different treatment implications associated with each histopathol-
ogy category. For instance, patients diagnosed with in situ carcinoma would be eli-
gible for breast-conserving therapy, and those diagnosed with invasive carcinoma 
would most likely require some form of adjuvant therapy and then possibly surgery. 
In both cases, CAE-StackNet’s ability to provide specific information about the rec-
ognition of these patient types through automated analysis will provide the clinician 
with clinically appropriate diagnostic information on which to base treatment deci-
sions and prognosis.

In summary, CAE-StackNet bridges the gap between the clinical usability of 
image-based data and the challenges posed by computational intelligence, address-
ing data scarcity, morphological complexity, and the subtlety of diagnostic criteria 
unique to breast cancer histopathology. The system is closely aligned with clinical 
practice workflows to provide decision support that can improve diagnostic agree-
ment and pathologists’ efficiency, thereby enhancing overall patient outcomes.

4.6 � Limitations

Even though CAE-StackNet displays impressively positive results, the CAE 
architectures have their weaknesses. The biggest limitation at this stage relates 
to the datasets themselves. CAE-StackNet was trained and evaluated on the 
BACH dataset, a benchmark dataset with specific conditions (e.g., staining pro-
tocols, image acquisition parameters, and tissue sample preparation). In clinical 
settings, real-world histopathology images are generated across a vast number of 
laboratories with varying staining intensities, scanner settings, digital magnifica-
tion, and image resolutions; thus, multiple imaging sources produce images with 
very different appearances. Therefore, different data sets may not be amenable 
to applying the trained CAE-StackNet model, and thus, the model’s performance 
on images from institutions outside the BACH dataset will lack adequate exter-
nal validity and clinical generalizability. This limitation presents a challenge 
for validating the model across institutions that use different imaging methods; 
future work will incorporate greater variation in image sources, specifically with 
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respect to staining (e.g., hematoxylin and eosin stain, immunohistochemistry) and 
slide conditions/quality. Implementation of domain adaptation techniques and 
stain normalization [34] to enhance model performance would provide similar 
increases in models’ ability to generalize to real-world variations.

A second key limitation arises from the CAE reconstruction objective itself. 
Even though the autoencoder learns compact representations by minimising 
pixel-level reconstruction loss (MSE), this approach is pathology-structure-
agnostic rather than pathology-specific to structures such as glandular morphol-
ogy, cellular orientation, or nuclear-cytoplasmic ratios, all of which are diagnosti-
cally critical in breast cancer grading. Such universal reconstruction loss will lead 
to the over-augmentation of foreign background texture or non-informative tissue 
artifact, dampening the focus on vital histopathological biomarkers. To prevent 
such an occurrence, follow-up research would utilise a pathology-sensitive loss 
function that incorporates morphological priors, nucleus segmentation masks, or 
shape priors for the glandular region as components of the CAE training objec-
tive [35]. This would ensure that the resultant acquired latent features are com-
pact and clinically valuable, as with pathologists’ reading of tissue morphology.

An important limitation of the current CAE‑StackNet is the lack of integrated 
explainability. Clinicians require transparency regarding which regions of the his-
topathology slide influence the model’s prediction. Recent self‑supervised con-
trastive frameworks incorporate Grad‑CAM to produce heatmaps that highlight 
discriminative regions and have shown that this interpretability enhances trust 
[30]. In future work, we plan to integrate Grad‑CAM and saliency maps into the 
CAE‑StackNet pipeline by projecting encoder activations back onto the image 
plane, enabling visualisation of nuclei, glandular structures, and stromal patterns 
that drive the prediction. This step will align the framework with the require-
ments of explainable AI in digital pathology.

Although CAE-StackNet is highly accurate in its predictions, it has limitations 
as an interpretative tool for clinical deployment. Clinicians and pathologists are 
increasingly relying on explainable AI (XAI) tools to provide visual and semantic 
explanations for each model’s prediction, especially since these predictions can 
significantly affect diagnosis and treatment decisions. At present, CAE-StackNet 
does not provide any internal XAI modules that enable the back-projection of 
learned latent features to spatial regions in the input images of diagnostic con-
cern. The importance of obtaining such interpretative information is exemplified 
in cancer pathology, where pathologists need this type of data to trust and adopt 
CAE-StackNet. In the future, embedding Grad-CAM [36] and/or attribution sali-
ency maps directly onto CAE bottleneck features could enhance the system’s spa-
tial interpretability and make it more user-friendly for pathologists. Such visual 
explanations could also assist junior pathologists by highlighting the regions of 
the input images that affect the classification decision.

Although CAE-StackNet serves as an excellent beginning for classifying his-
topathology of breast cancer, it will require more than just overcoming variable 
datasets, sensitivity of pathology, and interpretability for it to be utilized in the 
real world. The challenges involved in future technological advancements are not 
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just attainable; they are also driven by regulatory approvals and clinical utility, 
which will ensure that an AI-based pathology tool is both accurate and consistent.

5 � Conclusion

This study proposed and evaluated CAE-StackNet, a hybrid framework that inte-
grates self-supervised feature extraction using a CAE with a heterogeneous stacked 
ensemble classifier for challenging breast cancer histopathology image classifica-
tion on the BACH dataset. By leveraging CAEs’ ability to learn rich, morphology-
preserving representations from unlabelled images and combining the strengths of 
RF, SVM, and MLP classifiers within a stacked ensemble, the proposed framework 
demonstrated promising performance across multiple evaluation metrics.

The results confirm that individual models, such as MLP and Random Forest, 
were particularly effective, achieving accuracies of 0.89 and 0.88, respectively, with 
strong precision, recall, and F1 Scores. However, the stacked classifier demonstrated 
superior discriminative performance, with an AUC of 0.99 and an average preci-
sion of 0.96, confirming that combining complementary classifiers enhances robust-
ness and reduces individual model biases. This hybrid approach, therefore, offers 
a clinically relevant compromise: it balances high classification performance with 
improved sensitivity to subtle morphological changes across different tissue types.

From a practical standpoint, the study highlights the utility of self-supervised 
representation learning in histopathology, where obtaining large, well-annotated 
datasets is challenging and diagnostic variability among pathologists can be sub-
stantial. CAE-StackNet offers a scalable path toward developing data-efficient, gen-
eralizable diagnostic tools by minimising reliance on manual labelling. Moreover, 
the improved ability to differentiate benign from malignant tissue across multiple 
cancer subtypes (normal, benign, in situ, invasive) enhances the framework’s poten-
tial contribution to computer-aided diagnosis (CAD), particularly for supporting 
early detection and treatment planning.

Future work should focus on external validation across multi-center datasets to 
confirm generalizability, pathology-aware feature learning to further align latent 
space representations with clinical diagnostic reasoning, and integration of explain-
ability techniques to improve transparency and pathologist acceptance. By continu-
ing to refine and extend the CAE-StackNet framework, this line of research has the 
potential to significantly advance AI-assisted digital pathology, offering more con-
sistent, interpretable, and scalable diagnostic support for breast cancer detection and 
grading.

6 � Future Directions

Future research will focus on hybrid architectures that integrate masked autoen-
coders, contrastive learning, and transformer blocks to provide an advanced level 
of understanding of both local and global histological patterns, building on CAE-
StackNet. The addition of domain-specific loss functions to further emphasise the 
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morphology of nuclei and the architectural organisation of glands will also improve 
the performance of the model, along with the validation of CAE-StackNet on mul-
tiple organisations’ datasets, and the use of interpretability and explainability tools, 
like Grad-CAM and saliency maps, will increase its clinical relevance. Further vali-
dation will come from comparing CAE-StackNet with other BACH and BreakHis 
models from recent challenges, such as DFViT [31] and S-FDFEM [32], to assess its 
alignment with the current state-of-the-art methodology.
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