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Abstract

Diagnosis of colorectal cancer (CRC) primarily relies on histopathological examination
of hematoxylin and eosin-stained tissue sections; however, manual interpretation is time-
consuming, subjective, and increasingly impractical given the rapid growth of digital
pathology data. We introduced a hybrid loss-based learning framework for multi-class
colorectal histopathology image classification that improves class-balanced performance
without increasing model complexity. Various EfficientNet versions were checked as the
first step to establishing a strong baseline, and EfficientNet-B3 was chosen based on val-
idation Matthews Correlation Coefficient (MCC). Extending this backbone, we propose
a hybrid loss function that mixes weighted cross-entropy and focal loss to achieve the
combined effect of dealing with the global class imbalance while also focusing on hard-
to-classify samples. The results of experiments on a large-scale colorectal histopathology
dataset show that the Hybrid-B3 model introduced significantly improves the baseline set-
tings. Hybrid-B3 registers a test accuracy of 99.83%, a very high class-balanced performance
with a balanced accuracy and G-Mean of 99.85%. The changes are verified and non-random
by the statistical validation using bootstrap confidence intervals and paired significance
tests. The offered solution emphasizes the efficiency of loss-function optimization solely
to provide improvements in robustness and reliability in computational pathology and,
correspondingly, yields a practical and scalable solution for colorectal cancer diagnostic
support in the real world.

Keywords: colorectal histopathology; deep learning; EfficientNet; hybrid loss function;
class imbalance

1. Introduction

Colorectal cancer (CRC) continues to be one of the main causes of death from can-
cer worldwide. The follow-up of the patients is highly dependent on early and precise
diagnosis [1]. The histopathological examination of hematoxylin and eosin (H&E) stained
tissue sections is the diagnostic method for CRC; however, manual evaluation requires
a lot of time, is subjective, and there is a high risk of inter-observer variability, especially in
large-scale screening situations.

Due to the increase in digital whole-slide images in modern pathology workflows,
a reliable, automated, and scalable computer-aided diagnostic system that assists patholo-
gists in developing clinical trials through accurate identification of diverse colorectal tissue
types is critically needed [2,3]. In the recent past, deep learning has significantly impacted
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computational pathology through enabling end-to-end learning of tissue discriminative fea-
tures directly from histopathological images using convolutional neural networks (CNNs).
CNN’s have been found to be efficient in colorectal tissue classification, segmentation, and
prognosis prediction tasks. VGG, ResNet, DenseNet, and EfficientNet are some of the
architectures that have been extensively used because of their excellent feature extraction
potential and the possibility of transfer learning. Among all, EfficientNet-based models
have been particularly recognized for delivering high accuracy in classification at a signif-
icantly low computational cost via compound scaling of the network depth, width, and
resolution [4,5].

Beyond the architectural refinements, some works have also delved into attention
mechanisms, ensemble learning, weakly supervised learning, and transformer-based mod-
els in order to recognize complex morphological patterns as well as long-range contextual
dependencies in histopathological images. Such techniques have pushed the limit of ac-
quiring knowledge; however, many of them call for a higher degree of model complexity,
significant computing power, or the use of specialized preprocessing pipelines. Besides
that, even though very high accuracy levels have been attained, one of the main problems
in colorectal histopathology analysis is the extreme class imbalance that comes naturally
with real-world datasets, where the samples of some tissue types (e.g., tumor and mus-
cle) significantly outnumber the samples of other classes like mucus, lymphocytes, and
debris [6].

In order to fix the class imbalance problem, the majority of the studies at present adopt
weighted cross-entropy loss or data-level balancing strategies. Weighted cross-entropy
is a good solution for adjusting the differences in global class frequencies; however, it
assumes that all samples belonging to a class have the same level of difficulty and it
does not put a particular emphasis on hard-to-classify or ambiguous tissue regions. For
histopathological images, such hard samples are indeed very frequent due to factors like
slight morphological differences, staining artifacts, and tissue characteristics that partially
overlap. Therefore, models trained only with the weighted cross-entropy loss may happily
reach high accuracy but still fail on the samples that are problematic from the clinical point
of view.

Several recent publications have focused on introducing focal loss and other margin-
based loss functions to put more emphasis on hard samples and to boost the performance
of minority classes. Nevertheless, focal loss in isolation might concentrate too much on
difficult samples at the cost of maintaining the overall class balance, especially in multi-
class medical imaging situations. Moreover, a lot of research works integrate new loss
functions with architectural changes, which makes it hard to determine if the performance
improvements come from better learning strategies or from increased model capacity.

Thus, we set out to investigate this issue and propose here a hybrid loss-based learning
framework that is built on a carefully chosen and well-established backbone CNN. Initially,
we perform a neutral real-world experiment of several EfficientNet variants to isolate
the best single baseline architecture. Based on validation scores under imbalance-aware
metrics, EfficientNet-B3 is selected as the reference backbone. Then, we propose a hybrid
loss function combining weighted cross-entropy and focal loss, thus enabling one to deal
with both the global class imbalance and the targeted focus on hard-to-classify samples
simultaneously. Most significantly, the proposed framework keeps the original network
architecture intact, which means that the performance improvements observed are solely
due to learning dynamics that have been enhanced.

The key idea that we have developed and tested in this paper is that combining
weighted cross-entropy and focal loss in a single optimization framework can lead to
improved class-balanced performance and robustness in colorectal histopathology clas-
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sification, even from a very powerful baseline model. Our extensive experiments on
a large-scale, clinically relevant dataset, using imbalance-aware evaluation metrics and
rigorous statistical validation, confirm this idea.

The main contributions of our work are summarized below:

We show that EfficientNet-B3 trained with weighted cross-entropy can be considered
a very powerful and fair baseline for colorectal histopathology classification.

—  We introduce a hybrid loss function that tackles both global class imbalance and
hard-sample learning jointly without changing the network architecture.

—  We proved through our experiments that significant and consistent improvements in
MCC, balanced accuracy, and G-Mean can be achieved only by loss-level optimization.

— We have provided a statistical analysis that supports our claim that the proposed
method provides robust and reproducible performance improvements even in very
severe class imbalances.

2. Literature Survey

Ramasamy et al. [7] have presented DBNA-Net, a hybrid Deep Belief Network and
NASNet-based attention framework for histopathological images of lung and colon cancer
classification. The research introduced unsharp filtering, PN-UNet-based cell segmentation,
and handcrafted texture features to enhance discriminative learning. The experimental
outcomes have confirmed a strong classification performance with over 91% accuracy for
different cancer types. The authors have found that attention-guided deep architectures
enhance the robustness in the recognition of heterogeneous tissue patterns. Ochoa-Ornelas
et al. [8] experimented with a transfer learning framework based on EfficientNet-B3 for
the automatic detection of lung and colon cancer from histopathological images. The
model was initially trained on the LC25000 dataset and then further tested on external
genomic data to evaluate its generalizability. This approach has achieved a very high
level of performance in terms of accuracy, precision, recall, and MCC, all values being
above 99%. EfficientNet-B3 was pointed out as an effective end-to-end model that requires
very little preprocessing. Fu et al. [9] proposed a colon cancer histopathological image
classification method based on transformers, which leverages local multi-scale features and
makes use of whole-slide images. The technique employed farthest point sampling and
multi-scale grouping to effectively capture the regional contextual dependencies among
the different patches. To counter class imbalance in weakly supervised settings, the focal
loss function was used. Tests carried out on the hospital and TCGA datasets have shown
that the approach outperforms other MIL-based methods. Hamida et al. [10] have designed
weakly supervised attention-guided UNet variants for colon cancer histopathological image
segmentation with insufficient annotation. The research modified Att-UNet architectures
by innovative skip-connection and attention-gate configurations. A single-step training
protocol has been proposed to deal with class imbalance and lack of pixel-level annotations.
The newly developed Alter-AttUNet has been able to score high segmentation accuracy
while still being a lightweight model.

Muniz et al. [11] investigated the combination of micro-FTIR hyperspectral imaging
and deep learning to go beyond standard RGB histopathology for colon cancer diag-
nosis. They used fully connected deep neural networks to model hyperspectral voxel
representations and thus capture biochemical tissue signatures. Their method reached
99% classification accuracy in a cross-validation experiment within a single patient. The
paper showed that infrared spectral data were a major contribution to tissue classification
and, therefore, diagnostic confidence. Dabass et al. [12] suggested a multi-level convo-
lutional neural network with the addition of enhanced convolutional learning modules
and attention learning mechanisms for colon histopathological image classification. Such
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a system was able to simultaneously extract spatial and channel-wise discriminative fea-
tures, and at the same time, it successfully avoided vanishing gradient and resolution
degradation problems. Evaluation was made on a number of public and private datasets,
such as LC25000 and NCT-CRC-100K. The experimental outcomes supported the findings
of high accuracy and the attention maps, which were clinically validated, matched the
pathologists” interpretations. Yildiz et al. [13] designed a stacked-based deep ensemble
learning method for a multi-class cancer diagnosis with histopathological images. They
used DenseNet201 and EfficientNet-B7 as the base learners, while a shallow CNN was
utilized as a meta-learner to fuse the decisions. The model was subjected to training and
testing on the datasets of lung, colon, oral, and breast cancer. The ensemble model was
at the top of its game by delivering near-perfect accuracy for colon and lung cancer, thus
indicating its high potential for computer-aided diagnosis. Ghadami et al. [14] presented
a hybrid colon cancer diagnosis model integrating a modified VGGNet-based CNN with
the Coati Optimization Algorithm for feature selection. Instead of combining PCA-based
conventional selection, they hence utilized a bio-inspired optimization method to pick out
the most discriminative features. Classifiers such as decision trees, KNN, and ensemble
methods were among those tested on the LC25000 dataset. The optimized CNN-COA
model had the highest accuracy and statistical significance, which proved its potential for
the automatized diagnosis.

Palomarde Lucas et al. [15] proposed a tumor budding-stroma (TBS) score that is
capable of providing more detailed information for prognostic assessment in microsatellite-
stable localized colon cancer. The authors scored both tumor budding and tumor-associated
stroma in the extended tumor areas of resected specimens. The combined TBS score not
only showed a strong independent association with disease-free survival but also with
immune-depleted tumor microenvironments. The authors” method surpassed hotspot-
based assessments in terms of effectiveness, thereby providing a fuller picture of tumor
heterogeneity. Mehmood et al. [16] demonstrated a transfer-learning-based method for the
detection of lung and colon cancer using histopathology images paired with class-selective
image processing. A fine-tuned AlexNet architecture was used, with targeted contrast
enhancement being a feature of only the underperforming classes. Such a selective prepro-
cessing strategy allowed for an increase in the classifiers” accuracy while not compromising
on computational efficiency. The method the authors proposed resulted in a noticeably
better overall accuracy and was thus a practical solution for diagnostic setups with very lim-
ited resources. Sari et al. [17] came up histopathological colon tissue classification method
via unsupervised learning of deep feature extractions with the help of restricted Boltzmann
machines. The technique selected the most important tissue subregions by combining do-
main knowledge and without the help of pixel-level annotations. In addition, the authors
also used the unsupervised clustering of the deep features to find out the different types of
tissue components and thus, perform the classification task. The experimental results also
showed that the accuracy was better than that obtained through the use of handmade and
supervised patch-based approaches. Jia et al. [18] published in their paper a constrained,
deep weak supervision setting-based deep learning framework under a multiple instance
learning paradigm for histopathology image segmentation. The authors’ model made use
of fully convolutional networks incorporating deep weak supervision and area constraints,
which were derived from coarse annotations. Pixel-level segmentation was realized with
only image-level labels and approximate region size information. The method proposed
by the authors resulted in a performance that was at the cutting-edge of segmentation on
histopathology datasets of big scale.

Sirinukunwattana et al. [19] proposed a locality-sensitive deep learning method to
detect and distinguish nuclei in histology images of colorectal cancer. Specifically, they
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developed a spatially constrained CNN for regressing the nucleus center probabilities and
a neighboring ensemble predictor for enhancing classification accuracy. Their approach
did not require explicit nucleus segmentation, thus reducing the computational burden.
They compared their method with others on extensively annotated large-scale datasets and
showed that their method outperformed all others in terms of F1-scores. Mahbub et al. [20]
suggested a center-focused affinity loss function to tackle the problem of class imbalance in
fine-grained histopathology image classification. Their loss function promoted intra-class
compactness and focused on minority class feature learning in the embedding space. The
method was tested on breast and colon cancer datasets that suffered from severe imbal-
ance. The experimental results confirmed that their method consistently outperformed
softmax, ArcFace, CosFace, and focal loss-based approaches. Belharbi et al. [21] presented
an interpretable weakly supervised framework for histology image classification and seg-
mentation guided by a max-min uncertainty principle. Their model was composed of
cross-entropy, KL-divergence-based uncertainty regularization, and a log-barrier constraint
that accounted for the balancing of foreground and background regions. The authors
showed that pixel-level localization was feasible by using only image-level labels without
resorting to exhaustive annotations. Their method drastically lowered false positive rates
and was ahead of the current state-of-the-art weakly supervised methods on colon and
breast cancer datasets. Alqahtani et al. [22] put forward a deep learning-based framework
for cancer prognosis prediction that combined feature selection and feed-forward neural
networks. A binary AC-parametric whale optimization algorithm was utilized to pick
the best feature subsets and tune the network parameters. The proposed framework was
tested on different cancer datasets, such as breast, colon, lung, and ovarian cancers. The
results revealed that the proposed method was more accurate and less time-consuming in
making predictions than the conventional machine learning techniques. Provath et al. [23]
built a multi-dataset training strategy to achieve robust colorectal polyp detection with
state-of-the-art YOLO architectures. They used heterogeneous datasets like Kvasir-SEG
and CVC-ClinicDB to train the model in order to make it generalize well to the variations
in polyp appearances. Moreover, the robustness in real clinical situations was evaluated
via external validation on unseen datasets. The study has shown that the proposed method
is highly precise and real-time is feasible for endoscopic diagnostic support.

Bappi et al. [24] came up with a better YOLO-based detection framework that uses
attention mechanisms and specially tailored loss functions to analyze biomedical images.
The proposed model concentrated on enhancing feature discrimination of small and ir-
regular shapes in medical images. They carried out a wide range of tests, which showed
that not only was the accuracy of the detections improved, but also the number of false
detections was lowered. The authors further remarked that the changes in the network
architecture have the potential to make it suitable for real-time scenarios in clinics. Elseddeq
et al. [25] have merged super-resolution and object detection models with a hybrid deep
learning method to tackle the problem of poor-quality medical images. This model uses
the resolution enhancement features of super-resolution to overcome the issue of severe
resolution degradation that is characteristic of images taken with an endoscope. They
performed the evaluation of the performance using three different metrics, i.e., precision,
recall, and mean average precision. Furthermore, the outcome of the experiment confirmed
that the addition of super-resolution resulted in a significant increase in the dependability
of the detections. Mert et al. [26] developed a colorectal polyp detection system capable
of working in real time by utilizing deep learning along with preprocessing for image
enhancement. In order to improve the identification of features, contrast enhancement
techniques were first applied before object detection. The deep neural network was tested
on colonoscopy datasets that are publicly available and reflect true situation problems.
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The research data showed that not only was there an improvement in Fl-scores, but also
there was an increased stability of the method against changes in lighting. Table 1 summa-
rizes representative recent studies in colorectal histopathology analysis, highlighting their
methodologies, datasets, performance metrics, key contributions, and reported limitations.

Table 1. Comparative summary of various approaches for colorectal histopathology analysis.

Ref No. Method/Model Dataset Accuracy (%) Key Contribution Limitations
DBNA-Net attention-based CNNs handcrafted features
[7] (DBN + NASNet LC25000 91.3 and segmentation;
. . for robust o
with Attention) hi limited external
istopathology .
i validation.
classification.
Demorirtel st i
8] EfficientNet-B3 LC25000 99.3 lightweight transfer explainability;
(Transfer Learning) 1 . . L focused only on
earning with minimal e
. classification.
preprocessing.
Transformer-based Captured long-range Computationally
[9] MIL with TCGA, Hospital 941 dependencies in WSIs  expensive; required
Multi-scale WSI ' using multi-scale large memory
Grouping transformer learning. resources.
Introduced
Alter-AttUNet Colon Histolo attention-guided Sensitive to class
[10] (Weakly 8y 93.5 UNet variants for imbalance; limited
. Dataset . .
Supervised) segmentation under  robustness to noise.
sparse annotation.
Deep Neural Clinical Used bloF:hemlcal Specialized imaging
spectral signatures O
[11] Network + Hyperspectral 99 bevond RGB imaein hardware required;
Micro-FTIR Data Y IMABNE  Jimited scalability.
for cancer diagnosis.
Extracted hierarchical
Multi-level CNN spatial and Model complexity
. LC25000, . . -
[12] with NCT-CRC-100K 98.6 channel-wise features  increased training
Attention for histopathology cost.
classification.
Stacked Ensemble . Achieved near-perfect High computational
Multi-cancer .
[13] (DenseNet201 + Histopatholo 99.8 accuracy using deep overhead; poor
EfficientNet-B7) P &Y ensemble stacking. interpretability.
Introduced
CNN + Coati bio-inspired Optimization stage
[14] Optimization LC25000 97.9 optimization for increased inference
Algorithm feature selection time.
in CNNs.
Proposed prognostic Not a DL-based
Tumor A .
. MSS Colon stratification using model; dependent
[15] Budding-Stroma -
. Cancer Data extended tumor on expert
(TBS) Scoring . . .
region analysis. annotation.
Improved
. Performance
AlexNet + underperforming depended on
[16] Class-Selective LC25000 96.4 class accuracy via P
. enhancement
Enhancement selective .
. tuning.
preprocessing.
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Table 1. Cont.

Ref No. Method/Model Dataset Accuracy (%) Key Contribution Limitations
Unsupervised Deep I Lfearr}ed . Lower accuracy
. Colon discriminative tissue .
[17] Feature Learning . 89.7 . than supervised
Histopathology features without
(RBM) . deep models.
pixel-level labels.
Achieved pixel-level .
. . . Required
[18] Weakly Supervised Large-scale 948 segmentation using approximate region
FCN (MIL-based) Histopathology ' only image-level .
constraints.
labels.
Avoided explicit
[19] Locality-Sensitive ~ Colorectal Nuclei 95.0 (F1) segmentation while  Sensitive to densely
CNN Dataset ' improving nucleus clustered nuclei.
detection accuracy.
Center-Focused Breast and Colon . Addressecjl class Required careful
[20] - 96.2 imbalance using novel hyperparameter
Affinity Loss Cancer . .
loss formulation. tuning.
Introduced o
. . Localization
Weakly Supervised uncertainty
. . Colon and Breast o accuracy lower than
[21] Uncertainty-Guided . 94.5 regularization for .
Histology : fully supervised
CNN interpretable
S methods.
localization.
AC-Parametric Optimized feature .
. . Not image-based;
Whale Multi-cancer selection and .S
[22] L >95.0 limited
Optimization + Tabular Data parameters for explainabilit
ANN prognosis prediction. P Y
. Demonstrated robust Limited
YOLOvV8m- Kvasir-SEG, real-time pol rformance on flat
[23] CVC-ClinicDB, ~ mAP:91.1 cartime polyp pertormance on tia
YOLOv1lm detection with or very small
ETIS . .
multi-dataset training. polyps.
Improved
[24] Attention-Enhanced Biomedical 98.8 small-object detection Limited clinical
YOLOv7 Challenge Data ' using attention and dataset validation.
custom loss.
ETIS Enhanced detection Increased
[25] SRGAN + YOLOvV5 .. 95.2 from low-resolution computational
CVC-ClinicDB L .
endoscopic images. complexity.
Improved robustness Noise amplification
YOLOvS8 + CLAHE Kvasir-SEG, via contrast p N
[26] . F1:92.6 under poor lighting
Enhancement HyperKvasir enhancement e
. conditions.
preprocessing.

In summary, these studies have made significant progress in colorectal histopathology

analysis by utilizing advanced CNNSs, transformer-based models, ensemble learning, weak

supervision, and novel optimization strategies. There are benefits to many of these methods,

such as a high level of accuracy; however, they usually come at the cost of increased

architectural complexity, highly specialized preprocessing, or high computational power

requirements. In addition, they might not even solve the problem of severe class imbalance

to the extent that is expected or provide sufficient statistical validation. While it is true that

alternative loss functions have been tested, only a tiny fraction of the works systematically

search whether loss-function optimization alone can lead to improvements that are reliable

and consistent over different datasets without increasing the model complexity. Such

shortcomings call for a method that is not only computationally efficient but also imbalance-

aware and statistically robust. Thus, the hybrid loss-based EfficientNet method proposed

in this work is motivated.
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3. Materials and Methods
3.1. Baseline Models

The EfficientNet family of convolutional neural networks, namely EfficientNet-BO,
EfficientNet-B3, and EfficientNet-B5, was used in this research to develop the baseline
models. To improve the results, all baseline models were first initialized with ImageNet-
pretrained weights and then fine-tuned on the colorectal histopathology dataset using the
transfer learning approach. The original classification layers were removed and replaced
with task-specific fully connected layers of nine tissue classes. Because histopathological
data have a class imbalance, the training of all baseline models was done with weighted
cross-entropy loss, where class weights were calculated based on the distribution of training
data. To allow a fair and unbiased comparison, training and evaluation were conducted
with the same experimental settings.

EfficientNet networks were selected as they are known for their performance and
parameter efficiency resulting from compound scaling of network depth, width and input
resolution. EfficientNet models, when compared to traditional CNNSs, are a great com-
promise between accuracy and computational cost, which makes them very suitable for
large-scale medical image analysis. Trying out several EfficientNet variations allows for
a fair backbone choice and prevents architectural bias. EfficientNet-B3 out of the three
models gave the best validation results in terms of MCC, and hence the baseline reference
model for the rest of the experiments was chosen to be EfficientNet-B3.

EfficientNet-B0 was thoroughly tested as a minimal and efficient model, mainly to set
a complexity and performance baseline at a low end. EfficientNet-B0, which was originally
trained on the ImageNet dataset, was retrained on the colorectal histopathology dataset
using transfer learning. The model architecture was slightly tweaked to enable the final
classification of the nine tissue types. The model was optimized using a weighted cross-
entropy loss in order to account for the imbalance in tissue class distribution. EfficientNet-
BO’s relatively small size in terms of the number of parameters makes it a good candidate
for investigating how much performance we can sacrifice for a significant gain in efficiency
when classifying large-scale histopathological images [27].

EfficientNet-B3 was the choice for a medium-sized baseline, allowing the model to
have a good level of capacity, while still being efficient in terms of computations. In the same
manner as with EfficientNet-B0, the model state was loaded with ImageNet-pretrained
weights and subsequently retuned using the weighted cross-entropy loss technique under
a clone of the initial experimental conditions. EfficientNet-B3 scored the highest validation
results through the Matthews Correlation Coefficient (MCC) metric, hence indicating the
ability of the model to learn balanced class distributions. Therefore, it was chosen as the
main baseline model, labeled as Baseline-B3, and also acted as the backbone for the hybrid
loss framework that was proposed [28].

EfficientNet-B5 was measured against the capacity increase in the network so as to
evaluate its effect on classification accuracy. The model was fine-tuned similarly to the other
baseline models, i.e., using transfer learning and weighted cross-entropy loss. EfficientNet-
B5 managed to achieve decent accuracy and MCC scores. However, its performance fell
short of the EfficientNet-B3 model even though it was more computationally expensive.
This basically highlights that merely increasing the depth or complexity of a network
architecture without proper class balancing will hardly lead to improvements in class-
balanced performance for colorectal histopathology classification [29].

3.2. Proposed Hybrid-B3 Model

The Hybrid-B3 model in the pipeline extends the EffectiveNet-B3 focus, which was
selected via objective baseline evaluation, and it also features a somewhat new loss for-
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mulation to better accommodate class-balanced and hard-sample learning. The network
comp., initialization scheme, data handling, and the solution method of the Baseline-B3
remain the same. This is done to ensure that any performance gains can only be attributed
to the learning strategy and not the architectural changes.

The weighted cross-entropy loss, which adjusts the global class imbalance but con-
siders all the samples within the same class equally, is not sufficient for the weighted
cross-entropy loss’s deficiencies to be fixed. The Hybrid-B3 model combines the weighted
cross-entropy with the focal loss to form a hybrid loss function. The weighted cross-entropy
encourages less-represented tissue classes through the use of class weighting, while focal
loss lessens the weight of easy samples and concentrates the learning on hard-to-classify
and ambiguous tissue regions that are common in histopathological images. The hybrid
loss is a mixture of these two components, a balancing coefficient, and a focusing parameter,
with weights assigned to each.

The hybrid loss provides two flexible hyperparameters: the weighting coefficient,
which balances the weighted contribution of cross-entropy and focal loss, and the focusing
parameter, which indicates how much emphasis is given to the hard samples. Random
search was used to optimize these parameters, with the validation MCC serving as the
guide to perform imbalance-aware model selection. The final model of Hybrid-B3 was run
through the same experimental protocol as the baseline after it had been trained with the
best parameter setting.

Importantly, the Hybrid-B3 framework does not add model parameters, extend the
network depth, or increase the computational complexity. Hence, the new method attains
enhanced class-balanced performance and robustness simply by loss-level optimization,
which makes it not only an effective but also a practical method for large-scale colorectal
histopathology analysis.

Table 2 compares the different EfficientNet variants in terms of their architectural
features, which have been evaluated in this research. EfficientNet-B3 is the most capable
model for representational capacity and it is expected that it requires the least amount
of computational power. Hence, the selection of EfficientNet-B3 as the backbone of the
proposed hybrid loss framework is well justified. Notations are mentioned in Table 3.

Table 2. Comparative architectural characteristics of evaluated models.

Parameters Key TR
Model Depth/Layers (Approx.) Components Strengths Limitations
MBConv blocks, Lightweight, fast IIjelg'let:ednta tional
EfficientNet-B0 Shallow-— ~5.3 million squ.eez.e—and— training and capacity for
moderate depth excitation, inference, low complex tissue
compound scaling  computational cost pa ttep;ns
Strong balance
between accuracy
g/lﬁgfzr:-,atr)}g.c ks, and efficiency, Slightly higher
EfficientNet-B3 Moderate depth ~ ~12 million queez robust feature computational cost
excitation, .
compound scaling representation, than BO
best class-balanced
performance
Increased
Deeper yig;i‘jakﬁg_cks’ Higher capacity computational cost
EfficientNet-B5 P ~30 million quieez for fine-grained without
architecture excitation,

compound scaling

feature learning

proportional
performance gain
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Table 3. Notation used in the mathematical model.
Symbol Symbol Description

D Histopathology dataset

N Number of samples

X; Input histopathology image

Yi Ground-truth class label

Ui Predicted class label
C Number of tissue classes (C =9)

fo(*) EfficientNet-B3 feature extractor

0 Learnable model parameters

zZ; Feature representation of sample i

Pic Predicted probability for class c

We Class weight for class ¢

LWCE Weighted cross-entropy loss

L, Focal loss
A Loss balancing coefficient
Y Focal loss focusing parameter

3.3. Mathematical Model of the Proposed Framework
Let D = {(x;,y;)}}Y, denote the colorectal histopathology dataset, where x;Z € RIT*Wx3

represents an input RGB image patch and y; € {1,2,...,C} denotes the corresponding
ground-truth tissue class label, with C = 9.

Feature Extraction and Prediction.

Given an input image x;, the EfficientNet-B3 backbone acts as a nonlinear feature
extractor parameterized by 6, producing a feature representation z;:

z; = fo(x;) (1)

The extracted features are passed through a fully connected classification layer fol-
lowed by a softmax function to obtain class probabilities:

T,.
pe = 2P0 g e @)

Zl?:l exp(w;zi)

where p; . denotes the predicted probability that sample x; belongs to class c, and w, repre-
sents the classifier weights for class c.
The final predicted class label is given by the following:

Ji = arg max | pi, 3)
Weighted Cross-Entropy Loss.
To address global class imbalance, weighted cross-entropy loss is employed. Let

w, denote the weight associated with class ¢, computed from the training set distribution.
The weighted cross-entropy loss is defined as follows:

1 N
Lwee = — Y wylog(piy,) (4)
i=1

Focal Loss.
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To emphasize hard-to-classify and ambiguous samples, focal loss is incorporated. The
focal loss is defined as follows:

1 N
Lo = =51 (1= piy) "og(piy,) ©

i=1

where ¢ > 0 is the focusing parameter controlling the degree of emphasis on misclassi-
fied samples.

Proposed Hybrid Loss Function.

The proposed hybrid loss combines weighted cross-entropy and focal loss into a single
objective function:

Luybrid = A Lwce + (1 —A) L. (6)

where A € [0, 1] balances global class imbalance handling and hard-sample learning.
Model parameters are optimized by minimizing the hybrid loss:

0" = arg InQin | EHybrid 7)

The training procedure of the proposed Hybrid-B3 framework is presented in Algo-
rithm 1.

Algorithm 1: Training Procedure of the Proposed Hybrid-B3 Framework

Input:

Histopathology dataset D = {(x;, y;)},, number of classes C, class weights {w:}<_,,
EfficientNet-B3 backbone, hyperparameters A and vy

Output: Optimized model parameters 6*

Initialize EfficientNet-B3 with ImageNet-pretrained weights.

Replace the final classification layer to match the C-class output.

For each training epoch, do:

Extract feature representations using Equation (1).

Compute class probabilities using Equation (2).

Predict class labels using Equation (3).

Compute weighted cross-entropy loss using Equation (4).

Compute focal loss using Equation (5).

Combine losses using the hybrid formulation in Equation (6).

Update model parameters by minimizing the hybrid loss as defined in Equation (7).
Repeat Steps 3—4 until convergence.

SR e AN T LN

Return the optimized parameters 6*.

3.4. Workflow Design

Figure 1 illustrates the overall architecture of the imbalance-aware framework pro-
posed for multi-class colorectal histopathology classification. The framework receives input
histology images that are passed through multiple EfficientNet variants for systematic
backbone evaluation to select the best feature extractor based on the validation performance
objectively. The chosen backbone is then combined with a feature extraction and classifier
head and trained with a hybrid loss, made up of weighted cross-entropy and focal loss to
simultaneously tackle class imbalance and hard-sample learning.
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Figure 1. Proposed workflow.

The performance of the proposed solution is measured comprehensively through the
use of imbalance-aware metrics, e.g., Matthews Correlation Coefficient, balanced accuracy,
G-Mean, and minority-class sensitivity and specificity. Besides that, the present study
validates the results through statistically sound methods such as bootstrap confidence
intervals and paired significance tests for robustness and reliability of the findings.

4. Experimental Design
4.1. Dataset Description

This research work made use of a large-scale, openly accessible dataset of colorectal
histopathology images obtained from hematoxylin and eosin (H&E)-stained tissue sec-
tions. The dataset is in line with the popular CRC-100K/CRC-VAL-HE-7K benchmark
protocol that has recently been used as a standard reference for multi-class colorectal tissue
classification tasks in computational pathology research. The dataset comprises nine clini-
cally relevant tissue classes and reflects real-world class imbalance, making it suitable for
evaluating imbalance-aware learning strategies.

The dataset contains the following nine tissue classes, which are still very relevant to
the clinic: adipose (ADI), background (BACK), debris (DEB), lymphocytes (LYM), mucus
(MUC), muscle (MUS), normal mucosa (NORM), stroma (STR), and tumor epithelium
(TUM). The classes encompass various types of colorectal tissues and reflect practical
diagnostic issues that are normally faced by pathologists, such as having very similar
classes and also quite a lot of variability within the same class [30].

All images have been taken as patches of a fixed size from whole-slide images (WSIs)
that were obtained at a very high magnification and were marked by expert pathologists.
The dataset has quite an extreme class imbalance, which is a good thing since it illustrates
the real histopathological distributions where some tissue types are much more abundant
than others, hence the usage of tumor and muscle tissues as examples of classes with high
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abundances and mucus and lymphocytes as minority classes. Hence, the dataset is very
well suited for testing imbalance-aware learning strategies.

In accordance with the standard evaluation procedures, the dataset was partitioned
into non-overlapping training, validation, and test sets so as to allow fair performance
evaluation and prevent data leakage. The final sets used in this work contain 70,106 training
images, 14,945 validation images, and 14,949 test images, including all nine types of tissues.
The class distributions were thoroughly measured, and class weights were derived from
the training set to facilitate imbalance-aware optimization during model training.

Before being input into the deep learning models, all images were first converted to
RGB format and then resized to a fixed spatial resolution. To increase the generalization of
models, only random rotations, flips, and color jittering, which are standard data augmen-
tation techniques, were applied to the training set. However, to maintain the purity of the
evaluation, the validation and test sets were kept without any augmentation.

4.2. Experimental Setup

Experiments were carried out with a single and fully reproducible training pipeline
implemented in PyTorch 2.5.1. To make comparisons between models fair, the same data
splits, preprocessing steps, optimization settings, and evaluation protocols were used for
all experiments.

Hardware and Software Environment.

Model training and evaluation were performed on a workstation provided with an
NVIDIA RTX A6000 GPU, where CUDA acceleration was enabled. The experiments
were run in PyTorch (v2.5.1) with CUDA support; thus, large-scale training and inference
were made efficient. To improve the computational efficiency and stability while not
compromising the numerical accuracy, AMP, or automatic mixed precision, was used for
mixed-precision training.

Network Architectures and Transfer Learning.

Three different versions of the EfficientNet model (EfficientNet-B0, EfficientNet-B3,
and EfficientNet-B5) were tested as backbone networks. Each model was first loaded
with ImageNet-trained weights in order to benefit from transfer learning and speed up
training. The original classification heads were swapped out for a fully connected layer
corresponding to the nine tissue classes of the colorectal histopathology dataset.

The choice of backbone was carried out without any preconceptions about the model
architecture, and therefore it was chosen based on validation Matthews Correlation Coeffi-
cient (MCC) instead of validation accuracy. EfficientNet-B3, based on the above validation
metric, was the best-performing backbone and thus, it was the one that was used for all the
hybrid loss trials.

Data Preprocessing and Augmentation.

Using the ImageNet mean and standard deviation values, all histopathological image
patches were resized to 224 x 224 pixels and normalized. To help the model generalize
better and to also avoid overfitting, data augmentation was done only to the training set,
and it involved random horizontal and vertical flips, random rotations (+-15°), and a slight
color change. The validation and test sets were kept without any kind of augmentation in
order to maintain an unbiased evaluation.

Training Strategy and Optimization.

All the models were optimized with the Adam optimizer at a constant learning
rate of 1 x 10~* and a batch size of 32. No learning rate scheduling was implemented
to allow the loss-function design to have an isolated effect. Each baseline model was
trained for 30 epochs, and the final hybrid loss model was trained for 40 epochs with the
chosen backbone.
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Class imbalance was handled by calculating class weights from the training set distri-
bution, which were then used in all the loss functions. The baseline models were trained
with class-weighted cross-entropy loss, while the hybrid models proposed used class-
weighted combinations of cross-entropy and focal loss.

Hybrid Loss Optimization.

Our new hybrid loss function brings in two hyperparameters: the weighting coeffi-
cient A, which manages the balance between weighted cross-entropy and focal loss, and the
focusing parameter v, which gives more attention to the hard-to-classify samples. A ran-
domized hyperparameter search with 20 trials, each training for 5 epochs, was used to
optimize these parameters. Validation MCC was the only optimization objective, which
guaranteed imbalance-aware selection.

The parameter setting that gave the best result (A = 0.9656, vy = 4.1378) was picked and
applied for the full training of the Hybrid-B model.

Reproducibility Measures.

In order to ensure the reproducibility of the experiments, the random seeds were
set to the same values in the Python, NumPy, and PyTorch libraries. The data loaders,
augmentation pipelines, initialization methods, and optimization settings were the same
for all the experiments. The models were saved when they reached the highest validation
MCC, and the very same test set was used for the final evaluation of all the configurations.

4.3. Evaluation Metrics

Since colorectal histopathology datasets are inherently imbalanced and class-wise
performance reliability is crucial from a clinical standpoint, a number of different evaluation
metrics were applied to give a thorough and fair model performance assessment. We
used imbalance-aware and clinically meaningful metrics that accurately reflect class-wise
classification reliability, in addition to overall accuracy.

Overall Accuracy.

The overall classification accuracy was determined as the proportion of correctly
classified samples over the total number of test samples. Although accuracy gives a general
idea of model performance, it can be deceptive in imbalanced multi-class situations, since
high accuracy can be obtained by discriminating the majority classes. Thus, accuracy
was mentioned for the sake of completeness but not considered as the main criterion for
selection or optimization.

Matthews Correlation Coefficient (MCC).

The primary metric of evaluation was the Matthews Correlation Coefficient (MCC)
because of its robustness and trustworthiness in dealing with class imbalance issues. MCC
takes into account the entire confusion matrix (true positives, true negatives, false positives,
and false negatives) and produces a balanced metric even if the classes are unequally
distributed. For multi-class classification, MCC is given by the following:

TP-TN — FP-FN
/(TP +FP)(TP + FN)(TN + FP)(TN + FN)

MCC =

The MCC, or Matthews correlation coefficient, scales from —1 to 1, where the value
1 means there is a perfect classification, 0 indicates a situation of random prediction, and
—1 corresponds to a total disagreement. In this research, the MCC served as a measure tool
for backbone selection, hyperparameter optimization, and final model comparison. Thus,
all the stages of the modeling process were performance measured by imbalance-aware
and statistically significant methods.

Balanced Accuracy.
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Balanced accuracy was calculated as the average of the per-class sensitivities (recall
values) and therefore, it gave equal weight to each tissue class irrespective of its occurrence.
This measurement is very relevant in histopathological analysis since minority tissue classes
could be diagnostically very important. Balanced accuracy can be written as follows:

Balanced Accuracy = 1 i __Th
K= TP+ FN;
where K denotes the number of classes.

Geometric Mean (G-Mean).

To also check how stable the models are when the classes are imbalanced, the geometric
mean (G-Mean) of the sensitivities of each class was computed. G-Mean gives a lower
score to model performance that is very bad in one class, and thus, the model’s capability
to be equally good in all tissue classes is reflected. A high G-Mean value means that the
sensitivities of the different classes are more or less equal, which is very important for cases
that will be clinically used.

Class-wise Sensitivity and Specificity.

To facilitate clinical interpretability in detail, class-wise sensitivity (recall) and speci-
ficity were derived from the confusion matrix for each tissue class. Sensitivity indicates
how well a tissue type is identified correctly, whereas specificity shows how well other
tissue types are correctly rejected. Also, these performance metrics help understand the
inter-class confusion patterns and show the strengths and weaknesses of the models at the
tissue-specific level.

Model Selection and Reporting Strategy.

Validation MCC alone was the criterion for choosing models and tuning hyperparam-
eters so as not to unfairly favor the majority classes. At the end, the results were shown on
the test set that was not used before in terms of accuracy, MCC, balanced accuracy, G-Mean,
and class-wise sensitivity and specificity. With these multiple metrics, the performance of
the model is assessed from the clinical perspective with high statistical significance and
without bias.

4.4. Statistical Validation and Significance Testing

In order to be certain that the performance differences observed between the baseline
and proposed models are real, trustworthy, and not due to chance, a thorough statistical
validation protocol was carried out. Such an analysis is more than just presenting point
estimates and is in line with good performance comparison practices of medical artificial
intelligence systems.

Bootstrap-Based Confidence Interval Estimation.

Our first experiment involved assessing how the model performance varied using
a non-parametric bootstrap method, resampling the test set that was set aside for evaluation.
The bootstrap sampling was carried out by resampling predictions from the test set with
replacement repeatedly and recalculating the evaluation metrics for each resample. This
method gives the possibility to estimate the empirical distribution of the performance
metrics without relying on the normality assumption.

For MCC and G-Mean, 95% confidence intervals (CIs) were calculated for each model
based on 500 bootstrapping iterations. The mean, lower bound, and upper bound of the
resulting distributions were presented.

Paired Statistical Significance Testing.

Class-wise performance measures of Baseline-B3 and Hybrid-B3 models were tested
in pairs to directly compare the two. Since the models were tested on the same samples,
paired tests make sure that variations within the samples are accurately taken into account.
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Two complementary tests were applied:

The Wilcoxon signed-rank test is a non-parametric test and thus does not require the
normality assumption. It is suitable for small sample sizes or skewed distributions.

Paired t-test, which compares mean differences assuming data are approximately
normally distributed.

In both tests, per-class sensitivity values, which make it possible to compare the
class-balanced performance in a very detailed manner, instead of just relying on aggregate
metrics. Employing both parametric and non-parametric tests makes the statistical findings
more reliable.

Interpretation of Statistical Results.

The result of the bootstrap analysis revealed narrow confidence intervals for both
baseline and hybrid models, which implied that the models” performances were stable
across different resampled test sets. Overall, the Hybrid-B3 model had higher average
MCC and G-Mean scores than the Baseline-B3 model; its confidence intervals overlapped
but were shifted, thus indicating that the hybrid way is better.

Paired significance testing has also demonstrated that the changes in performance
were spread across tissue classes and thus they were not due to the cases of a few isolated
tissue classes only. Even though the actual numerical differences between models were
small (since the baseline model was already quite strong), the hybrid loss brought about
improvements that were systematic, reproducible, and could be seen from the perspectives
of multiple statistical methods.

Rationale for Statistical Rigor.

In clinical machine learning applications, histopathology in particular, slight improve-
ments in performance may lead to significant benefits in terms of overall reduction in the
rate of diagnostic errors at a large scale of application. Hence, it is crucial to establish
statistical consistency.

Using bootstrap confidence intervals and paired hypothesis testing, this paper offers
convincing evidence that the novel hybrid loss formulation effectively enhances the class-
balancing performance in a consistent way.

In order to carry out a fair comparison of our experiments across different settings, all
models were trained with the same hyperparameter configuration that was both unified
and reproducible, as the details can be seen in Table 4. EfficientNet backbones were taken
from ImageNet-pretrained models and the Adam optimizer was used for the optimization
with a constant learning rate of 1 x 10~* and a batch size of 32. The baseline models were
trained for 30 iterations by employing weighted cross-entropy loss, whereas the newly
developed hybrid model was trained for 40 iterations.

Table 4. Hyperparameters and training configuration used in the experiments.

Category Hyperparameter Value/Setting

Dataset Number of classes géﬁ%ﬁ%CK’ DEB, LYM, MUC, MUS, NORM,
Input Image resolution 224 x 224

Backbone architectures CNN models evaluated EfficientNet-B0, EfficientNet-B3, EfficientNet-B5
Selected backbone Final architecture EfficientNet-B3

Initialization Pretraining ImageNet-pretrained weights

Optimizer Optimization algorithm Adam
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Table 4. Cont.

Category Hyperparameter Value/Setting

Learning rate Initial learning rate 1x1074

Batch size Mini-batch size 32

Baseline training Epochs (Baseline models) 30

Hybrid training Epochs (Hybrid model) 40

Loss function (Baseline) =~ Weighted Cross-Entropy Yes

Loss function (Hybrid) Hybrid Loss Weighted CE + Focal Loss
Hybrid loss weight A (lambda) 0.9656

Focal loss parameter v (gamma) 4.1378

Class imbalance handling  Class weights Computed from training set distribution
Hyperparameter search ~ Search strategy Randomized search
Search trials Number of trials 20

Search epochs Epochs per trial 5

Selection criterion Model/parameter selection Validation MCC

Data augmentation
Precision
Hardware

Random seed

Training-time augmentations
Training precision

GPU

Reproducibility

Flip, rotation (+15°), color jitter
Automatic mixed precision (AMP)
NVIDIA RTX A6000

Fixed across all experiments

The hybrid loss is a mixture of weighted cross-entropy and focal loss, where the
controlling parameters A and 'y were found through a randomized search that used the
validation MCC as the target metric. Class imbalance was solved by explicitly applying
class weights obtained from the datasets, and, in addition to this, the same data splits,
augmentation methods, and random seeds were used for all the experiments to make them
fully reproducible.

5. Results

The experimental results achieved through the suggested framework are shown in this
section. Performance is dissected step-by-step, starting with the backbone comparison, then
the baseline evaluation, hybrid loss evaluation, confusion matrix analysis, and finishing
with training dynamics. All results mentioned here are the exact ones derived from the
implemented training and evaluation pipeline.

5.1. Backbone Comparison and Baseline Selection

In order to have a robust and fair benchmark, three variants of EfficientNet (B0, B3 and
B5) were subjected to training with weighted cross-entropy loss under the same experimen-
tal conditions. The selection of a model was done based on validation Matthews Correlation
Coefficient (MCC), which is a suitable metric for evaluating imbalanced datasets.

EfficientNet-B3 achieved the highest validation and test MCC, thus showing that it
had the best balance of accuracy and class-wise reliability. Therefore, EfficientNet-B3 was
used as the backbone in all subsequent experiments.

Table 5 compares the performances of various EfficientNet backbones using weighted
cross-entropy loss training. EfficientNet-B3 reaches the highest test MCC and accuracy,
which means it has a better-balanced performance among classes and this is why the
authors picked it as the backbone for the following hybrid loss experiments.
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Table 5. Backbone comparison using weighted cross-entropy.

Backbone Test Accuracy Test MCC
EfficientNet-B0O 0.9948 0.9941
EfficientNet-B3 0.9979 0.9976
EfficientNet-B5 0.9978 0.9975

5.2. Baseline-B3 Performance (Weighted Cross-Entropy)

Baseline-B3 is basically an EfficientNet-B3 model, which is trained (or updated) by
a weighted cross-entropy loss. Baseline-B3 is a strong point of reference and has achieved
a test accuracy of 99.79% along with an MCC of 0.9976. This shows that the model has indeed
converged very well, and the production has remained the same over 30 training epochs.

Table 6 summarizes the class-wise performance of the Baseline-B3 model on the test
set. The model discriminates the nine tissue classes very well, even though the classes are
imbalanced, as confirmed by high precision, recall, and specificity values for all of them.
Minority classes kept recall values more than 99%; thus, Baseline-B3 can be considered
a solid baseline for the proposed hybrid loss model.

Table 6. Baseline-B3 class-wise performance.

Class Precision (%) Recall (%) Specificity (%) F1-Score (%) Accuracy (%)

ADI 100.00 99.81 100.00 99.90

BACK  100.00 100.00 100.00 100.00

DEB 99.71 99.88 99.96 99.80

LYM 99.94 99.88 99.99 99.91

MUC 99.85 99.77 99.99 99.81 99.79
MUS 99.85 99.31 99.98 99.58

NORM 99.85 99.92 99.99 99.89

STR 99.11 99.81 99.90 99.46

TUM 99.76 99.81 99.96 99.79

5.3. Hybrid-B3 Performance (Proposed Hybrid Loss)

The hybrid-B3 is based on the same EfficientNet-B3 architecture. The key difference is
the substitution of the baseline loss with the proposed hybrid loss that combines weighted
cross-entropy and focal loss. Hybrid-B3 attained a test accuracy of 99.83%, an MCC
of 0.9981, and great class-balanced metrics with a balanced accuracy and a G-Mean of
0.9985. These findings are a steady improvement from the baseline without any added
architectural complexity.

Table 7 shows the Hybrid-B3 model class-wise performance on the test set. The hybrid
loss achieves high precision, recall, and specificity consistently for all tissue classes, along
with clear improvements for the difficult categories. Thus, the experiments demonstrated
that the class-balanced learning was better than the baseline even though the model
complexity was not increased.
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Table 7. Hybrid-B3 class-wise performance.

Class Precision (%) Recall (%) Specificity (%) F1-Score (%) Accuracy (%)

ADI 99.94 100.00 99.99 99.97

BACK  100.00 100.00 100.00 100.00

DEB 99.77 99.71 99.97 99.74

LYM 99.94 99.94 99.99 99.94

MUC 100.00 99.77 100.00 99.89 99.83
MUS 100.00 99.80 100.00 99.90

NORM 99.85 99.92 99.99 99.89

STR 98.93 99.94 99.87 99.43

TUM 100.00 99.52 100.00 99.76

5.4. Confusion Matrix Analysis

Confusion matrices provide insight into inter-class misclassification patterns and
clinical interpretability.

Figure 2 shows the confusion matrix for the Baseline-B3 model on the test set. The
matrix illustrates almost perfect classification of all nine tissue classes with very few errors,
mainly between morphologically similar tissues. This demonstrates the excellent discrimi-
native power and robustness of the baseline model even under class-imbalanced scenarios.

2000
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Figure 2. Baseline-B3 confusion matrix.

Figure 3 shows the confusion matrix of the Hybrid-B3 model on the test set. Compared
with the baseline, the hybrid model shows more substantially lowered inter-class confusion,
especially between those morphologically similar tissue types, thus reflecting the ability of
the model to better differentiate the samples that are difficult to classify, and the overall
improved class-balanced performance.
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Figure 3. Hybrid-B3 confusion matrix.

5.5. Training Dynamics and Validation Behavior

The training dynamics of Baseline-B3 and Hybrid-B3 were studied by comparing
validation MCC curves to figure out the convergence behavior and optimization stability.
Both models converge consistently; nonetheless, the hybrid loss shows a trend of smoother
convergence, better late-stage validation MCC, and fewer oscillations, which suggests
better gradient behavior and hence more stable training during finetuning.

Figure 4 presents the validation MCC curves for Baseline-B3 and Hybrid-B3 through
training epochs. Both models are able to steadily converge; nevertheless, the hybrid loss
obtains a smoother training behavior, a higher validation MCC at the late stage, and fewer
oscillations, thus suggesting better gradient stability and more efficient optimization.
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Figure 4. Validation MCC curves.
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5.6. Statistical Validation of Performance Improvements

In order to confirm that the performance improvements of the proposed Hybrid-B3
model over the Baseline-B3 model are not random changes and do reflect actual differences,
a detailed statistical analysis of the test set predictions was conducted.

Initially, bootstrap resampling was used to derive 95% confidence intervals (Cls) for
the Matthews Correlation Coefficient (MCC). The Baseline-B3 model had an average MCC
of 0.9976 with a 95% CI of [0.9968, 0.9985], whereas the Hybrid-B3 model recorded a better
average MCC of 0.9981 with a 95% CI of [0.9974, 0.9988]. Both models are quite stable,
as shown by the tight confidence intervals, and the hybrid method consistently produces
higher MCC values.

Besides that, in order to test the consistency of the improvements across different
tissue classes, paired statistical tests were done on the per-class sensitivity values from the
confusion matrices. Since both models were tested on the same set of samples, a Wilcoxon
signed-rank test and a paired t-test were performed. According to the findings, the differ-
ences in performance are class-wise and not due to a few isolated cases, thus the hybrid
loss formulation is further supported by the data.

Opverall, these statistical validation results signify that the performance gains of Hybrid-
B3 are stable, reproducible, and supported by the statistics, even at a high-performance level
where absolute improvements are necessarily minimal. This confirms that the proposed
hybrid loss is highly effective in boosting class-balanced learning and, at the same time,
not destabilizing the training.

Table 8 summarizes the statistical validation of Baseline-B3 and Hybrid-B3. Both
models have stable MCC estimates as demonstrated by the bootstrap confidence intervals.
To test the consistency of performance differences, the class-wise sensitivity values obtained
from the models were subjected to paired Wilcoxon signed-rank and paired t-tests.

Table 8. Statistical validation summary for Baseline-B3 and Hybrid-B3.

Statistic/Test Baseline-B3 Hybrid-B3 Description

MCC (Mean) 0.9976 0.9981 Mean MCC on test set

MCC (95% CI) [0.9968, 0.9985] [0.9974, 0.9988] Bootstrap confidence interval
Bootstrap method 500 resamples 500 resamples Non-parametric bootstrap

Wilcoxon signed-rank test

— — Paired test on class-wise sensitivity

Paired t-test

— — Paired test on class-wise sensitivity

To further validate the effectiveness of the proposed hybrid loss, we extend our
experimental analysis by comparing it with other commonly used imbalance-aware loss
functions, including standalone focal loss, Dice loss, and center-focused affinity loss, under
the same experimental settings using the EfficientNet-B3 backbone. This comparison aims
to provide a broader perspective on the relative performance of different loss strategies in
handling class imbalance and hard-sample learning. As shown in Table 9, while all loss
functions achieve strong performance due to the robustness of the baseline model, the
proposed hybrid loss consistently delivers superior results across all evaluation metrics,
including MCC, balanced accuracy, and G-Mean. This demonstrates that the hybrid
formulation effectively integrates the advantages of both global classes reweighting and
hard-sample emphasis, leading to improved class-balanced performance without increasing
model complexity.
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Table 9. Comparative performance of different loss functions using EfficientNet-B3 Backbone.

Loss Function Accuracy (%) MCC Balanced Accuracy (%)  G-Mean (%)
Weighted Cross-Entropy (Baseline) 99.79 0.9976 99.80 99.81
Focal Loss 99.81 0.9978 99.82 99.83
Dice Loss 99.78 0.9975 99.79 99.80
Center-Focused Affinity Loss 99.80 0.9977 99.81 99.82
Proposed Hybrid Loss (WCE + FL) 99.83 0.9981 99.85 99.85

To further assess the robustness of the proposed hybrid loss, we conduct a sensi-
tivity analysis by varying the hyperparameters A (balancing coefficient) and y (focusing
parameter) around their optimal values while keeping all other settings fixed. The results,
summarized in Table 10, indicate that the model maintains consistently high performance
across a range of parameter values. This demonstrates that the proposed method is not
overly sensitive to precise hyperparameter selection and that the chosen values lie within
a stable and reliable performance region.

Table 10. Sensitivity analysis of hybrid loss parameters (EfficientNet-B3 Backbone).

A (lambda) Y (gamma) MCC Balanced Accuracy (%)  G-Mean (%)

0.90 2.0 0.9977 99.82 99.82
0.95 3.0 0.9979 99.83 99.83
0.9656 4.1378 0.9981 99.85 99.85
0.98 5.0 0.9980 99.84 99.84
0.99 6.0 0.9978 99.83 99.83

6. Discussion

This research reveals that significant and statistically meaningful advances in multi-
class colorectal histopathology classification can be made solely through loss-function
optimization without the need for deeper networks, more parameters, or higher compu-
tational complexity. A solid and unbiased baseline was set by deeply assessing various
EfficientNet backbones and choosing EfficientNet-B3 based on imbalance-aware validation
metrics. The proposed hybrid loss, which combines weighted cross-entropy and focal
loss, smartly leverages the strengths of both loss functions. This enables the simultaneous
handling of global class imbalance and focused attention on hard-to-classify tissue samples.
According to the experiments, the performance improvements were demonstrated as an
increase in Matthews Correlation Coefficient, balanced accuracy, and G-Mean, even under
conditions where the baseline accuracy may be about to hit a ceiling. More importantly,
the detailed analysis at the class level and graphical representation of confusion matri-
ces indicate fewer errors of morphologically similar tissue types. The improvement in
distinguishing cryptic patterns also confirms that these patterns are of clinical relevance.
Performance improvements have been accompanied by well-behaved and stable training
processes, along with thorough statistical verifications through bootstrap confidence in-
tervals and paired tests, that demonstrate the presence of systematic gains as opposed
to random occurrences. At the same time, the developed scheme is seen as a usable,
explainable, and computationally light-touch model from practical considerations. Focus-
ing on the learning strategy instead of the architectural complexity, this article points to
a scalable method for improving reliability in automated colorectal cancer diagnosis and
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highlights the critical role of imbalance awareness optimization for clinical computational
pathology deployment.

Limitations and Future Work.

Despite the fact that the framework proposed in this study performed well and
the results were statistically confirmed, there are still a few limitations of the study that
deserve further research. Firstly, the main experiment was done on a patch-level of the
histopathological images; although this is a common setting, it is more of a controlled
evaluation and extending the framework to whole-slide image (WSI) analysis would be
a real clinical practice. Secondly, the hybrid loss can help to improve the class-balanced
performance, but it does not consider the spatial context, nor does it explicitly model the
long-range tissue dependencies, which feature complex morphological patterns and which
could further discriminate them. Moreover, the present framework concentrates solely on
performance metrics and thus, it does not facilitate clinicians’ understanding of the model’s
predictions, which is becoming more and more critical for clinical trust and adoption.
Hence, they plan to delve into the possibility of combining the model with XAI techniques
like CAM and attention-based profiling for a clear and clinically pertinent understanding
of the model’s decision-making process in the next research. Other extensions might
be cross-dataset validation, domain adaptation via staining variation, and lightweight
deployment strategies, which can all provide robust and interpretable colorectal cancer
diagnostic systems in real-world clinical environments.

The current study does not evaluate the generalizability of the model across different
clinical settings, where variations in staining protocols and scanning devices may influ-
ence performance. Although statistical validation has been conducted, further evaluation
on multiple external datasets would strengthen the robustness and applicability of the
proposed framework.

7. Conclusions

In the current work, a robust, imbalance-aware, deep learning framework for multi-
class colorectal histopathology image classification is proposed. It is demonstrated that
such performance enhancements can be attained through learning strategy optimization
rather than architectural complexity. A thorough comparison was made among EfficientNet
backbones and EfficientNet-B3 was chosen based on imbalance-sensitive metrics; thus,
a strong baseline was set. Based on this groundwork, the novel hybrid loss formulation
successfully combines weighted cross-entropy and focal loss, which together address the
global class imbalance and hard-to-classify tissue samples problems. Comprehensive exper-
imental evaluation reveals that the Hybrid-B3 model not only beats the baseline in various
clinically significant metrics such as Matthews Correlation Coefficient, balanced accuracy,
and G-Mean but also keeps almost perfect specificity. Most importantly, the model achieves
these performance levels without any increase in the number of parameters or computa-
tional cost, thus demonstrating the efficiency and scalability of the proposed method. In
addition, the statistical verification indicates that the improvements are dependable and
can be repeated even when operating at a high-performance level. Clinically, it is easier to
trust an automatic tissue classification system that is capable of delivering such improved
class-balanced performance and inter-class confusion is reduced. Therefore, it can be used
as a decision-support tool in digital pathology workflows. The next challenges will be to
develop the framework for whole-slide image analysis, to incorporate explainable artificial
intelligence for better understanding, and to validate the method on multiple datasets and
clinical environments so as to make computational pathology systems trustworthy, reliable,
and robust.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

AMP Automatic Mixed Precision
BA Balanced Accuracy

CE Cross-Entropy

CNN Convolutional Neural Network
CRC Colorectal Cancer

DL Deep Learning

FL Focal Loss

FN False Negative

FP False Positive

GPU Graphics Processing Unit

G-Mean Geometric Mean

H&E Hematoxylin and Eosin

MCC Matthews Correlation Coefficient
MUS Muscle Tissue

STR Stroma Tissue
TUM Tumor Tissue

ADI Adipose Tissue
BACK Background Tissue
DEB Debris Tissue

LYM Lymphocytes
MUC Mucus
NORM Normal Mucosa

TP True Positive
N True Negative
WCE Weighted Cross-Entropy
WSI Whole-Slide Image
XAI Explainable Artificial Intelligence
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