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Abstract

Histopathological image analysis remains the cornerstone of cancer diagnosis; how-
ever, manual assessment is challenged by stain variability, differences in imaging
magnification, and complex morphological patterns. The proposed multi-pretrained
deep learning fusion (MPDLF) approach combines two widely used CNN architec-
tures: ResNet50, which captures deeper semantic representations, and VGG16, which
extracts fine-grained details. This work differs from previous fusion studies by pro-
viding a controlled evaluation of early, intermediate, and late fusion for integrat-
ing two pretrained CNN backbones (ResNet50 and VGG16) under single-modality
histopathology constraints. To isolate the fusion effect, identical training settings are
used across three public H&E datasets. Early fusion achieved the best test perfor-
mance for the two primary tasks reported here: breast cancer binary classification (ac-
curacy = 0.9070, 95% CI: 0.8742-0.9404; AUC = 0.9707, 95% CI: 0.9541-0.9844) and renal
clear cell carcinoma (RCCC) five-class grading (accuracy = 0.8792, 95% CI: 0.8529-0.9041;
AUC (OvVR, macro) = 0.9895, 95% CI: 0.9859-0.9927). Future work will extend these ex-
periments to additional magnification levels (100x, 200x, and 400x) for breast cancer
histopathology images and explore advanced hybrid fusion strategies across different
histopathology datasets.

Keywords: histopathology; early fusion; intermediate fusion; late fusion

1. Introduction

Cancer continues to be one of the leading causes of death worldwide [1-3], despite sig-
nificant achievements in medical imaging technology and advanced therapies. The recent
global statistics indicate that cancer caused approximately 10 million deaths in 2020 [2] and
nearly 20 million new cases were reported in 2022 [4]. Medical imaging plays an impor-
tant role in all stages of cancer treatment, involving diagnosing, staging, recommending
treatments, and assessing how patients respond to therapy [5,6]. In modern medicine,
medical imaging such as computed tomography (CT), magnetic resonance imaging (MRI),
ultrasound (US), positron emission tomography (PET), and histopathology images are
widely used by oncologists to diagnose cancer [7,8]. Although imaging techniques such as
CT, MR, PET scans, ultrasound, and mammograms aid in cancer detection, histopathology
images remain the gold standard for confirming malignancy [9-11]. Histopathology images,
especially those that are stained with Hematoxylin and Eosin, play an essential role in

Appl. Sci. 2026, 16, 1964

https:/ /doi.org/10.3390/app16041964


https://crossmark.crossref.org/dialog?doi=10.3390/app16041964&domain=pdf&date_stamp=2026-02-16
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-5970-3531
https://doi.org/10.3390/app16041964

Appl. Sci. 2026, 16, 1964

20f31

cancer diagnosis, grading, and prognosis [12-14]. Tissue processing for histopathology
images preserves its architecture, which assists in identifying disease characteristics and
providing essential insights into tumor morphology, structural abnormalities, lymphocytic
infiltration, and biological behavior [12,15]. Recent technological advances have improved
the quality of histopathology images, which has led to a reduction in disease complica-
tions and an improvement in patient outcomes. However, the manual interpretation of
histopathology images is prone to inter-observer variability, requires specialized expertise,
and is time-consuming [14,16].

As the technology has evolved, histopathological analysis has been digitized via whole-
slide images (WSI) [9]. The advancement in digital pathology has facilitated large-scale
histopathology images and the development of computational tools, and has improved the
efficiency in clinical workflows [17,18]. Due to the advancement of artificial intelligence,
deep learning has contributed to digital pathology by offering the potential to improve the
accuracy of cancer classification and detection. Recently, many studies have demonstrated
the effectiveness and power of deep learning, particularly convolutional neural networks
(CNNSs), in detecting various diseases by analyzing histopathology images, including
lung cancer classification [19,20], breast cancer classification [21,22], and brain tumor
classification [23,24], etc. CNNs overcome the limitations of manual feature engineering
through their capability to automatically extract hierarchical feature representations [15,25].
Both qualitative data (e.g., architectural patterns such as gland formation, stromal vs.
epithelial layout, etc.) and quantitative data (e.g., cell counts, nucleus counts, mitotic
counts, etc.) can be extracted from the histopathology images and are essential for accurate
diagnoses and monitoring the progression of disease [13,14].

Despite notable advances in deep learning for histopathology image analysis, achiev-
ing high accuracy remains one of the key challenges for deep learning models for computa-
tional pathology. This is attributed to the heterogeneous and complex nature of cancerous
tissues, the lack of large labeled datasets, and variations in image quality caused by differ-
ences in staining protocols and different magnification levels [26]. Multi-pretrained deep
learning models with fusion strategies have emerged as a potential solution to improve the
accuracy of histopathology image classification with limited datasets. This study aims to
evaluate the effectiveness of multi-pretrained deep learning models using different fusion
strategies for the classification of breast cancer histopathology images and renal clear cell
carcinoma (RCCC) grading.

This study employs the proposed model to systematically evaluate practical fusion
design choices when integrating multiple pretrained deep learning models under single-
modality constraints. The findings offer actionable guidance for selecting optimal fusion
strategies in histopathology image analysis, especially in settings where multi-source data
are unavailable. By systematically analyzing fusion approaches, this work aims to advance
more accurate deep learning frameworks for cancer histopathology analysis. The main
contributions of this study are: (1) to present a controlled comparison of early, intermediate,
and late fusion while keeping the pretrained backbones and the training protocol fixed
and (2) to evaluate the fusion strategies consistently across three public histopathology
classification tasks, spanning binary and multiclass settings.

2. Related Work

Recently, technological advancements have transformed the workflow of histopathol-
ogy image analysis from the traditional practice (manual review of glass slide) to digital
workflows supported by whole-slide imaging (WSI) and deep learning [27,28]. This trans-
formation has improved cancer diagnosis, enabling gigapixel-scale image computation,
accurate classification, and automated tumor grading [29]. Deep learning offers great
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benefits to pathologists and patients by enhancing workflow efficiency, accelerating inter-
pretation speed, and making the diagnosis more reliable [28,30,31]. Many recent studies
have highlighted the applications of deep learning, including cancer diagnosis, tumor
grading, molecular prediction, and automation of pathological workflows. For instance,
a recent study conducted by Y. Ma et al. demonstrated that most studies related to deep
learning in histopathology focused on diagnosis (30.9%) and detection (24.2%) tasks and
have achieved the highest performance (AUC = 96%), affirming that deep learning has
become central to cancer diagnostics [32]. Moreover, deep learning can extract features
from histopathology images that can help in inferring molecular subtypes, mutations, and
treatment response [33]. Furthermore, deep learning models have achieved high accuracy
in the automatic grading of meningiomas [34], predicting breast cancer [35], and predicting
genetic mutations and protein biomarkers from histopathology images for cancer types
such as colorectal carcinoma and melanoma [36], etc. Although deep learning has achieved
remarkable advancements in computational pathology, several challenges still limit its
implementation into clinical practice, such as the complexity of whole-slide imaging, lack of
diverse and well-annotated datasets, model interpretation issues, technical variations across
clinics, and ethical and regulatory factors [37—40]. These limitations hinder the effectiveness
of the unimodal or single model, which struggles to capture the rich and diverse features
that are necessary for achieving high classification accuracy. Recent studies [41-47] have
shown that multi-modal approaches using fusion strategies offer promising opportunities
to enhance the classification accuracy. By leveraging the strength of multiple pretrained
deep learning models and extracting richer features, these approaches have been effective
in handling the complexity of histopathology images [48,49]. However, the multi-modal ap-
proach requires an effective fusion strategy to combine the extracted features from different
pre-trained models to gain better performance.

In biomedical research, multimodal fusion strategies are widely applied to extract
the complementary information across modalities such as genomics, clinical data, and
medical imaging [50,51]. By applying data fusion strategies, multimodal aims to combine
the extracted features into a unified space, which can help to enhance the predictive
accuracy, and thus advance precision oncology, through improved diagnosis and treatment
selection [52,53]. The most predominant fusion strategies used in multimodal deep learning
are generally classified into four broad strategies: early (input/feature-level), intermediate
(feature/joint level), late fusion (decision-level), and hybrid fusion (combination of multiple
fusion strategies) [52,54]. Early fusion strategy relies on combining low-level features from
multiple modalities at the initial stage before feeding them into the deep learning model for
further training [52,55]. It is straightforward and efficient, as it involves the concatenation
of low-level features [44]. However, it is susceptible to noisy features that can affect the
outcomes. [55]. Intermediate fusion is known as joint fusion, and it relies on combining
feature vectors that are extracted by separate modality-specific branches at mid-network
layers [53,55,56]. This joint representation allows for the model to capture complex and
non-linear intermodal relationships [56]. It helps preserve fine-grained morphological
details, which are valuable in histopathology tasks [53]. Late fusion strategy relies on
averaging the predictions (probabilities) from separate models [52,53,55]. Unlike previously
mentioned fusion strategies, late fusion is limited in capturing fine-grained features, as
it only aggregates the final outputs of each modality [53]. Hybrid fusion is less common,
and it integrates different fusion strategies: for example, integrating features extracted by
intermediate fusion and late fusion [53]. In histopathology tasks, hybrid fusion can be used
to combine high-dimensional image features with low-dimensional features from other
clinical sources [57]. Figure 1 presents an overview of the common fusion strategies:
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Figure 1. An overview of the common fusion strategies.

Recently, in 2020, S. C. Huang et al. applied different fusion strategies (early, intermedi-
ate, and late fusion) to evaluate multimodal deep learning models for automated pulmonary
embolism classification by combining different sources of information (computed tomogra-
phy pulmonary angiography (CTPA) imaging with electronic medical records (EMR) of
patients) [54]. The findings showed that late fusion demonstrated the best performance
(AUROC = 0.947), outperforming the single modality. In 2022, Steyaert et al. developed
and compared multimodal deep learning models that combine histopathology whole slide
images and gene expression data for the purpose of improving survival prediction in adult
and pediatric brain tumors. ResNet50 was used for extracting features from histopathology
images, and a multilayer perception was used for extracting features from gene expression
data. The study evaluated early fusion, late fusion, and intermediate fusion (joint fusion).
The results showed that multimodal fusion models outperformed single modalities in sur-
vival prediction. The study demonstrated that early fusion performed the best and yielded
the highest test CS (0.836) among other fusion strategies [58]. In 2023, Cahan et al. devel-
oped and compared multimodal deep learning fusion models by fusing two sources of data,
CT pulmonary angiography (cTPA) imaging with electronic health record (EHR) tabular
data for pulmonary embolism 30-day mortality prediction. The study evaluated different
fusion strategies, including early fusion, intermediate fusion, and late fusion. The findings
demonstrated that the intermediate fusion strategy achieved the best performance with
AUC = 0.96, sensitivity = 90%, and specificity = 94%, outperforming single models that were
imaging-only and HER-only [59]. In 2023, Kumar et al. developed a deep learning multi-
modal fusion model for lung disease classification by integrating chest X-ray images with
clinical laboratory data. Different pre-trained CNN backbones, including DenseNet121,
DenseNet169, and ResNet50, were used for extracting features from X-ray images, while
LSTM and self-attention networks were used for training clinical data. The results showed
that intermediate fusion outperformed late fusion and single modalities, achieving a higher
F1-Score = 94.75% [48]. In 2023, Zheng et al. developed an application of transfer learning
and ensemble learning to improve the classification of histopathology images. A late fusion
strategy was employed to combine predictions from multiple pre-trained CNN models,
including VGG16, ResNet50, InceptionV3, and DenseNet12. The findings revealed that
the ensemble model outperformed single-pretrained models, achieving an accuracy ~ 98%
and an F1-Score > 0.97. These results indicated the effectiveness of using transfer learning
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with a late fusion strategy [60]. In 2024, Chakravarthy et al. proposed a hybrid fusion
strategy (intermediate + late fusion) to combine deep features from multiple CNN models,
VGG16, VGG19, ResNet50, and DenseNet121. The study aimed to enhance multiclass
classification of breast cancer, using mammography datasets. The extracted features were
concatenated and passed through a fully connected classifier. The results revealed that the
hybrid model achieved the highest accuracy, reaching 98.83%, outperforming late fusion
and single models [61]. In 2025, J. Li developed a hybrid fusion framework to improve the
early diagnosis of oral squamous cell carcinoma (OSCC) from histopathology images. The
hybrid model combined deep features from a cross-attention vision transformer (CrossViT)
with handcrafted texture and color features (LBP, GLCM, FCH) using hybrid feature-level
fusion and was classified using an artificial neural network (ANN). The hybrid fusion
model was compared with pre-trained models, including ResNet50/101, VGG16/19, Ef-
ficientNetB0/B7, ViT, and CrossViT. The results showed that the proposed hybrid model
achieved the highest performance with accuracy = 99.36%/99.59%, AUC ~ 0.999, and
sensitivity and specificity > 99% over both pre-trained models and ViT alone [62]. In 2025,
Das et al. implemented an ensemble learning framework using multiple pre-trained deep
learning models to improve the accuracy of diagnosing invasive ductal carcinoma (IDC)
from histopathology images. Breast histopathology images at three magnification levels
(100, 200, and 400x) were used. Pre-trained models, including ResNet50, Xception,
MobileNetV2, VGG16, and VGG19, were used to extract features from histopathology
images, and a late fusion strategy was implemented through the average and weighted
ensemble learning of multiple pre-trained models. The obtained results indicated that the
weighted average ensemble model (combining ResNet50, VGG16, and VGG19) achieved
the best performance across magnification levels, with accuracy = 97.27%, AUC = 0.975,
and F1-Score ~ 0.97, while ResNet50 was the best standalone model, achieving approxi-
mately 98% accuracy on 100 x images. The overall results showed that the ensemble model
achieved better generalization [41]. In 2025, Asif et al. applied an intermediate fusion strat-
egy through hierarchical concatenation to combine multi-scale deep features extracted from
MobileNet (pre-trained on ImageNet) and a custom multi-scale depthwise dilated residual
network (MSDDR-Net). Three public brain MRIs (Brain Tumor MRI Dataset, Br35H, and
Figshare) were used to assess the proposed model (HMDFF-Net). The results showed that
HMDFF-Net achieved 99.31% accuracy, 99.28% precision, 99.25% recall, and an F1-score
of 99.26 on the primary MRI multiclass dataset, outperforming DenseNet, ResNet, and
transformer-based models [63]. In 2025, Punarselvam et al. conducted a comprehensive
evaluation of deep learning models enhanced with feature fusion strategies to improve the
classification accuracy of cervical cancer using cytology and histopathology images. Differ-
ent fusion strategies were evaluated, including early fusion, intermediate fusion, late fusion,
and hybrid (CNN + Transformer) fusion. Different pre-trained models, including ResNet50,
DenseNet121, EfficientNet-B4, and a hybrid CNN-Transformer, were used. The findings
showed the superiority of hybrid fusion, achieving accuracy = 96.2%, precision = 96.0%,
recall = 96.5%, F1 = 96.2%, and AUC = 0.981 [64]. In 2025, Sahu proposed a deep learning
framework to improve brain tumor classification accuracy from MRI scans. The proposed
framework was based on hybrid fusion (intermediate + late fusion) to combine features
from different pretrained models, including VGG16, InceptionV3, DenseNet121, Xception,
and InceptionResNetV2. The majority voting strategy was used in the hybrid fusion. The
proposed ensemble model achieved the highest performance, reaching 99.46% accuracy,
0.995 precision, 0.995 recall, and a 0.992 F1-score, alongside an AUC of 0.995 [65].

The following comparative Table 1 presents a comprehensive overview of thirteen state-
of-the-art studies focusing on fusion strategies in multimodal deep learning for medical image
analysis across different diseases. The studies were conducted between 2020 and 2025.
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Table 1. A comprehensive overview of state-of-the-art studies focusing on fusion strategies in

multimodal deep learning.

Study Year Disease/Task Modality Implemented Model Fusion Level/Point Fusion Strategy Description
. Late fusion of
= Pulmonary Multimodal 3D CNN (CTPA) + i o .
>4 2020 embolism classification (CTPA + EMR) MLP/FENN (EMR) Decision-level (late)  modality-specific outputs
(probability-level)
s8] 2o Brain tumor Multimodal (WSI + ResNet50 (WSI) + MLP Feature-level; Early: concatenate .i“.‘at‘f?e +
D survival prediction gene expression) (gene expression) decision-level; joint OIICS Teatures; jomnt:
end-to-end; late: score fusion
Intermediate fusion of
[59] 2023 Pulmonary embolism 30-day Multimodal 3D CNN (CTPA) + MLP Feature-level imaging and tabular
mortality prediction (CTPA + EHR) (EHR tabular) (intermediate) embeddings (feature
concatenation/joint MLP)
DenseNet121/169/ResNet50 Intermediate: concatenate
[48] 2023 Lung disease classification Multimodal (CXR + (CXR) + Feature-level; image + clinica;l embeddings;
clinical/lab data) LSTM/Self-attention decision-level late: fusi 4
(clinical) ate: score fusion
. Single-modality Late (combine predictions
[62] 2023 . Hlstopathqlogy (histopathology V.GC’16’ ResNet50, Decision-level from multiple pretrained
image classification . InceptionV3, DenseNet121 - .
images) CNN s (voting/averaging))
. . Concatenate deep features;
[61] 2024 'Breast cancer Single-modality VGG16, VGG19, ResNet50, Feat'u're—level + final classification with EC
multiclass classification (mammography) DenseNet121 decision-level 1 . .
ayers (hybrid design)
Sinele-modalit Hybrid(Fuse CrossViT
[62] 2005 OSCC (hi s%o atholo y CrossViT + handcrafted Feature-level features with handcrafted
histopathology diagnosis i nlf ages) 8y (LBP/GLCM/FCH) + ANN features (LBP/GLCM/FCH)
g — ANN)
IDC diaenosis Single-modality ResNet50, Xception, Late (average/weighted
[41] 2025 2cross ma girgications (histopathology MobileNetV2, VGG16, Decision-level ensemble of pretrained CNN
gn images) VGGI19 predictions)
. Single-modality (brain . Intermediate (hierarchical
[63] 2025 t Bra11 n MfRI i MRI; multi-scale MOT/}ZEeDtE_ IiIusttom Feature-level concatenation of multi-scale
umor classitication features) € deep features)
(SIPB/I[éll\l/ilr]gOCI}Ial 1 ResNet50/DenseNet121/ Hybrid (feature fusion using
[64] 2025 Cervical cancer classification a Cle?IC, eriey, EfficientNet-B4 + Feature-level CNN and transformer
(+HPV /metadata)) CNN-Transformer representations)
. . . . VGG16, InceptionV3, . . . ..
[65] 2025 Brain tI:IIInOI“ Single-modality (brain DenseNet121, Xception, Feat.u_re—level + Hyb.nd fusion with me}]qnty
MRI classification MRI) InceptionResNetV?2 decision-level voting/ensemble decision
157] 2005 Glioma survival/risk Multimodal (WSI + ResNet50 (WSI) + MLP Feature-level; joint; Cﬁiirgi/chiflf;t: lclgiigbfirte
prediction (GBM vs. LGG) clinical/omics) (omics); Cox model decision-level L .
risk scores
Multiple pathology . . CHIEF, GigaPath, UNI, Hybrid (meta-encoder over
[66] 2025 downstream tasks Single-modality (H&E TITAN, PRISM + Feature-level multiple pathology

(foundation models)

histopathology images)

Meta-Encoder

foundation models)

Abbreviations: 3D CNN = three-dimensional convolutional neural network; ANN = artificial neural network;
Cox = Cox proportional hazards model; CXR = chest X-ray; CTPA = computed tomography pulmonary angiogra-
phy; EHR = electronic health record; EMR = electronic medical record; FC = fully connected; FCH = handcrafted
features (color/texture); FFNN = feed-forward neural network; GBM = glioblastoma; GLCM = gray-level co-
occurrence matrix; H&E = hematoxylin and eosin; IDC = invasive ductal carcinoma; LBP = local binary pattern;
LGG = lower-grade glioma; LSTM = long short-term memory; MLP = multilayer perceptron; MRI = magnetic
resonance imaging; MSDDR-Net = multi-scale depthwise dilated residual network; OSCC = oral squamous
cell carcinoma; ViT = vision transformer; CrossViT = cross-attention vision transformer; and WSI = whole slide
image. CHIEF, GigaPath, UNI, TITAN, and PRISM are pathology foundation model names, as reported in the
cited study.

As illustrated in Table 1, the studies highlight the evolution of fusion strategies in deep
learning for medical image analysis and demonstrate how the stage of fusion strategy and
integration method affect model performance and computational efficiency. Earlier studies
of multimodal strategies relied on simple fusion approaches (late fusion), such as Huang
et al. (2020) [54], which combined the final predictions from the fused models of different
data sources (imaging and EMR). Late fusion achieved strong discriminative power in the
classification task (AUROC = 0.947) with minimal complex architecture. In 2022, Steyaert
et al. expanded the concept of fusion to early fusion to combine WSI and RNA-seq data
for brain tumor prognosis at the early level, showing that the integration of multimodalities
at an early stage achieved higher C-index values (0.836-0.919) than single-modal models,
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indicating the power of integrating morphological and molecular features in disease predic-
tion. By 2023, studies like Kumar et al. (2023) [48] and Cahan et al. (2023) [59] implemented
intermediate fusion to emphasize representation learning between different modalities, such
as chest X-ray or 3D-CT imaging with EMR data through latent concatenation and attention
mechanisms. Intermediate fusion outperformed image-only or tabular-only models, achiev-
ing AUC values of around 93-96%. In the same year, Zheng et al. (2023) [60] focused on
utilizing multi-pretrained CNNs, such as VGG16, VGG19, InceptionV3, Xception, ResNet50,
and DenseNet201, to extract features from a single modality of breast cancer histopathology
images, employing an ensemble approach to combine the final decisions of each pre-trained
model. The study opened the door toward applying fusion strategies in different multimodal
approaches, relying on multiple pre-trained models and a single data modality, instead of
combining different data modalities, such as medical imaging and tabular clinical data. In the
years 2024-2025, the research focus shifted to hybrid fusion, which integrates the early fusion
and late fusion, or intermediate fusion with late fusion. Chakravarthy et al. (2024) [61] imple-
mented hybrid fusion to fuse features of multi-pretrained deep learning models, achieving
higher classification accuracy, reaching 98.83% in the mammography dataset. Similarly, recent
studies, such as Sahu (2025) [65] and Punarselvam (2025) [64], demonstrated the effectiveness
of hybrid CNN-CNN-Transformer and ensemble approaches in enhancing the classification
accuracy across MRI and cytology datasets.

Overall, the comparison among studies between 2020 and 2025, focusing on multimodal
learning and fusion strategies, confirms that fusing features from different modalities or
multiple deep learning models enhances diagnostic accuracy and outperforms single modality
in many tasks. Generally, recent studies demonstrated the effectiveness of integrating features
through intermediate fusion and hybrid fusion with attention mechanisms, yielding remark-
able improvements in diagnostic and prognostic accuracy. The selection of the fusion point at
the early, intermediate, or late stage affects the model’s performance. Most studies focused
on combining different modalities, such as imaging with tabular data. Although the fusion
of different modalities consistently improves the accuracy, the challenge of limited datasets,
especially multimodal datasets, remains [63,65]. To help mitigate this limitation, this work
shifts toward exploring and evaluating multi-pretrained deep learning models and fusion
strategies on a single modality instead of multi-modality (imaging with tabular data). To the
best of our knowledge, there is a lack of studies that implement comprehensive experiments
on all fusion strategies with a single modality. This work investigates multiple pretrained deep
learning models with fusion strategies based on single modality instead of multi-modality
and evaluates the implemented fusion strategies among different histopathology datasets.

3. Materials and Methods

This work contributes to offering a comprehensive evaluation of a multi-pretrained
deep learning fusion-based approach against single baseline models. This section describes
the methodology used in this work and presents details about the dataset descriptions, the
proposed pretrained fusion-based approach, and the training setup.

3.1. Datasets Description

This work utilized three publicly available image histopathology datasets. Each
dataset was prepared for a specific cancer type and diagnostic task: BreakHis-40x (bi-
nary classification), BreakHis-40 x (multiclass classification (8 classes) [67], and RCCC)
(5 classes) [68]. All datasets are stained with Hematoxylin and Eosin. For binary classifica-
tion, the BreakHis dataset at magnification level (40x) was used to classify breast cancer
into benign and malignant tumors. For multiclass classification, two datasets were used:
breast cancer and RCCC. In this work, both datasets were used as provided by their sources,
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with no additional manual filtering(e.g., removing images due to artifacts, poor quality, or
duplication). Table 2 presents details about the datasets used for multiclass classification:

Table 2. Multiclass classification dataset details.

Dataset Type BreakHis Dataset Renal Clear Cell Carcinoma Dataset
Description Public dataset for breast tumors Kidney histopathology dataset
Total Classes 8 classes (4 benign + 4 malignant) 5 grades (Grade 0 to Grade 4)
Classification Type Multiclass subtype classification Multiclass grading
Adenosis (A)
Fibroadenoma(F) Grade 0: Non-cancerous tissue (benign/normal).
Tubular Adenoma (TA) ]
Phyllodes Tumor (PT) Grade 1: Very low-grade cancer
Class Labels y . Grade 2: Low to moderate differentiation.
Ductal Carcinoma (DC) . .
. Grade 3: Moderately to poorly differentiated.
Lobular Carcinoma (LC) Grade 4: High-grade, aggressive cancer
Mucinous Carcinoma (MC) FHighrerade, ags '
Papillary Carcinoma (PC)
Histopathology Stain Hematoxylin and Eosin Hematoxylin and Eosin
Image Magnification 40 % 40x
Published date 21 June 2023 December 2022

3.2. Proposed Multi-Pretrained Deep Learning Fusion (MPDLF) Approach

The main objective of this work is to investigate the effectiveness of multi-pretrained
deep learning models, specifically ResNet50 and VGG16, using different fusion strategies
(early fusion, intermediate fusion, and late fusion) for histopathology image classifica-
tion. The proposed approach enhances feature richness by combining the strengths of the
multiple pretrained models (ResNet50 and VGG16) for histopathology images, which can
improve the classification performance with even a single modality. The combination can
leverage VGG16’s fine-grained details and ResNet50’s deeper semantic representations.
This work compares the performance of fusion strategies in both binary and multiclass
classification tasks. It seeks to provide comprehensive comparisons of different fusion
strategies between different histopathology datasets, including breast cancer and RCCC, to
identify the optimal fusion strategy that can enhance classification performance and aid in
advancing digital pathology. The architecture of the proposed MPDLF model is composed
of four components, including the input and processing stage, the feature extraction stage,
the fusion strategy, and the classification stage. Figure 2 illustrates the main components of
the proposed fusion approach:
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Figure 2. Main components of the proposed model.
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3.3. Data Splitting Strategy and Preprocessing

The BreakHis dataset for eight-class classification was collected through a clinical
study conducted at the Pathological Anatomy and Cytopathology Laboratory in Brazil.
It contains histopathological images from four benign and four malignant breast tumor
subtypes. The dataset includes 7909 microscopic images acquired at four magnification
levels (40, 100x, 200, and 400x) from 82 patients. In this study, we only focused on
40x images to ensure a consistent comparison with the RCCC dataset, which was evaluated
at the same magnification. All samples were obtained from breast tissue biopsies collected
during open surgery.

While patient-level partitioning is preferred for evaluating clinical generalization, the
primary aim of this study is to provide a controlled and fair comparison of fusion strategies
under identical experimental conditions. Therefore, we adopted an image-level stratified
hold-out split, following common practice in publicly available histopathology benchmarks.
Specifically, within each class, images were randomly shuffled using a fixed seed (seed = 42)
and divided into 70% training, 15% validation, and 15% testing subsets. This design ensures
reproducibility and preserves class distribution across splits. Nevertheless, because patient
identifiers were not used during partitioning, correlations between samples originating
from the same patient may exist across subsets, which could lead to optimistic performance
estimates. Accordingly, the reported results should be interpreted as comparative evidence
for fusion design choices, rather than definitive estimates of patient-level generalization
performance. To mitigate this concern, we report F1-based metrics in addition to accuracy
and emphasize that all models were evaluated using the same data split, ensuring a fair
and consistent comparison. In future work, we will conduct patient-level evaluation to
further assess generalization to unseen patients, including experiments on a colon cancer
dataset with nine classes.

The KMC kidney histopathology dataset (RCCC dataset), first presented in 2023 by [1],
includes images of non-cancerous tissue (Grade 0) and malignant tumors (Grades 1-4). Kid-
ney samples were obtained through surgical biopsy at the Department of Pathology, KMC,
Mangalore, India. The data were provided by the authors of [1] upon request. For consis-
tency in evaluating fusion strategies across datasets, we followed the same image-level
splitting protocol used for the BreakHis experiments. Before model training, preprocessing
steps were applied to the dataset, including image resizing to 224 x 224 pixels, normaliza-
tion to the range [0, 1], and augmentation using random rotation and flipping. No stain
normalization method (e.g., Macenko/Reinhard) or color augmentation was applied in the
current pipeline.

3.4. Feature Extraction

The proposed MPDLF approach used two widely known pretrained CNNs (ResNet50
and VGG16) for feature extraction from histopathology image datasets. The purpose of
selecting VGG16 as a feature extractor in this proposed approach is that VGG16’s smaller
(8 x 3) convolutional kernels can extract fine-grained features from histopathology images,
such as local spatial features, including edges and cell morphology, which are essential for
histopathology analysis [69,70]. Meanwhile, the deep layers in ResNet50 help to capture
abstract and high-level features [71]. Both models are pretrained on ImageNet. The feature
representations extracted from both models provide complementary insight into tissue
structures. Combining low-level (fine-grained) features and high-level (semantic) features
enhances classification performance [72,73]. All pretrained backbone networks (ResNet50
and VGG16) were used as fixed feature extractors; their weights were fully frozen during
training. Only the fusion layers and the final classifier were optimized.
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3.5. Fusion Strategies

In this work, three common fusion strategies (early, intermediate, and late) were
implemented to fuse the extracted features from a multi-pretrained deep learning model
framework combining ResNet50 and VGG16 at different fusion levels. The early fusion
strategy (feature-level) integrates the feature maps from both VGG16 and ResNet50 at an
early stage through a concatenation technique, and the fused features are passed through
a series of convolutional layers for joint feature learning. Early fusion helps to retain or
preserve rich spatial and morphological features from both models. Intermediate fusion
concatenates the feature maps that are extracted from selected mid-layer blocks in both
models (e.g., Block 4 of VGG16 and conv4_blocké6 of ResNet50). Fusing mid-layer blocks
allows for combining semantically meaningful or abstract representations [74]. These
intermediate layers were selected because they provide mid-level representations that
preserve spatial information that is relevant to histopathological patterns, while avoiding
overly low-level features and overly task-specific deep features. Both layers produce feature
maps at the same spatial resolution for 224 x 224 inputs, enabling direct concatenation.

Unlike early and intermediate fusion, late fusion aggregates the final predictions of
each model at the decision level, which makes it computationally efficient [75]. However,
the ability of late fusion to learn joint morphological patterns is limited because it does not
combine the feature maps and therefore fails to capture cross-model feature interactions
or spatial patterns [76,77]. The following lines present the mathematical formulation for
fusion strategies (early, intermediate, and late):

Early Fusion Mathematical Formulation:

x: Input (histopathology image).

fr(x): Feature vector extracted from ResNet50 branch.

fv(x): Feature vector extracted from VGG16 branch.

zr: ResNet50’s vector after global average pooling (GAP).

zy: VGG16's after global average pooling (GAP).

After global average pooling (GAP) zg = GAP(fr(x)),zv = GAP(fy(x))
Fusion by concatenation:

ZEarly Fusion = 2R D 2y

where ZEarly Fusion € RAr+dv
e The fused vector at the early stage is fed into the dense layer and then into the
final classifier.

Intermediate Fusion Mathematical Formulation:
e x: Input (histopathology image).

. IgR) (x): Feature map from ResNet50 (layer conv4_block6_out).

. f‘(,l v) (x): Feature map from VGG16 (layer block4_pool).
e  Mid-layer output vectors:

Mg = f (x), My = £ ()

where

Ir = conv4_block6_out (ResNet50 mid-layer),
Iy =block4_pool (VGG16 mid-layer).

e Fusion by concatenation at mid-layer:

Mlntermediate Fusion = Mg & My
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HxWx(Cr+C
MIntermediate Fusion € R (Cr+Cv)

where

H, W are the spatial height and width of the mid-level feature maps.
Cr and Cy are the number of channels from ResNet50 and VGGI16.

e  The fused vector at the mid-layer stage is fed into an additional convolutional layer
for further processing, followed by a dense layer, and then to the final classifier.

Late Fusion Mathematical Formulation:

—  x: Input (histopathology image).

- pr(x): Class-probability vector predicted by the ResNet50 branch.
- pv(x): Class-probability vector predicted by the VGG16 branch.

—  Late fusion: Averaging the class-probability of both branches.

1
PLate Fusion = E(pR(x) + PV(x))
Component-wise, for each class, k € {1,...,C}:

k) +pv(k
PLate Fusion(k) = M

—  Then, argmax is applied over the fused probabilities to get the final predicted class.

?LF = argkeﬁifc}pmte Fusion (k)

3.6. Experimental Setup of the Proposed Multi-Model Fusion Approach

The proposed multi-model fusion approaches were implemented using TensorFlow
(version 2.17.0) and Keras (version 3.4.1). Experiments were conducted on a local worksta-
tion running Windows 11 Pro (version 25H2, OS build 26200.7623) (Microsoft, Redmond,
WA, USA) on a Dell system (Round Rock, TX, USA) equipped with a 13th-generation Intel
Core 19-13950HX CPU (2.20 GHz; Santa Clara, CA, USA) and 64 GB RAM. The Tensor-
Flow CPU build was used (CUDA /GPU acceleration was not enabled). Hyperparameter
optimization was performed using Keras Tuner (version 1.4.7) with the Random Search
algorithm to identify an optimal combination of dense units, dropout rate, and learning
rate. Early stopping and model checkpointing were employed to mitigate overfitting
and to retain the best-performing weights based on the lowest validation loss. Model
performance was evaluated using accuracy and area under the curve (AUC). Receiver
operating characteristic (ROC) curves were also plotted to visualize discriminative perfor-
mance by illustrating the trade-off between true positive rate (sensitivity) and false positive
rate (1—specificity).

The following Table 3 presents the experimental setup details:

Table 3. Experimental setup.

Component

Setting

Data structure

Directory-based split: train/, val/, test/

Image size 224 x 224 pixels
Batch size 16, 32 (Dataset’s size dependent).
Maximum epochs 50 (with EarlyStopping)
Label mode Categorical (one-hot encoding)
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Table 3. Cont.
Component Setting
Preprocessing Rescaling by 1/255
Data augmentation RandomFlip(“horizontal_and_vertical”), RandomRotation(0.2)+
Backbone architectures ResNet50 and VGG16, include_top = False, ImageNet weights, frozen
Optimizer Adam (learning rate selected via Keras Tuner)

Loss function

Categorical cross-entropy (multiclass classification); binary cross-entropy
(binary classification)

Evaluation metrics Accuracy; AUC

Hyperparameter search Keras Tuner RandomSearch, objective = validation accuracy, max_trials = 10

Tuned hyperparameters (per fusion strategy)

Early Fusion:
e  dense_units: 64-256 (step 64).
dropout_rate: 0.2-0.5 (step 0.1).
) learning_rate: {1 x 1072,1 x 1073,1 x 1074}

Intermediate Fusion:

convl_filters: 128-256 (step 64).
conv2_filters: 64-128 (step 32).

dense_units: 128-256 (step 64).

dropout_rate: 0.2-0.5 (step 0.1).
learning_rate: {1 X 1072,1 x 1073,1 x 1074}

Late Fusion:
dense_resnet: 64-256 (step 64).
dense_vgg: 64-256 (step 64).
learning_rate: {1 x 1072,1 x 1073,1 x 1074}

Callbacks

ModelCheckpoint (best val_loss); EarlyStopping (monitor val_loss,
patience = 5, restore best weights)

4. Results and Discussion

This section presents the findings obtained from experiments that were used to eval-
uate the effectiveness of fusion strategies with multi-pretrained models (ResNet50 and
VGG16) on three histopathology datasets: BreakHis-40x (binary classification), BreakHis
(multiclass classification, eight classes), and the RCCC grading dataset (five grades). Model
accuracies and the area under the curve (AUC) for the training, validation, and test sets
were reported to assess the performance of the unimodal models and the proposed multi-
pretrained fusion-based model. In addition, the test performance and class-wise analysis
for each dataset were reported. The following subsections present the experimental results
and evaluation for each dataset:

4.1. Performance of Fusion-Based and Unimodal Models for Binary Classification (BreakHis-40x)

Table 4 shows the dataset splitting into three subfolders, including training, validation,
and testing.

Table 4. BreakHis_40Xx specification (binary classification).

Dataset Total Size Training Validation Testing

BreakHis_40>< (Binary Classiﬁcation) 1995 1395 298 302

The Table 5 results demonstrate that multi-pretrained models (ResNet50 and VGG16)
with the early fusion strategy achieved the best overall performance, with a test accuracy of
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0.9073 and an AUC of 0.9709, outperforming the other fusion-based multi-pretrained mod-
els and the unimodal baselines (ResNet50 alone or VGG16 alone). The results indicate that
combining features from ResNet50 and VGG16 at an early stage encourages complementary
learning between the fine-grained features extracted by VGG16 and the deeper contextual
representations of ResNet50 [61,64]. Compared to the early fusion strategy, intermediate
fusion performed moderately (accuracy = 0.8775; AUC = 0.9684), supporting the usefulness
of combining features for richer representations. Unlike early and intermediate fusion, late
fusion yielded the lowest results (accuracy = 0.8675; AUC = 0.9114) due to missing the
complementary features from both pretrained models and only fusing the final predictions
of each model. Overall, these findings show the superiority of feature-level fusion for
binary breast cancer classification.

Table 5. Performance of fusion-based and unimodal models for BreakHis-40 x (binary classification).

Accuracy (%) AUC%
Modality Type Pre-Trained Model Fusion Strategy

Training  Validation = Testing  Training Validation  Testing

Unimodal ResNet50 - 0.6867 0.6879 0.6854 0.5805 0.5436 0.5867

Unimodal VGG16 - 0.916 0.885 0.89 0.968 0.939 0.953
Multi-pretrained  (ResNet50 & VGG16) Early Fusion 0.9355 0.8993 0.9073 0.9791 0.9587 0.9709
Multi-pretrained ~ (ResNet50 & VGG16)  Intermediate Fusion 0.8910 0.8859 0.8775 0.9687 0.9633 0.9684
Multi-pretrained  (ResNet50 & VGG16) Late Fusion 0.8573 0.8523 0.8675 0.9260 0.8993 0.9114

The following Table 6 presents the test-set performance for additional analysis:

Table 6. Test-set performance of fusion-based and unimodal models with additional metrics of
BreakHis (40 %) for binary classification.

Test

Macro Macro Weighted Weighted

Model Accuracy Test AUC Precision Recall Macro F1 Precision Recall Weighted F1
ResNet50 (single) 0.6854 0.5867 0.34 0.50 0.41 0.47 0.69 0.56
VGG16 (single) 0.8907 0.9538 0.85 0.85 0.85 0.87 0.87 0.87
Early Fusion 0.9073 0.9709 0.89 0.90 0.89 0.91 091 091
Intermediate Fusion 0.8775 0.9684 0.85 0.88 0.86 0.89 0.88 0.88
Late Fusion 0.8675 0.9114 0.87 0.81 0.83 0.87 0.87 0.86

Table 6 summarizes the test performance on BreakHis (40 %) for binary classification
with additional metrics, and Table A1 (Appendix A) presents the corresponding class-wise
metrics. Overall, the fusion-based approaches achieved the best test performance, with
early fusion obtaining the highest scores (Macro-F1 = 0.89, Weighted-F1 = 0.91), followed
by intermediate fusion (Macro-F1 = 0.86, Weighted-F1 = 0.88). VGG16 (single model) also
performed well (accuracy = 0.8907, AUC = 0.9538, Macro-F1 = 0.85, Weighted-F1 = 0.87).
However, ResNet50 showed weaker class discrimination (AUC = 0.5867, Macro-F1 = 0.41,
Weighted-F1 = 0.56).

The class-wise analysis shows that early fusion detects both classes well with balanced
sensitivity (Class 0 recall = 0.86; Class 1 recall = 0.93). In contrast, late fusion exhibits
reduced sensitivity for Class 0 (recall = 0.66), despite maintaining high recall for Class 1
(recall = 0.96). Overall, these findings indicate that the fusion approach improves class
discrimination and provides more stable class-wise performances compared with a single-
model baseline in BreakHis binary classification. Figure 3 presents the ROC curves for each
model (Figure 3a—f).

https:/ /doi.org/10.3390/app16041964


https://doi.org/10.3390/app16041964

Appl. Sci. 2026, 16, 1964

14 of 31

ROC Curve - Early Fusion using BreaKHis_40X Dataset
Training AUC = 0.9791, Testing AUC = 0.9709

1.0 -
,/
s
’/
’
’/
0.8 1 S
,/
3 -
£ e
= s
@ C
c ,/
& 0.6 e
£ -
« rd
@ ’/
2 -~
@ B e
& 04 ,/’
) -,
g o
’/
’/
0.2 1 ”
,/
,/
e
Cd
’/
R ~ ROC Curve (AUC = 0.9708)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (1 - Specificity)
(a)
ROC Curve - Intermediate Fusion using BreaKHis_40X Dataset
Training AUC = 0.9687, Testing AUC = 0.9684
1.0 1 -
’/
'
’/
'
,/
0.8 >
’/
3 o
S 7
5 -
) 0.6 ,”
3 ’
E: g
3 //
:‘E /’
8 0.4 1 -
& o
g -
g e
’/
//
0.2 -
’/
’/
,/
’/
R ~ ROC Curve (AUC = 0.9685)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (1 - Specificity)
(b)
ROC Curve - Late Fusion on BreaKHis_40X
1.0 1
0.8
v
T 0.6
a
o
2
=
]
o
a
3
0.4 1
g
0.2
0.0 1 ~ ROC Curve (AUC = 0.9113)
0.0 02 04 06 08 10
False Positive Rate
(o)

Figure 3. Cont.

https:/ /doi.org/10.3390/app16041964


https://doi.org/10.3390/app16041964

Appl. Sci. 2026, 16, 1964

15 of 31
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Figure 3. ROC curves of fusion-based and unimodal models for binary classification (BreakHis-40x): In
panels (a—e), the dashed diagonal line indicates chance-level performance (random classifier; AUC = 0.5).
(a) shows ROC for early fusion; (b) shows ROC for intermediate fusion; (c) shows ROC for late fusion;
(d) shows ROC for VGGI16; (e) shows ROC for ResNet50; and (f) shows all comparison ROCs for all models.
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4.2. Performance of Fusion-Based and Unimodal Models for BreakHis-40x Multiclass
(Eight-Class)

Unlike the binary classification task, multiclass classification is challenging due to the
overlapping morphological patterns among the eight histological classes. Table 7 presents
the dataset specification of BreakHis multiclassification.

Table 7. BreakHis_40x dataset specification (multiclassification).

Dataset BreakHis_40 X Total Size Training Validation Testing

(Multiclassification Eight Classes) 1995 1393 295 307

Table 8 presents the accuracies obtained by the fusion-based and unimodal models.

Table 8. Performance of fusion-based and unimodal models for BreakHis_40x multiclass (eight-class).

Accuracy (%) AUC%
Modality Type Pre-Trained Model Fusion Strategy

Training  Validation  Testing  Training Validation  Testing

Unimodal ResNet50 - 0.4336 0.4373 0.4267 0.6386 0.6272 0.6643
Unimodal VGG16 - 0.7753 0.7119 0.7296 0.9662 0.9418 0.9581
Multi-pretrained  (ResNet50 & VGG16) Early Fusion 0.7832 0.6915 0.7199 0.9667 0.9379 0.9600
Multi-pretrained ~ (ResNet50 & VGG16)  Intermediate Fusion 0.6289 0.6203 0.6547 0.9382 0.9193 0.9346
Multi-pretrained  (ResNet50 & VGG16) Late Fusion 0.5549 0.5424 0.5700 0.9459 0.9196 0.9461

As seen in Table 8, the results demonstrate that combining features at an early stage
performs better than other fusion strategies and unimodal models. The early fusion strategy
achieved the highest AUC among all models, reaching 0.9600, supporting the effectiveness
of fusing features from multi-pretrained models at an early stage. By contrast, ResNet50
alone achieved the lowest performance, with a testing accuracy of 0.4267 and an AUC of
0.6643. Intermediate fusion achieved moderate performance (testing accuracy = 0.6547;
AUC = 0.9346). Similarly to the results obtained in the binary classification task, late fusion
achieved the lowest performance compared to early and intermediate fusion. This result
confirms that late fusion does not guarantee the integration of complementary features
and struggles to learn correlations among the combined features [48,59]. Table 9 presents
test performance on BreakHis (40x) with an eight-class dataset with additional metrics.
Additionally, Tables A2-A6 (Appendix B) show a class-wise performance analysis to give
more insight into class imbalance and morphological overlap.

Table 9. Test-set performance with additional metrics for BreakHis_40x multiclass (eight-class).

Model Accumy  TEAUC e Reean  MaoFL e Rean  WeishtedF1
ResNet50 (single) 0.4267 0.6643 0.05 0.12 0.07 0.18 0.43 0.26
VGG16 (single) 0.7296 0.9581 0.74 0.64 0.67 0.73 0.73 0.71
Early Fusion 0.7199 0.9600 0.71 0.65 0.66 0.72 0.72 0.71
Intermediate Fusion 0.6547 0.9346 0.70 0.57 0.56 0.75 0.65 0.66
Late Fusion 0.5700 0.9461 0.86 0.35 0.42 0.74 0.57 0.50

Overall, VGG16 as a single model and the multi-pretrained model with an early fusion
strategy show relatively balanced results across several classes. However, some overlapping
classes (e.g., classes 3—6) demonstrated lower recall, ranging between 0.34 and 0.53, which
is consistent with the expected similarity in histopathological patterns. Intermediate fusion
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showed an improvement in sensitivity for certain classes (e.g., class 6 shows high recall
(0.88), but it introduced more false positives, as indicated by reduced precision (0.22) for
that class). In contrast, late fusion behaves conservatively, yielding high precision for some
classes (e.g., classes 0, 4, 5, and 7) but lower recall for other classes. ResNet50 shows weak
class-wise discrimination under the current configuration. Figures 4 and 5 illustrate the
confusion matrix of the best-performing fusion strategies (early and intermediate fusion),
followed by the ROC plots for each fusion model:
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Figure 4. Confusion matrix of early fusion for BreakHis_40x multiclass classification.
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Figure 5. Confusion matrix of intermediate fusion for BreakHis_40x multiclass classification.

Figure 6 presents the ROC curves (Figure 6a—e) illustrating model performance on the
BreakHis 40 x multiclass (eight-class) task:
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Figure 6. ROC curves of model performance for BreakHis_40x multiclass (eight-class): the dashed
diagonal line indicates chance-level performance (random classifier; AUC = 0.5) (a) shows ROC for
early fusion; (b) shows ROC for intermediate fusion; (c) shows ROC for late fusion; (d) shows ROC
for ResNet50; and (e) shows ROC for VGG16.

4.3. Performance of Fusion-Based and Unimodal Models for Multiclass:
(RCCC) (Five-Class Grading)

Table 10 presents the dataset specification of RCCC, followed by Table 11, which
presents the performance of fusion-based models and a single model for RCCC. As illus-
trated in Table 11, the performance on the (RCCC) grading task followed a similar trend to
the BreakHis datasets. Similarly, early fusion achieved the best testing accuracy (0.8793)
and the highest AUC (0.9889) across all RCCC experiments (multi-pretrained and unimodal
models). These findings offer clear evidence that combining or fusing low- and high-level
representations improves the model’s ability to discriminate subtle differences or feature
variations between RCCC grades. The cancer grading task requires careful recognition of
subtle nuclear and cytoplasmic differences. ResNet50 alone on the RCCC grading dataset
achieved the lowest performance, with a testing accuracy of 0.4331 and an AUC of 0.7344
and thus fails to capture these differences.
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Table 10. Renal Clear Cell Carcinoma dataset specification.

Dataset (Multiclass Classification Total Size Training Validation Testing
(5-Class Grading). 4003 2800 598 605

Table 11. Performance of fusion-based and unimodal models for the Renal Clear Cell Carcinoma dataset.

. Accuracy (%) AUC%
Modality Type Pre-Trained Model Fusion Strategy

Training  Validation  Testing  Training Validation  Testing

Unimodal ResNet50 - 0.4521 0.4147 0.4331 0.7456 0.7167 0.7344
Unimodal VGG16 - 0.8711 0.8679 0.8463 0.9863 0.9834 0.9821
Multi-pretrained  (ResNet50 & VGG16) Early Fusion 0.9050 0.8946 0.8793 0.9926 0.9902 0.9889
Multi-pretrained  (ResNet50 & VGG16) Intermediate Fusion 0.8829 0.8562 0.8645 0.9888 0.9853 0.9843
Multi-pretrained  (ResNet50 & VGG16) Late Fusion 0.8746 0.8445 0.8479 0.9745 0.9680 0.9697

Table 12 presents the RCCC test-set performance with additional metrics:

Table 12. Renal Clear Cell Carcinoma test-set performance with additional metrics (multiclass; 5

grades/classes).
Model acucy  TSUAUC il Rean  MeooFL prElR Rean  Weishted Pl
ResNet50 (single) 0.4331 0.7344 0.48 0.44 0.42 0.48 0.43 0.42
VGG16 (single) 0.8463 0.9821 0.85 0.85 0.84 0.85 0.85 0.85
Early Fusion 0.8793 0.9889 0.88 0.88 0.87 0.88 0.88 0.88
Intermediate Fusion 0.8645 0.9843 0.87 0.86 0.86 0.87 0.86 0.87
Late Fusion 0.8479 0.9697 0.85 0.84 0.84 0.85 0.85 0.84

Overall, the fusion-based models (early fusion and intermediate fusion) performed
well on the test set. Early fusion achieved the best overall results (Macro-F1 0.87, Weighted-
F1 0.88), followed closely by intermediate fusion (Macro-F1 0.86, Weighted-F1 0.88). In
contrast, ResNet50 performed much worse (Macro-F1 and 0.42), indicating weak class
discrimination under the current configuration.

Class-wise analysis, Appendix C, Tables A7-A11, shows that the fusion models per-
formed consistently well for Grades 0, 1, and 4 (for example, early fusion F1-scores: 0.97,
0.91, and 0.92, respectively). In comparison, Grade 2 was the most challenging class, with
lower recall across all fusion strategies (early 0.65, intermediate 0.77, late 0.63), suggesting
morphological overlap with adjacent grades. Overall, fusion strategies improved grading
robustness and reduced errors for most grades. Misclassifications were mainly concen-
trated in the intermediate grades, which is expected due to histopathological similarity
between neighboring severity levels. Figures 7 and 8 illustrate the confusion matrix of
best-performing fusion strategies (early and intermediate fusion).

Figure 9 presents the ROC curves (Figure 9a—e) illustrating model performance on
RCCC (5-grades) task:

In addition to the dataset-specific results reported above, Table 13 provides a compact
cross-task summary of the best test-set performance and the absolute improvements (A)
versus the strongest unimodal baseline (VGG16). Confidence intervals (95%) were esti-
mated using bootstrap resampling of test predictions, and A values were computed using
paired bootstrap resampling of the same test indices (B = 2000). This summary facilitates
direct comparison of fusion effectiveness across tasks.
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Figure 7. Confusion matrix of early fusion for RCCC dataset.
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Figure 8. Confusion matrix of intermediate fusion for RCCC dataset.

Overall, the comparative evaluation across all datasets demonstrates that combining
representations from multiple pretrained models can enhance performance in histopathol-
ogy image classification. Across nearly all experiments, early fusion consistently achieved
the best results, outperforming single-backbone baselines and the other fusion strate-
gies. In contrast, late fusion (decision-level combination) generally yielded the weakest
performance, suggesting that it is less effective at exploiting complementary representa-
tions learned by each pretrained model. Nevertheless, late fusion still outperformed the
ResNet50 single-model baseline, indicating that incorporating fusion—even at the decision
level—can provide measurable benefits. Collectively, these findings highlight the impor-
tance of adopting feature-level fusion to integrate multi-pretrained representations within
a single-modality histopathology setting.
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The proposed MPDLF model could be considered as a second-reader/triage tool to flag
high-risk or low-confidence cases and to output calibrated probabilities with uncertainty
to support reliable decision-making. However, such use requires rigorous validation and

safety assessment. Recent evidence also suggests that LLM-based image analysis can support

clinical decision-making in medicine (e.g., dermatology), motivating analogous exploration in

computational pathology after appropriate validation and safeguarding [78,79].
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Figure 9. ROC curves of model performance for RCCC (multiclass classification (5 classes)): the
dashed diagonal line indicates chance-level performance (random classifier; AUC = 0.5) (a) shows
ROC for early fusion; (b) shows ROC for intermediate fusion; (c) shows ROC for late fusion; (d) shows

ROC for VGG16; and (e) shows ROC for ResNet50.

Table 13. Compact cross-task summary of best test-set performance (accuracy and AUC)
with 95% bootstrap confidence intervals and absolute deltas (A) versus the strongest unimodal
baseline (VGG16).
Accuracy o Baseline (VGG16) Baseline AUC o o
Task Best Model ©95% CI) AUC (95% CI) Accuracy (95% CI) (95% CI) AAcc (95% CI) AAUC (95% CI)
BreakHis binary oo 0.9070 0.9707 0.8905 0.9538 +0.0165 +0.0170
(40%; N =302) y (0.8742-0.9404) (0.9541-0.9844) (0.8543-0.9238) (0.9308-0.9729) (0.0000-0.0364) (0.0080-0.0271)
BreakHis
multiclass (40%; 0.7306 0.9582 0.7306 0.9582
8 classes; VGGle (0.6808-0.7785) (0.9463-0.9695) (0.6808-0.7785) (0.9463-0.9695) 0.0000 0.0000
N =307)
RCCC grading (5 Earlv Fusion 0.8792 0.9895 0.8461 0.9822 +0.0331 +0.0072
classes; N = 605) y (0.8529-0.9041) (0.9859-0.9927) (0.8149-0.8744) (0.9768-0.9870) (0.0083-0.0595) (0.0040-0.0109)

Future work will strengthen the clinical relevance of this study by conducting addi-
tional validation, including patient/slide-level evaluation (when identifiers are available),
external validation across scanners/laboratories and staining protocols, and robustness
analysis under strain and magnification variability. Finally, although pretrained backbones
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were kept fully frozen to ensure a controlled comparison, partial fine-tuning may further
improve performance and will be investigated in future work.

5. Conclusions

Shifting toward multimodality can improve computational pathology by leveraging
complementary representations from multiple pretrained models, even when learning from
a single data source. This work investigated multi-pretrained, deep-learning-based fusion
strategies for histopathology image classification across three datasets and diagnostic tasks:
binary breast cancer classification, multiclass (eight-class) breast cancer classification, and
five-class (RCCC) grading. The proposed fusion-based models were evaluated against a
unimodal (single-model) baseline, demonstrating that the choice of fusion strategy (early,
intermediate, or late) substantially influences the classification performance.

Across the evaluated settings, early fusion provided consistent gains over the strongest
unimodal baseline (VGG16) for BreakHis binary classification (40x) and RCCC five-class
grading, yielding statistically supported improvements in AUC and modest but positive
improvements in accuracy under paired bootstrap confidence intervals. Early fusion
benefits from combining complementary representations from ResNet50 and VGG16 at
an early stage, enabling richer feature learning by integrating fine-grained texture and
morphological cues with deeper semantic features. Intermediate fusion generally achieved
moderate performance by integrating representations at a mid-network level, whereas late
fusion, which operates at the decision level, was comparatively less effective in exploiting
feature complementarity.

In contrast, for BreakHis multiclass classification, VGG16 remained the strongest
model, indicating that the advantages of feature-level fusion are task-dependent and may
vary with class separability, morphological overlap, and the complexity of the decision
boundary. Overall, these findings highlight the importance of carefully selecting fusion de-
signs when constructing multi-pretrained models for histopathology image analysis. Future
work will extend the evaluation to additional magnification levels and large datasets and
will explore advanced hybrid fusion strategies to improve robustness and generalizability
across diverse histopathological settings.
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CT Computed Tomography

MRI Magnetic Resonance Imaging

us Ultrasound

PET Positron Emission Tomography

WSI Whole-Slide Images (WSI)

EMR Electronic Medical Records

CTPA CT Pulmonary Angiography Imaging
HER Electronic Health Record

CrossVit  Cross-Attention Vision Transformer
ANN Artificial Neural Network

Appendix A

Class-wise tables (precision/recall/F1 with support) for BreakHis (40x for
binary classification):

Table Al. BreakHis (40 x) binary class-wise test performance (precision/recall/F1, with supports).

Model Class Support Precision Recall F1-Score
ResNet50 0.0 95 0.00 0.00 0.00
1.0 207 0.69 1.00 0.81
VGGI16 0.0 95 0.80 0.79 0.79
1.0 207 0.90 0.91 0.91
Early Fusion 0.0 95 0.85 0.86 0.85
1.0 207 0.94 0.93 0.93
Intermediate Fusion 0.0 95 0.75 0.91 0.82
1.0 207 0.95 0.86 091
Late Fusion 0.0 95 0.89 0.66 0.76
1.0 207 0.86 0.96 0.91
Appendix B

Class-wise tables (precision/recall/F1 with support) for BreakHis (40 eight classes):

Table A2. Class-wise test performance BreakHis (40x) and ResNet50 (single model).

Class Support Precision Recall F1-Score
0 18 0.00 0.00 0.00
1 131 0.43 1.00 0.60
2 39 0.00 0.00 0.00
3 24 0.00 0.00 0.00
4 32 0.00 0.00 0.00
5 23 0.00 0.00 0.00
6 17 0.00 0.00 0.00
7 23 0.00 0.00 0.00

Table A3. Class-wise test performance BreakHis (40x) VGG16 (single model).

Class Support Precision Recall F1-Score
0 18 0.71 0.83 0.77
1 131 0.71 0.91 0.80
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Table A3. Cont.

Class Support Precision Recall F1-Score
2 39 0.82 0.69 0.75
3 24 0.83 0.42 0.56
4 32 0.71 0.38 0.49
5 23 0.65 0.48 0.55
6 17 0.75 0.53 0.62
7 23 0.75 091 0.82

Table A4. BreakHis (40 x) early fusion class-wise test performance.

Class Support Precision Recall F1-Score
0 18 0.70 0.78 0.74
1 131 0.75 0.85 0.80
2 39 0.69 0.79 0.74
3 24 0.71 0.50 0.59
4 32 0.73 0.34 0.47
5 23 0.54 0.65 0.59
6 17 0.75 0.35 0.48
7 23 0.81 0.91 0.86

Table A5. BreakHis (40 x ) intermediate fusion class-wise test performance.

Class Support Precision Recall F1-Score
0 18 1.00 0.22 0.36
1 131 0.82 0.85 0.84
2 39 0.75 0.31 0.44
3 24 0.82 0.58 0.68
4 32 0.60 0.47 0.53
5 23 0.62 0.43 0.51
6 17 0.22 0.88 0.36
7 23 0.73 0.83 0.78

Table A6. BreakHis (40 x )—late fusion class-wise test performance.

Class Support Precision Recall F1-Score
0 18 1.00 0.50 0.67
1 131 0.50 0.98 0.66
2 39 0.94 0.44 0.60
3 24 0.80 0.17 0.28
4 32 1.00 0.09 0.17
5 23 1.00 0.09 0.16
6 17 0.60 0.18 0.27
7 23 1.00 0.35 0.52
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Appendix C
Class-wise tables (precision/recall/F1 with support) for RCCC:

Table A7. ResNet50 (single model) RCCC class-wise performance.

Grade Support Precision Recall F1-Score
0 126 0.62 0.32 0.42
1 127 0.43 0.51 0.47
2 113 0.34 0.75 0.47
3 126 0.36 0.20 0.26
4 113 0.65 0.42 0.51

Table A8. VGG16 (single model)RCCC class-wise performance.

Grade Support Precision Recall F1-Score
0 126 0.93 0.94 0.93
1 127 0.88 0.83 0.86
2 113 0.83 0.71 0.77
3 126 0.74 0.81 0.78
4 113 0.85 0.94 0.89

Table A9. Early fusion—RCCC class-wise performance.

Grade Support Precision Recall F1-Score
0 126 0.96 0.98 0.97
1 127 0.88 0.94 0.91
2 113 0.89 0.65 0.76
3 126 0.79 0.83 0.81
4 113 0.88 0.97 0.92

Table A10. Intermediate fusion—RCCC class-wise performance.

Grade Support Precision Recall F1-Score
0 126 0.92 0.97 0.94
1 127 0.95 0.80 0.87
2 113 0.76 0.77 0.76
3 126 0.76 0.91 0.83
4 113 0.98 0.86 0.92

Table A11. Late fusion—RCCC class-wise performance.

Grade Support Precision Recall F1-Score
0 126 0.92 0.93 0.92
1 127 0.87 0.94 091
2 113 0.88 0.63 0.73
3 126 0.76 0.81 0.78
4 113 0.83 091 0.87
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