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Abstract

Background: Renal Cell Carcinoma (RCC) is the most common type of kidney cancer and
requires accurate histopathological grading for effective prognosis and treatment planning.
However, manual grading is time-consuming, subjective, and susceptible to inter-observer
variability. Objective: This study proposes EAT-Net (Efficient Attention Transformer Net-
work), a dual-stream deep learning model designed to automate and enhance RCC grade
classification from histopathological images. Method: EAT-Net integrates EfficientNetB0
for local feature extraction and a Vision Transformer (ViT) stream for capturing global con-
textual dependencies. The architecture incorporates Squeeze-and-Excitation (SE) modules
to recalibrate feature maps, improving focus on informative regions. The model was trained
and evaluated on two publicly available datasets, KMC-RENAL and RCCG-Net. Standard
preprocessing was applied, and the model’s performance was assessed using accuracy,
precision, recall, and F1-score. Results: EAT-Net achieved superior results compared to
state-of-the-art models, with an accuracy of 92.25%, precision of 92.15%, recall of 92.12%,
and F1-score of 92.25%. Ablation studies demonstrated the complementary value of the
EfficientNet and ViT streams. Additionally, Grad-CAM visualizations confirmed that the
model focuses on diagnostically relevant areas, supporting its interpretability and clinical
relevance. Conclusion: EAT-Net offers an accurate, and explainable framework for RCC
grading. Its lightweight architecture and high performance make it well-suited for clinical
deployment in digital pathology workflows.

Keywords: renal cell carcinoma; histopathology; deep learning; efficientNet; vision trans-
former; medical image classification

1. Introduction

Kidney cancer is the 14th most diagnosed cancer globally, showing gender variation
in prevalence. It causes 5% of all malignancies in men, making it the sixth most diagnosed
malignancy, while in women, it represents 3% of cancers and ranks as the tenth most
common [1]. On the other hand, it significantly affects high-income nations, particularly in
Europe and North America [2,3]. As more countries adopt Western lifestyles, the incidence
of kidney cancer is expected to rise in the coming years [4].
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RCC, arising from renal tubular epithelium, accounts for ~85-90% of kidney can-
cers [5,6]. While early treatments like IL-2 and IFN-« showed limited efficacy [7], modern
approaches now include targeted therapies and immunotherapy [4,8].

The classification and understanding of RCC have significantly evolved, from the tra-
ditional categories of clear cell and granular cell carcinoma to a diverse array of histological
and molecular subtypes [9,10]. The 2022 WHO classification defines ~15 RCC subtypes
with distinct genetic and clinical features [11], including entities like HLRCC-associated
RCC and ALK-rearranged RCC [12-14].

RCC grading has evolved from the 1932 Hand and Broders system to the Fuhrman
and current WHO/ISUP standards, emphasizing nucleolar prominence and pleomorphism
for risk stratification [15-19].

Manual RCC grading remains subjective, especially in intermediate cases, leading to
inter-observer variability [16].

Figure 1 exemplify RCC grades. The Figure 1a shows an example of grade 1; tumor
cells have nucleoli that are absent or barely visible and appear basophilic under x400 mag-
nification. Figure 1b depicts grade 2, where the nucleoli appear visible and eosinophilic at
x400 magnification but remain inconspicuous at x100 magnification. Likewise, Figure 1c
presents grade 3, characterized by prominent eosinophilic nucleoli observable even at x100
magnification, indicating more aggressive cellular features. Figure 1d represents grade 4;
tumors show extreme nuclear pleomorphism and/or sarcomatous or rhabdoid differentia-
tion, often with the presence of giant tumor cells. Figure 1le shows undifferentiated RCC or
clinically aggressive tumors, although this is not universally standardized [17].
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Figure 1. Representative H&E-Stained Images of RCC Tumor Grades. (a) Grade-1; (b) Grade-2;
(c) Grade-3; (d) Grade-4; (e) Undifferentiated RCC.

Despite advances in histological characterization, manual grading of RCC from
histopathological slides remains a subjective and time-consuming process, often leading to
inter-observer variability [18]. TNM staging may underrepresent tumor aggressiveness in
certain cases, such as large tumors or those with sinus invasion [19].

Deep learning has emerged as an effective approach for diagnosing RCC, overcoming
the challenges of manual histopathological assessment, including subjectivity and inconsis-
tent interpretation as described by Ref. [20]. CNNs can extract complex features from tissue
images with high accuracy, often outperforming traditional methods, and offer scalable,
consistent diagnostics, especially in low-resource settings [21,22].

This study proposes EAT-Net, a dual-stream deep learning model for RCC grading
from histopathological images. The first stream uses EfficientNetBO for spatial feature
extraction, valued for its high accuracy with fewer parameters [22,23]. The second branch
incorporates a Vision Transformer (ViT) that captures global contextual features through
self-attention mechanisms, demonstrating a strong performance even when annotated
data are scarce [24,25]. Moreover, ViTs demonstrate robust performance even with limited
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labeled data, making them well-suited for medical imaging applications, where annotated
datasets are often scarce [25]. The architecture balances accuracy and computational
efficiency by maintaining a moderate parameter count.

e  EAT-Net directly processes raw H&E-stained slides without complex preprocessing
and achieves a robust performance across RCC grades 1 to 4. Its dual-stream design,
enhanced by SE modules, adaptively emphasizes key features, supporting precise and
reliable classification.

The remainder of this paper is organized as follows: Section 2 details the methodology,
Section 3 presents experimental results, Section 4 offers discussion, and Section 5 concludes
with key insights.

Accurate and consistent RCC grading is essential for guiding clinical decisions, yet
manual methods are time-consuming and prone to variability. EAT-Net addresses this
challenge by offering a lightweight, dual-stream deep learning solution that integrates both
local and global feature understanding. Its strong performance, efficiency, and interpretabil-
ity make it well-suited for real-world clinical settings, where fast, objective, and reliable
grading is increasingly needed.

2. Proposed Methodology
2.1. Proposed Methods Overview

Grading RCC from histopathological images is essential for accurate prognosis and
treatment planning [26]. To automate and enhance this process, we propose a hybrid A
deep learning framework named EAT-Net. The proposed model merges the advantages
of convolutional neural networks and context-aware transformers by coupling Efficient-
NetB0’s local feature extraction ability with the global contextual modeling provided by a
tailored ViT stream.

Unlike conventional ViTs, the proposed transformer architecture is specifically adapted
for histopathological image analysis, incorporating optimized patch embedding and at-
tention configurations. Using self-attention mechanisms, the ViT branch learns global
relationships throughout the entire image, enhancing the recognition of intricate tissue
structures and subtle morphological differences among various RCC grades [27].

The proposed EAT-Net pipeline is illustrated in Figure 2. The process begins by
resizing histopathological images to 224 x 224 pixels and applying normalization. The
preprocessed images are subsequently fed into the EfficientNetB0 backbone, which derives
detailed local spatial representations.

The extracted features are enhanced by SE mechanisms, which recalibrate channel
importance to strengthen discriminative feature learning.

In parallel, a customized ViT stream models global contextual relationships across the
image. The ViT employs self-attention mechanisms to capture long-range dependencies
between spatial regions, improving the model’s understanding of complex tissue structures
and subtle morphological variations.

The feature vectors from both streams are concatenated and passed through a single
fully connected layer to jointly learn fused representations for RCC grade prediction. Finally,
a softmax layer converts the logits into class probabilities corresponding to Grade 0-Grade
4, yielding the predicted RCC grade. This hybrid architecture enhances the model’s capacity
to effectively integrate both fine-grained local details and broader contextual structures,
while maintaining computational efficiency.
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Figure 2. Proposed method overview diagram.

2.2. Design Principles and Architecture of EAT-Net

Microscopic histopathological images of RCC often exhibit significant variability, low
contrast, and subtle morphological differences between cancerous and non-cancerous
tissues, as well as among different RCC grades. Traditional CNNSs, typically used for
general image classification tasks, frequently struggle to capture these minor yet crucial
differences accurately. This is primarily due to their general-purpose architecture, which is
not optimized for the nuances of histopathological imagery [25].

To effectively address these challenges, recent research proposes tailored deep learn-
ing frameworks specifically optimized for the histopathological analysis of RCC. These
frameworks follow several critical design principles.

Network depth correlates directly with computational complexity and the number
of parameters. An optimal design should balance network depth to minimize the risk of
overfitting while maintaining computational efficiency. EfficientNetB0, used in EAT-Net
for local feature extraction, exemplifies this balance by achieving high accuracy in RCC
detection and grading with significantly fewer parameters [28,29]. The ViT stream in EAT-
Net captures global contextual information by modeling long-range dependencies across
the image, which enhances diagnostic accuracy in classification tasks, as demonstrated in
previous work on melanoma detection [30]. EfficientNetBO is used to extract local spatial
features, while the ViT stream focuses on global contextual features. The novelty lies in
the customized tiny ViT that we specifically designed to extract valuable global features
without consuming many parameters. This differs from generic Vision Transformers
that consume approximately 86 million trainable parameters, while our ViT integrates an
attention mechanism that allows the model to focus on the most discriminative regions of
histopathological images and suppress irrelevant background information using 4 million
trainable parameters for this stream. This enhances feature interpretability and improves
grading accuracy by ensuring that the network prioritizes diagnostically relevant tissue
patterns. The two streams are integrated in a lightweight dual-stream setup, enabling
joint training and efficient fusion of local and global features. This hybrid design allows
EAT-Net to maintain both performance and efficiency, making it a reliable framework for
multi-grade RCC classification.
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EAT-Net incorporates SE modules within the MBConv blocks of the EfficientNetB0O
stream. These modules perform channel-wise feature recalibration by applying global
average pooling followed by two fully connected layers with ReLU and Sigmoid activations.
This mechanism allows the network to selectively emphasize informative channels while
suppressing less relevant features, improving its ability to capture subtle morphological
variations in RCC grading [31]. The proposed architecture employs an attention mechanism
within the ViT stream, enabling the model to emphasize diagnostically relevant tissue
regions and suppress background noise, which enhances interpretability and grading
accuracy. Since both streams operate in parallel, there is no need to use separate fully
connected layers for each. Instead, the feature vectors from EfficientNetB0O and the ViT
stream are concatenated and passed through a single fully connected layer. This allows the
network to jointly learn fused representations while maintaining a lightweight structure
and reducing computational complexity. In addition, residual skip connections within each
MBConv block help maintain gradient flow and support effective feature reuse during
training, contributing to model stability and robustness [23]. Together, the SE modules and
residual connections enhance EAT-Net’s capacity to learn discriminative features, enabling
accurate classification across all five RCC grades.

The proposed EAT-Net architecture is designed as a dual-stream model, integrating
the parallel fusion of two distinct components: the EfficientNetBO stream and the ViT
stream. As illustrated in Figure 3, this dual-stream configuration processes input features
simultaneously through both pathways. This parallel configuration enables the model
to utilize EfficientNetB0'’s ability to extract local features together with the ViT stream’s
strength in capturing global contextual information, thereby improving overall performance
in RCC grade classification.

In the EfficientNet Stream, the input features follow a deep hierarchical structure
using a series of convolutional blocks. These blocks are combined with SE modules to
capture rich multi-scale spatial features effectively [31]. This stream is particularly efficient
in learning fine-grained local patterns, which is crucial for detecting subtle variations in
histopathological images.

On the other hand, the ViT stream processes the input by first embedding image
patches using a convolutional layer and then flattening and transposing them into a
sequence format. These embeddings are subsequently processed through multiple Trans-
former Encoder Blocks, each comprising multi-head self-attention, layer normalization,
and feed-forward components.

This stream is specifically designed to model global contextual dependencies across
the entire histopathological image, allowing the network to understand complex spatial
relationships and morphological patterns.

Both the EfficientNetB0-based local feature extractor and the ViT-based global context
modeler independently extract high-dimensional features from the input image. These
features are concatenated at the fusion point (as shown in Figure 4), forming a combined
feature vector Fc, mathematically expressed in Equation (1):

Fc =Fas O Fps (1)

Here, “O” represents the concatenation of features along the depth dimension, and
FAS and FBS represent the output features from the EfficientNet Stream (A-Stream) and the
ViT (B-Stream), respectively.



Med. Sci. 2025, 13, 257

6 of 16

——

Conv2d (3 > 32)

BatchNorm (32)

MBConv1 MBConv6

[ convzd 32> 16)

\ | conv2a(16->24) |

MBConvé

3

Conv2d (24 -> 40)

) | (/@ 1)

>~

—

Conv2d (320 -> 1280)

SiLU Activation

SiLU Activation

AdaptiveAvgPool2d

Fully Connected Fully Connected Fully Connected
ReLU Activation
Fully Connected Fully Connected || Fuyc
i Sigmoid Sigmoid

~

\ Sigmoid

%\

BatchNorm (16) ]

[ [ BatchNorm (24) ] [ BatchNorm (40) ]
| , T

[ SiLU Activation J [ SiLU Activation J [ SiLUAdiva!ionj
—

Transformer Encoder Block x 5

.
R CCL\ predicted class
)| (o ) s
B
Transpose
The sequence of
embedded patches
O 3 x 3 Conv. . Global Average Pooling D Sigmoid D Flatten O LayerNorm C) Residual Connection
C) BatchNorm ( ) Fully Connected D Sqeeze and Excitation D Softmax activation Q Multi-head Self- O Tr Encoder Block
Block
Q SiLU Activation . RelU Activation D Adaptive 2D Average O Transpose C) Feed-Forward (MLP) . Batch Embedding Block
Pooling

@ Concatenation @

Element-wise addition
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Figure 4. Connectivity pattern of proposed EAT-Net.

In this design, the logits from the EfficientNetB0 and ViT streams are concatenated
directly rather than fused through an additional attention or gating mechanism. This
choice was made to preserve the lightweight and computationally efficient nature of the
model while maintaining stable training. Although attention-based or gating fusion can
enhance adaptability, such mechanisms significantly increase the number of parameters
and risk of overfitting, particularly when working with limited histopathological datasets.
By concatenating the logits, EAT-Net effectively integrates complementary local and global
representations without additional computational burden. Furthermore, the internal at-
tention mechanism within the custom ViT stream already captures global dependencies,
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ensuring that the overall network benefits attention-driven contextual understanding with-
out requiring extra fusion layers. The concatenated feature vector F¢, formed by combining
the outputs of the EfficientNet and ViT streams, is not passed through an additional in-
termediate block or fully connected layers. Instead, each stream independently produces
class predictions, and the concatenated output represents the combined logits from both
classifiers. While this fusion brings together information from both the local feature ex-
tractor (EfficientNetB0) and the global context modeler (ViT), it does not involve further
refinement or learning after concatenation in the current implementation.

As shown in Figure 4, the input image is simultaneously processed through
two parallel pathways: the A-Stream (EfficientNetB0) and the B-Stream (Vision Trans-
former). Within the A-Stream, SE modules are embedded in each MBConv block to
adaptively recalibrate channels by highlighting significant features while minimizing the
influence of non-informative ones. This mechanism enhances the extraction of discrimi-
native local features and strengthens model generalization with minimal computational
overhead [32]. The output logits from the A-Stream (FAS) and B-Stream (FBS) are con-
catenated to form the final feature vector Fc, which is used to predict RCC grades. No
additional fully connected layer or softmax activation is applied within the network after
fusion; instead, softmax is performed externally during evaluation.

As shown in Table 1, each stream, EfficientNet and ViT, performs classification inde-
pendently, producing its output logits corresponding to the five RCC grades. These logits
are then concatenated, and the resulting vector is interpreted directly without passing
through an additional fully connected layer. Although no softmax activation is applied
within the model itself, softmax can be applied externally during evaluation to convert
logits into a probability distribution over the RCC grades [33]. The proposed model is
trained using the cross-entropy loss function, a widely adopted choice for multi-class
classification tasks. This function measures the discrepancy between predicted logits and
true class labels, guiding the optimization process to improve prediction accuracy across
the five RCC grades [34]. The use of cross-entropy ensures effective and stable training by
minimizing classification error.

Table 1 shows model architecture and configuration details (Input size: 224 x 224),
including the number of parameters. The configuration is determined based on the resized
input dimensions. Abbreviations used: Conv—Convolution layer, BN—Batch Normaliza-
tion, SILU—Sigmoid Linear Unit, GAP—GIlobal Average Pooling, FC—Fully Connected.
Concat—Feature concatenation, SE block. The EfficientNetB0 stream extracts fine-grained
local features, while the ViT stream captures global contextual information. Note: No
additional FC layer is used after fusion; instead, classification logits from both streams
are concatenated directly for prediction. Layers marked with * include both BN and
activation functions.

Table 1. Model Architecture and Configuration Details. K denotes Kernel size, F denotes Filters, O/P
denotes output, and Pram denotes the number of parameters.

Stream Name (Layer) K Stride F O/P Size Param.
Efficient Conv2d (3 — 32) 3x3 1 32 224 x 224 x 32 896
Stream
BatchNorm - - 32 224 x 224 x 32 128
SiLU Activation - - - - -
MBConv1-GAP
(AvgPool - - - 1x1x16 -
MBConv1-FC1 1x1 - 256 1 x1x 256 256
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Table 1. Cont.
Stream Name (Layer) K Stride F O/P Size Param.
MBConv1-ReLU - - - - -
MBConv1-FC2 1x1 - 16 1x1x16 256
Flatten - - - - -
MBConv1-Sigmoid * - - - - -
Conv2d (32 — 16) * 3x3 1 16 224 x 224 x 16 4608
MBConv6-GAP
(AvePool) - - - 1x1x40 -
Conv2d (24 — 40) * 3x3 1 40 112 x 112 x 40 21,600
. Conv2d (3 — 256) *
ViT Stream (Patch Embed) 16 x 16 16 256 14 x 14 x 256 18432
Flatten - - - 1 x 196 x 256 -
Transpose - - - 196 x 256 -
Transformer Encoder i ) 256 196 x 256 ~786,000
x5 (per head)
LayerNorm + FC . . 256 = 1 x 256 65,792
Num_classes
. . 512
Final Fusion-Concatenate - - (256 + 256) 1 x 512 -
Predlcted.Output - - Num_classes Num_classes -
(Logits)

3. Experimental Environment and Results
3.1. Renal Cell Carcinoma Image Dataset

The study was conducted using two open-access histopathological datasets: KMC-
RENAL [35] and RCCG-Net by Ref. [36]. The KMC-RENAL dataset was primarily used
for training and internal evaluation, while RCCG-Net was utilized for external testing
to assess model generalization. In total, 1557 images were used for training, comprising
520 for Grade 0, 312 for Grade 1, 370 for Grade 2, 158 for Grade 3, and 197 for Grade
4. For evaluation, 337 images from KMC-RENAL and 142 images from RCCG-Net were
used, each labeled according to RCC tumor grades 0 through 4. The datasets used in this
study are publicly available for benchmarking. To ensure a fair comparison with previous
methods, we followed the same training and testing protocol defined by the original dataset
providers [36] and adopted in prior works. This consistency in data splitting allows for
a direct and unbiased performance comparison between EAT-Net and existing models.
Accordingly, we used the same predefined training and testing splits provided by the
dataset authors rather than generating new random partitions. To prepare the data for
model input, all images underwent a consistent preprocessing pipeline. This included each
image with 224 x 224 pixels, normalizing pixel intensity values, and converting the images
to tensor format. These transformations ensured standardized input across all samples and
compatibility with the model architecture, as illustrated in Figure 2.

3.2. EAT-Net: Training Procedures and Experimental Framework

EAT-Net employs a dual-stream architecture specifically designed for RCC grade
classification. It integrates two complementary components: an EfficientNetB0 stream,
which is responsible for extracting fine-grained local spatial features, and a ViT stream,
which captures global contextual information through self-attention mechanisms. The
EfficientNetB0 stream is initialized with pre-trained ImageNet weights and fine-tuned on
the RCC dataset to leverage transfer learning, while the ViT stream is designed to process
image patch embeddings and learn long-range dependencies across the histopathological
image. This hybrid design enhances the model’s ability to represent both detailed mor-
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phological patterns and high-level structural context, making it robust for multi-grade
RCC classification.

The dataset was divided into three subsets: 70% for training, 20% for validation, and
10% for testing. EAT-Net was trained over 65 epochs using a batch size of 16 and an
initial learning rate of 0.0001. Optimization was performed using the Adam optimizer, and
categorical cross-entropy was used as the loss function due to its suitability for multi-class
classification tasks like RCC grading. Training was executed on a CUDA-enabled system
equipped with an Intel® Core™ i7-7700HQ processor, 16 GB RAM, and GPU support to
accelerate computations. The cross-entropy loss used during training is mathematically
defined in Equation (1).

3.3. Performance Evaluation of EAT-Net

To evaluate the effectiveness of the proposed EAT-Net in classifying RCC grades from
histopathological images, we employed widely used performance metrics including accu-
racy, precision, recall, and F1 score, which collectively provide insight into the model’s clas-
sification performance across all five RCC grades (0 to 4). To ensure an accurate comparison
versus existing deep learning-based approaches, EAT-Net was evaluated on the RCCG-Net
dataset, which served as an independent evaluation set. The model’s performance was
assessed based on standard classification outcomes: True Positives (TPs), False Positives
(FPs), True Negatives (TNs), and False Negatives (FNs), as outlined in Equations (2)—(5).
These values offer a dependable measure of how well the model distinguishes between
different RCC grades in histopathological data.

N TP + TN 2
Y T TP L TN+ FP + FN
.. TP
Precision = m (3)
TP
Recall = m (4)
2-TP
F1-Score = —————— 6)

2 TP + FP + FN

3.4. Ablation Study for Proposed EAT-Net

To evaluate the impact of each architectural component within the EAT-Net frame-
work, we conducted a focused ablation study across six configurations: EfficientNetBO,
EfficientNetB1, EfficientNetB2, EAT-Net (EfficientNetB0 + ViT Stream), EfficientNetB1 with
ViT Stream, and EfficientNetB2 with ViT Stream.

As presented in Table 2, EAT-Net (EfficientNetB0O + ViT) yielded superior results com-
pared to other configurations. Notably, EfficientNetB0, with an input size of 224 x 224,
aligns directly with the dataset, eliminating the need for interpolation. In contrast, per-
formance of B1 and B2 may be affected due to interpolation requirements. Furthermore,
EfficientNetB0 has the fewest parameters. The comprehensive EAT-Net configuration,
however, exhibited enhanced consistency across all metrics. These findings indicate that
the ViT Stream enhances the model’s ability to understand image patterns and perform
accurate classification while minimizing parameter usage.
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Table 2. EAT-Net ablation study.

Method Parameters (Millions) Accuracy Precision Recall F1-Score
EfficientNetBO0 only 4 92.96 91.57 91.56 91.57
EfficientNetB1 only 7.8 91.55 90.12 90.05 90.08
EfficientNetB2 only 9.2 90.14 88.48 88.30 88.39

EfficientNetB1 + ViT Stream 15.9 92.25 91.46 91.15 91.30
EfficientNetB2 + ViT Stream 17.3 90.85 90.95 90.83 90.89
EAT'N‘\E;i(TEgti:;:;%\]etBO * 12.1 92.25 92.15 92.12 92.25

To visually compare the predictive focus of each model, we generated Grad-CAM
heatmaps for RCC grade 2 samples using both EfficientNetB0 and EAT-Net. As shown
in Figure 5, EAT-Net consistently directed its attention to diagnostically relevant cel-
lular regions, such as nuclei with clear morphological features. In contrast, Efficient-
NetB0 often misclassified the same samples by attending non-discriminative or back-
ground regions. These visualizations demonstrate that EAT-Net’s dual-stream architec-
ture effectively captures both spatial and contextual patterns, contributing to improved
classification performance

Original | True: grade2 EffNetBO Wrong | Pred: gradel EAT-Net Correct | Pred: grade2
)

EffNetBO Wrong | Pred: grade3

Figure 5. Grad-CAM visualizations comparing predictions from EfficientNetB0 and EAT-Net on RCC
grade 2 samples. EAT-Net consistently attends to diagnostically relevant regions (highlighted in red
and yellow), resulting in correct classifications, while EfficientNetBO misclassifies due to scattered or
misplaced focus.



Med. Sci. 2025, 13, 257

11 of 16

3.5. EAT-Net Comparison with Existing SOTA Approaches

The primary objective of this research was to create a reliable and computationally
efficient deep learning model for RCC grade classification using histopathology images. To
assess the effectiveness of the proposed EAT-Net architecture, we compared it with several
existing deep learning models, including ResNet [37], InceptionResV2 [38], NASNet [39],
ShuffleNet [40], BHCNet [41], BreastNet [42], LiverNet [43], ViT [24], RCCGNet [36], RCG-
Net [26] and EFF-Net [44].

As presented in Table 3, EAT-Net outperformed all compared models across the four
key evaluation metrics: Accuracy (92.58%), Precision (92.15%), Recall (92.12%), and F1-score
(92.25%). These results demonstrate EAT-Net’s ability not only to match but also to surpass
the performance of leading models evaluated on the KMC-RENAL dataset.

Table 3. Comparative performance analysis of the proposed EAT-Net against current state-of-the-art
models for RCC grade classification.

Method Parameters (Million) GFLOPS  Accuracy  Precision Recall F1-Score
ResNet [37] 23.60 7.75 74.64 73.60 70.97 70.93
IncResV2 [38] 54.34 13 71.83 71.85 68.64 68.69
NASNet [39] 4.27 1.15 80.28 79.69 77.99 77.09
ShuffleNet [40] 23.83 6.69 83.80 83.15 81.75 81.86
BHCNet [41] 0.30 4.46 86.61 85.08 84.62 84.34
BreastNet [42] 0.61 5.68 85.91 86.88 85.47 85.41
LiverNet [43] 0.57 3.72 86.62 85.52 84.69 84.93
ViT [24] 86.00 33.03 82.39 81.60 80.88 80.38
RCCGNet [36] 0.36 4.48 90.14 89.78 89.60 89.06
RCG-Net [26] 2.38 1.68 90.62 91.23 90.63 90.92
EFF-Net [44] - - 91.90 91.42 91.84 91.90
EAT-Net (Proposed) 12.1 1.99 92.25 92.15 92.12 92.25

EAT-Net’s high classification performance can be attributed to its dual-stream configu-
ration, which integrates the EfficientNetBO backbone for spatial feature extraction with the
ViT Stream. Additionally, the incorporation of SE blocks enhances channel-wise feature
recalibration, while the lightweight structure of ViT Stream ensures efficient computation
and faster convergence.

This consistently high performance indicates that EAT-Net can serve as a reliable model
for RCC grade prediction and has the potential for application in other histopathological
classification tasks. Future work may further explore its generalizability across additional
datasets and its integration into clinical workflows.

4. Discussion

This study set out to develop a deep learning model for RCC grade classification
from histopathological images. EAT-Net performed well on both the KMC-RENAL and
RCCG-Net datasets, achieving 92.25% accuracy, 92.15% precision, 92.12% recall, and 92.25%
F1-score with a per-image inference time of 17.95 milliseconds and 1.99 GFLOPS. These
results exceeded the performance of several existing models. Grad-CAM visualizations
showed that the model’s predictions aligned with key histological features, and ablation
studies confirmed that combining both streams improved performance. Together, these
findings support the use of EAT-Net as a dependable tool for RCC grading.
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The accurate grading of RCC from histopathological images is critical for guiding
prognosis and therapeutic decision-making. However, traditional approaches rely on
manual interpretation, which is time-consuming, subjective, and prone to differences in
judgment between pathologists [45]. To overcome these limitations, EAT-Net leverages
a hybrid structure that combines convolutional efficiency with transformer-based global
awareness. By integrating local features analysis and broader contextual understanding, the
model delivers more consistent and reliable predictions across all RCC grades. This dual-
path strategy aligns with recent findings by [37], who demonstrated that combining global
and local feature maps enhances The model’s precision in identifying fine morphological
distinctions in RCC grades. Local features, such as nuclear shape and texture, provide fine-
grained detail, while global contextual cues help capture spatial arrangements and tissue
architecture; both are essential for accurate classification. The primary objective of this
study was to develop a lightweight, interpretable, and accurate deep learning framework
for RCC grading, and EAT-Net achieved this by delivering high classification performance
across five tumor grades while maintaining computational efficiency.

The integration of SE blocks within EAT-Net’s dual-stream architecture enhances the
network’s ability to recalibrate channel-wise attention, allowing it to emphasize informative
features and suppress irrelevant noise. Similar findings were reported in RenalNet, where
a specialized SE-based MCRT module significantly improved classification performance
with minimal added complexity. Their ablation study demonstrated a 3.54% and 3.64%
drop in accuracy and F1-score, respectively, upon removing this module, underscoring the
importance of attention mechanisms in RCC classification tasks [45].

Compared to RCG-Net, which uses ResNet50 with dual attention and multi-scale
fusion, EAT-Net adopts a more lightweight and efficient dual-stream structure. While
RCG-Net incorporates deeper residual layers and complex fusion blocks, EAT-Net avoids
heavy post-fusion operations by directly combining logits from EfficientNetB0 and ViT
streams. This contributes to reduced computational complexity and faster inference times,
making it practical for integration into clinical workflows, especially in resource-limited
environments. However, unlike RCG-Net, our model does not yet incorporate multi-scale
attention mechanisms, which could be explored in future iterations [26].

EAT-Net shares key similarities with the original ViT, particularly in its ability to
capture long-range dependencies through self-attention. This global contextual under-
standing complements the fine-grained spatial detail extracted by the Efficient Net stream,
allowing EAT-Net to recognize complex patterns across RCC grades accurately. This hybrid
advantage is especially critical for RCC grading, where morphological cues may be subtle
and dispersed [24].

EAT-Net's predictions are visually interpretable, as shown in Figure 6, which displays
correctly classified histopathology images across RCC grades. The first row presents
accurate predictions from grades 0 to 4, highlighting the model’s ability to distinguish
between subtle morphological differences, from uniform nuclei in low-grade tumors to
pleomorphic structures in higher grades. The second row shows consistent predictions for
multiple grade 0 cases, reflecting EAT-Net’s robustness in identifying well-differentiated
tissues. This supports the model’s ability to consistently identify critical histological features
important for RCC grading.
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Figure 6. Example predictions by EAT-Net across RCC grades 0-4. All samples shown were correctly
classified, with predicted grades matching the true labels.

The Grad-CAM visualizations reinforce the interpretability of EAT-Net and its poten-
tial for clinical adoption. By correctly focusing on histologically meaningful areas, EAT-Net
provides transparency in its decision-making process, which is essential for trust in Al-
assisted pathology. Compared to EfficientNetB0, which displayed inconsistent attention in
misclassified cases, EAT-Net’s focus areas closely align with those used by pathologists in
grading RCC, offering further validation for its accuracy and reliability.

EAT-Net is not designed to replace pathologists, but to assist them through a col-
laborative, Al-enhanced workflow. With a classification accuracy of 92.25% and strong
generalization to external datasets, EAT-Net offers consistent and reliable predictions across
RCC grades. The model’s output is made interpretable through Grad-CAM visualizations,
which highlight key histological features used in grading, helping clinicians validate its
decisions. This transparency, combined with its performance, supports its use in real-world
pathology settings. By reducing the time required for manual review and offering trustwor-
thy outputs, EAT-Net can accelerate diagnosis and treatment planning, ultimately leading
to more timely interventions and improved patient care.

While EAT-Net incorporates Grad-CAM to enhance interpretability, offering visual
justification for its predictions, further work is needed to align with emerging regulatory
standards for explainable Al in clinical diagnostics. Future extensions may explore formal
explainability frameworks like SHAP or LIME to strengthen its readiness for diagnostic
approval and clinical deployment.

Despite its strengths, our study has several limitations. EAT-Net was trained and
tested on two publicly available datasets, which may not fully reflect real-world data
diversity. These datasets primarily include clear cell and papillary RCC subtypes, which
limits the model’s generalizability to other histological types based on the feature; however,
the minor edits to the architecture may benefit the performance on other histopathological
applications. Additionally, the use of publicly available data may introduce biases such as
sampling bias, where dataset demographics may not represent the broader population, as
well as labeling bias from inconsistencies in tumor annotations. Class imbalance may also
reduce the model’s sensitivity to aggressive, high-grade tumors.



Med. Sci. 2025, 13, 257

14 of 16

References

To reduce some of these concerns, we conducted ablation studies to validate the
contribution of each model component and applied Grad-CAM visualizations to enhance
interpretability. However, future work should focus on external validation using large,
multi-institutional datasets with diverse histopathologists to address the potential bias.
Moreover, further research should consider incorporating molecular features in line with
recent WHO recommendations and expert feedback.

5. Conclusions

This study proposed EAT-Net, a novel dual-stream deep learning framework designed
to automate the grading of RCC using histopathological images. The model integrates
EfficientNetBO0 for spatial feature extraction with a ViT stream for contextual understanding.
Unlike conventional architectures that rely on dense fusion layers, EAT-Net directly merges
logits from both streams, achieving a high diagnostic performance with reduced compu-
tational overhead. EAT-Net achieved state-of-the-art performance on the KMC-RENAL
dataset, with an accuracy of 92.58% and an Fl-score of 92.25%, outperforming existing
deep learning models, including ResNet, ViT, and RCCG-Net. Cross-dataset testing on
RCCG-Net confirmed EAT-Net’s generalizability, demonstrating robust and reliable pre-
dictions across all RCC grades. Grad-CAM visualizations demonstrated that EAT-Net
focuses on relevant histological features during inference, enhancing its interpretability
and alignment with clinical expectations. With its lightweight architecture, low parameter
count, and elimination of computationally expensive fusion layers, EAT-Net is well-suited
for real-time deployment, even in resource-constrained clinical environments. Comparative
analysis of inference speed, model size, and classification accuracy further emphasizes
EAT-Net’s practicality for integration into digital pathology workflows. Future research
should explore applying EAT-Net to other cancers, to enhance its efficiency, and improve
interpretability for real-world clinical use.
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