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Abstract: Accurate liver fibrosis classification is crucial for
making treatment decisions in patients with chronic liver dis-
ease. Liver biopsy and advanced noninvasive imaging modali-
ties, including elastography, computed tomography (CT), and
magnetic resonance imaging (MRI), remain challenges in
resource-limited settings due to their high cost and specialized
equipment requirements. Consequently, conventional B-mode
ultrasound is widely available and cost-effective. Despite the
considerable promise of deep learning in medical imaging,
prior works often have high computational demands, which
limit their practicality. In this study, we introduce USLF-
Net, a novel UltraSound-Based Liver Fibrosis Classification
using Convolutional Neural Network (CNN). Our model was
validated using a comprehensive dataset comprising 6,323
ultrasound images, stratified across five fibrosis stages (F0-F4)
according to the Meta-analysis of Histological Data in Viral
Hepatitis (METAVIR) scoring system. USLF-Net achieved
97.64% classification accuracy, demonstrating superior per-
formance compared to recent transfer learning approaches.
We further developed a clinical application for automated
liver fibrosis diagnosis to enhance diagnostic capabilities in
healthcare settings.

Keywords: Convolutional Neural Network, Diagnostic Sys-
tems, Liver Fibrosis Classification, Ultrasound Image

I. INTRODUCTION

Chronic liver disease poses a substantial global health
burden, with cirrhosis serving as the primary patholog-
ical mechanism leading to progression to hepatocellular
carcinoma [1]. Multiple disease stages characterize liver
cirrhosis, and end-stage cirrhosis is often associated with
severe clinical complications, including portal hypertension,
liver failure, and the risk of hepatocellular carcinoma
[2]. Accurate automated classification of cirrhosis status
is critical for determining treatment strategies, monitoring

disease progression, and assessing response to therapy [3].
Recently, Deep Convolutional Neural Networks (DCNNs)
have demonstrated promising performance in classifying
cirrhosis stages according to the METAVIR scoring system
using the ultrasound imaging [4]. The METAVIR clas-
sification system provides a standardized framework for
assessing fibrosis, classifying disease progression into five
distinct stages based on pathologic features.

There are several medical methods for diagnosing liver
fibrosis, with liver biopsy being the gold standard for
traditional diagnostic techniques. However, this method
has inherent limitations, including invasiveness, inaccurate
sampling, patient discomfort, high cost, and potential side
effects [5]. In addition, advanced imaging modalities such
as elastography, CT, and MRI offer high diagnostic accu-
racy for assessing liver fibrosis; however, their dependence
on expensive equipment and specialized expertise limits
their use in resource-poor settings where chronic liver
disease (CLD) is most prevalent. Therefore, conventional B-
mode ultrasound (US) is widely accessible, cost-effective,
and noninvasive, making it a practical alternative for large-
scale screening and routine clinical use [6]. Although the
relatively low diagnostic sensitivity of B-mode ultrasound
limits its effectiveness in accurately staging liver fibrosis, its
advantages include real-time imaging capabilities, portabil-
ity, and low operating costs, making it particularly suitable
for both initial assessment and longitudinal follow-up in
various healthcare settings.

Recent breakthroughs in deep learning, particularly con-
volutional neural networks (CNNs), offer a promising
method for automating and directly extracting fibrosis
features from B-mode ultrasound images. While CNNs
applied to elastography data have yielded high performance,
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studies such as Lee et al. [7] demonstrate that models
trained on large-scale conventional ultrasound datasets can
achieve accuracy levels comparable to or exceeding those
of human radiologists. Given the widespread availability
and affordability of conventional ultrasound systems, in-
tegrating AI-driven analysis into this modality represents
a scalable and globally applicable strategy to democratize
liver fibrosis assessment, especially in resource-constrained
clinical settings.

Although CNNs have achieved breakthrough perfor-
mance in medical imaging tasks, including mammography
lesion classification [8], hepatocellular carcinoma detection
[9], pneumonia diagnosis [10], and histopathological fibro-
sis quantification [11], their implementation for ultrasound-
based liver fibrosis classification faces two fundamental
challenges.

The first challenge to address is: To what extent can deep
convolutional architectures effectively discriminate subtle
variations in ultrasound imaging while mitigating severe
class imbalance in clinical fibrosis datasets? Automated
hepatic fibrosis classification presents a challenging fine-
grained recognition problem due to progressive patho-
morphological changes with minimal inter-class discrim-
inative features. The pathophysiological progression (F0
! F4 with F0 representing No fibrosis, F1 representing
Esophageal fibrosis, F2 representing Periportal fibrosis,
F3 representing Septal fibrosis, F4 representing Cirrhosis)
manifests as subtle echogenic modifications exhibiting sub-
stantial intra-class variance and inter-class similarity [12].
Ultrasound acquisition variability, operator-dependent pro-
tocols, and subjective ground-truth annotations compound
this challenge. Additionally, natural fibrosis distribution
demonstrates severe class imbalance, with early stages (F0-
F1) significantly outnumbering advanced cases (F3-F4) due
to screening protocols. This disparity in distribution creates
biased predictions that favor common stages while failing
to identify clinically critical cases of advanced fibrosis.

Another critical challenge is: How can domain-specific
architectural innovations overcome transfer learning lim-
itations to achieve superior performance in ultrasound-
based fibrosis classification while ensuring clinical deploy-
ment feasibility? Conventional pretrained models present
two key limitations when applied to ultrasound-based liver
fibrosis assessment. First, their high computational de-
mands render them impractical for real-time and resource-
constrained clinical environments [13–15]. Second, their ar-
chitectures, initially optimized for natural images, often fail
to capture the spatial dependencies and multiscale textural
features characteristic of ultrasound data. These challenges
underscore the need for task-specific CNN architectures
tailored to the unique properties of ultrasound imaging,

while facilitating efficient clinical deployment.

To address these challenges, we introduce USLF-Net, a
novel CNN architecture from scratch that effectively bal-
ances classification accuracy and computational efficiency,
offering a practical and deployable solution for automated
fibrosis staging using ultrasound imaging.

Our key contributions include:

� We implement USLF-Net, a novel CNN-based ar-
chitecture for multi-class liver fibrosis staging using
B-mode ultrasound images in accordance with the
METAVIR scoring system.

� We develop a preprocessing and feature extraction
pipeline that incorporates spatial regularization tech-
niques, significantly enhancing the model’s robustness.

� We conduct extensive experimental evaluations, com-
paring our model against several benchmark archi-
tectures, and demonstrate its superior performance in
various evaluation metrics.

� We integrate the proposed model into a mobile diag-
nostic system, particularly advantageous in resource-
constrained and remote clinical settings, providing
an accessible and efficient solution for liver fibrosis
diagnosis.

The subsequent sections of this paper are organized
as follows. The most recent methods and uses of Deep
Learning (DL) in predicting liver fibrosis levels are briefly
reviewed in Section II. A DL model for liver fibrosis
prediction is constructed as described in Section III. Section
IV then presents the dataset description, experiment setup,
comparison performance, and further analysis. The clinical
application interface and system design are presented in
Section V. Lastly, Section VI concludes the paper by pro-
viding a summary of the key conclusions and implications
of the study.

II. RELATED WORK

1. Machine Learning for Liver Fibrosis Classification

Traditional machine learning (ML) techniques were
widely used for liver fibrosis classification. These methods
relied on handcrafted features derived from ultrasound
or elastography images, such as gray-level co-occurrence
matrices (GLCMs), local binary patterns (LBPs), and in-
tensity histograms. Classifiers such as support vector ma-
chines (SVMs), random forests (RFs), k-nearest neighbors
(KNNs), and logistic regression were commonly used [6].
However, their effectiveness is limited by their limited
feature representation capabilities and lack of adaptability
across various imaging conditions and patient populations.
Traditional ML models can also not capture hierarchical
spatial patterns, which are essential for identifying subtle
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parenchymal texture changes associated with �brosis pro-
gression [16]. As a result, they have particular dif�culty
classifying adjacent �brosis stages (e.g., Portal Fibrosis -
F1 vs. Periportal Fibrosis - F2) [17], prompting a move
toward more data-driven, adaptive methods.

2. Ultrasound Images Approaches for Liver Fibrosis
Classi�cation

Ultrasound-based automated liver �brosis assessment has
emerged as a signi�cant research domain, with elastography
modalities including shear wave elastography (SWE) [18–
23] and transient elastography (TE) [24] demonstrating
consistent ef�cacy in automated classi�cation tasks [25].
Integrating convolutional neural networks (CNNs) with
elastography data has substantially improved performance.
Wang et al. [23] demonstrated that CNN models applied
to 2D SWE images from patients with chronic hepatitis B
outperformed conventional tools. Li et al. [26] developed a
TE-based model exceeding standard liver stiffness measure-
ment accuracy for detecting advanced �brosis and cirrhosis.
Xue et al. [20] proposed a multimodal CNN framework
that combines grayscale and elastography images, outper-
forming both LSM and biological models. Similarly, studies
[7, 27, 28] utilizing B-mode ultrasound without elastogra-
phy have reported promising results in liver �brosis staging.
Lee et al. [7] used 13,608 Ultrasound images achieved
83.5% accuracy for METAVIR classi�cation, with their
CNN model outperforming �ve radiologists in identifying
F4 �brosis.

III. METHODOLOGY

1. Model Architecture

Fig. 1 illustrates our proposed model, USLF-Net, which
is a novel hierarchical CNN for liver �brosis classi�cation
using B-mode ultrasound images. It begins with a prepro-
cessing step that resizes the input images to 224 � 224
pixels in a single-channel (grayscale) format, standardizing
the data across varying acquisition conditions. The core
architecture leverages a deep CNN framework for image
classi�cation, enabling the model to learn discriminative
spatial features relevant to tissue differentiation. The pro-
posed architecture has four convolutional layers designed
for hierarchical feature extraction and classi�cation of hep-
atic �brosis stages. The initial convolutional layer employs
32 �lters with 3×3 kernels, followed by batch normalization
for training stability, max pooling for spatial dimensionality
reduction, and spatial dropout with a rate of 0.2 to prevent
over�tting. The subsequent second and third convolutional
layers utilize 64 �lters each with 3×3 kernels, maintaining
the same regularization pipeline of batch normalization,

max pooling, and spatial dropout at 0.2. The fourth convo-
lutional layer expands the feature representation capacity
through 128 �lters with 3×3 kernels, incorporating batch
normalization for gradient �ow optimization. The feature
outputs are �attened and passed through a fully connected
dense layer comprising 256-512 neurons, which serves
to integrate the extracted spatial features into high-level
representations. The network terminates with a softmax
output layer containing �ve neurons, corresponding to the
classi�cation of hepatic �brosis stages: no �brosis (F0),
portal �brosis (F1), periportal �brosis with few septa (F2),
septal �brosis with numerous septa without cirrhosis (F3),
and cirrhosis (F4), in accordance with the METAVIR
histopathological scoring system.

Our model is trained using the Adam optimizer with
an initial learning rate of 0.0001. To enhance con-
vergence and adaptively adjust the learning rate, a
ReduceLROnPlateau scheduler is integrated with a
reduction factor of 0.2, a patience of 3 epochs, and a
minimum learning rate of 1 � 10�6 . To prevent over-
�tting and promote generalization, the model incorpo-
rates L2 regularization with a weight decay coef�cient
of 1 � 10 �4 , along with dropout mechanisms includ-
ing both standard Dropout and SpatialDropout2D,
applied with a rate of 0.2. The model is trained for
100 epochs with a batch size of 32 and utilizes the
sparse_categorical_crossentropy loss func-
tion, appropriate for multi-class classi�cation with integer-
labeled data. The model parameters are selected based on
various con�gurations, including learning rate and spatial
dropout, as presented in Table II. The training procedure is
summarized in Algorithm 1.

2. Network Structures

a) Convolutional Feature Extraction

The proposed architecture is designed to address the
speci�c issues of liver �brosis categorization, which neces-
sitates a �ne-grained distinction across �ve �brosis phases
(F0-F4). It uses a Conv2D hierarchy to extract multi-scale
morphological characteristics from ultrasonographic inputs.
These characteristics include modest textural alterations,
changes in echogenicity, and parenchymal heterogeneities
that develop gradually throughout the �brosis process. The
model can automatically capture these progression-related
visual signals by using learnable convolutional kernels
rather than handcrafted features. Batch normalization is
applied after each convolutional layer to mitigate internal
covariate shift and facilitate stable and rapid convergence.

b) Spatial Dimensionality Reduction and Feature Pooling

Max-pooling methods are used to downsample feature
maps, retaining dominating activations while decreasing
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Figure 1. Our proposed model architecture (USLF-Net)

spatial resolution. This spatial abstraction not only reduces
computing overhead but also facilitates the learning of
translation-invariant features, which are crucial in ultra-
sound imaging, as anatomical landmarks can change loca-
tion. By maintaining the most informative spatial informa-
tion, the network retains the discriminative ability needed
for stage-speci�c �brosis detection.

c) Regularization and Generalization Strategy

To prevent over�tting, the model incorporates Spatial
Dropout (SpatialDropout2D), which is especially important
considering the signi�cant intra-class similarity and inter-
class heterogeneity among �brosis phases. This approach
deactivates whole feature maps at random during training,
forcing the network to rely on scattered and redundant
features. This enhances the model's robustness and gener-
alizability, which is particularly crucial for detecting subtle
differences between intermediate �brosis phases (e.g., F2
vs. F3), as these are often visually ambiguous.

d) High-Level Representation and Classi�cation

Following convolutional processing, the multidimen-
sional feature maps undergo fully connected (dense) layers
after being �attened into one-dimensional vectors. These
layers pick up intricate, nonlinear mappings between �bro-
sis labels and retrieved characteristics. Instead of approach-
ing the issue as binary or ordinal alone, the design allows
for multi-class categorization over �ve different phases,
enabling the model to represent progressive and hierarchical
changes in the evolution of �brosis.

3. Transfer Learning Models

To demonstrate the evolution of computer vision models,
from traditional convolutional networks to state-of-the-art
transformer-based approaches, we evaluate �ve representa-
tive deep learning architectures: VGGNet-16 [29], ResNet-
50 [13], DenseNet-121 [15], Ef�cientNet-B0 [30], and
Vision Transformer (ViT) [31] that provide diverse per-
spectives on architectural designs. Each model has its own

unique characteristics and levels of complexity. VGGNet
has a simple, sequential architecture with 3×3 �lters and
a �xed pooling layer, which is easy to implement but has
a large number of parameters. ResNet uses residual blocks
with skip connections, which helps overcome the gradient
loss problem and supports ef�cient deep network train-
ing. DenseNet enhances the connectivity between layers
by concatenation, promoting strong information �ow but
increasing memory costs. Ef�cientNet is designed based
on the principle of compound scaling, which optimizes
depth, width, and resolution simultaneously, thereby bal-
ancing performance and computational cost. Meanwhile,
ViT employs a transformer architecture in image process-
ing, utilizing a self-attention mechanism to model global
relationships between image regions, which yields high
ef�ciency in visual tasks but requires large training datasets
and signi�cant computational resources.

All models in this study used a pretrained version of
ImageNet. The upper classi�cation layer was removed, and
a custom head was added. This head consists of a Glob-
alAveragePooling layer, a Dropout layer (with a dropout
rate of 0.3-0.5, depending on the model), a Dense layer
with 256 ReLU activations, and an output Softmax layer
for multi-class classi�cation. To address data imbalance,
class weights were calculated based on the training set and
applied to the training data. All models were compiled us-
ing the Adam optimizer, using the sparse categorical cross-
entropy loss function, and evaluated using the accuracy
metric. In ResNet50, the �nal 19 layers (approximately
10% of the 175 total) were �ne-tuned with dropout rates of
0.4 and 0.3, using a learning rate of 1 � 10�6 . In VGG16
and DenseNet201, the �nal four layers were �ne-tuned
with dropout rates of 0.4 and 0.3, and a learning rate of
1 � 10 �5 . For Ef�cientNetB0, the �nal ten layers were
�ne-tuned with dropout rates of 0.5 and 0.4, along with
a fully connected layer of 256 units incorporating L2 regu-
larization, trained with a learning rate of 1 � 10�5 . Finally,
the ViT employed the vit-base-patch16-224 architecture,
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Algorithm 1: Training USLF-Net for Liver Fibrosis
Classi�cation
Input: Training set DCA08== f¹- 8– H8ºg;
Validation set DE0;;
Hyperparameters: epochs �=100, batch size �=32,
learning rate U, patience ?,;
Optimizer Adam¹U– V1– V2º
Output: Best parameters �¢ (minimizing validation

loss)
1 Initialize �; best val loss  ¸1; no improve  0;
2 for 4?>2�  1 to � do
3 Shuf�e D CA08=and split into mini-batches of

size �;
4 foreach mini-batch ¹-– Hº do
5 Preprocessing
6 Normalize - to »0– 1¼; Resize to

224�224
7 Apply augmentation (random rotation,

�ip, contrast).
8 USLF-Net Forward (per batch)
9 � 1  BN¹Conv 32

3�3 ¹-ºº
10 � 2  

Drop0•2
�
BN¹MaxPool¹Conv32

3�3 ¹� 1ººº
�

11 � 3  
Drop0•2

�
BN¹MaxPool¹Conv64

3�3 ¹� 2ººº
�

12 � 4  Drop 0•2
�
MaxPool¹Conv64

3�3 ¹� 3ºº
�

13 � 5  BN¹Conv 128
3�3 ¹� 4ºº;

14 Classi�cation Head
15 E  Flatten¹� 5º
16 �  Drop 0•2¹BN¹DenseReLU¹Eººº
17 I  Dense 5¹�º
18 %  Softmax¹Iº
19 Update
20 L CA08= CrossEntropy¹%– Hº
21 Compute r� L CA08=by backpropagation;
22 Update

�  Adam¹�– r � L CA08=; U– V1– V2º;
23 end
24 Compute validation loss LE0; and accuracy on

D E0; (no augmentation)
25 if L E0; Ÿ best val loss then
26 best val loss  L E0;

27 � ¢  �
28 no improve  0;
29 end
30 else
31 no improve  no improve ¸1
32 if no improve � ? then
33 break ; // early stopping
34 end
35 end
36 end
37 return � ¢ ;

where input images were partitioned into 16 � 16 patches
and processed by a Transformer encoder with a learning
rate of 1 � 10�5 .

IV. EXPERIMENTAL RESULTS

1. Dataset and Metrics

We utilized the dataset from [32], which includes ul-
trasound (US) images from university hospitals, especially
Seoul St. Mary's Hospital and Eunpyeong St. Mary's
Hospital. The dataset includes images divided into �ve
categories that indicate different phases of liver �brosis: no
�brosis (F0), portal �brosis (F1), periportal �brosis (F2),
septal �brosis (F3), and cirrhosis (F4). These grades rep-
resent the evolution of liver �brosis, from no �brosis (F0)
to severe cirrhosis (F4). Table I provides dataset details,
whereas Fig. 2 illustrates the distribution of information
across classes and Fig. 3 shows the experimental images of
F0-F4 classes. Due to data imbalance between F0 and F2
classes, the model tends to favor the class with the larger
sample size.

TABLE I
DATA STATISTICS USED IN THIS WORK.

Class #Sample

F0 - No Fibrosis 2114

F1 - Portal Fibrosis 861

F2 - Periportal Fibrosis 793

F3 - Septal Fibrosis 857

F4 - Cirrhosis 1698

Total 6323

To address this issue, this study applied data augmenta-
tion to the class with the smaller sample size to increase
the amount of training data and improve feature diver-
sity. Speci�cally, we used image transformations such as
rotation, �ipping, translation, brightness/contrast changes,
and the addition of Gaussian noise. These transformations
preserved the pathological features of ultrasound images
while creating more diverse data, helping to balance the
training model and reduce over�tting.

For model training and evaluation, we divided the dataset
into a training set (80%) and a testing set (20%) to ensure
a robust model development process. To assess model
performance, we employed standard classi�cation metrics
including accuracy, precision, recall, and F1-score, which
collectively provide a comprehensive assessment of both
overall and class-speci�c predictive capabilities.
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Figure 2. Distribution of liver �brosis stages

Figure 3. Illustrative B-mode ultrasound images showing liver �brosis
progression F0-F4 according to METAVIR classi�cation.

2. Experimental Setup

For model prediction, we developed using TensorFlow
2.16.2 within a GPU-enabled environment, allowing for
accelerated training and inference. GPU support signi�-
cantly reduces computational latency compared to CPU-
only execution, facilitating ef�cient experimentation and
deployment of deep learning models. This con�guration
is particularly suited for integrating AI functionalities into
mobile platforms through lightweight, on-device inference.

For clinical application, we used a Pixel 3a Android
emulator with an arm64-v8a architecture, ensuring com-
patibility with modern Android applications. The emulator
features a 1080�2220 pixel display (393 � 808 dp) at 440
dpi, providing high-resolution output for accurate UI/UX
evaluation. It operates on Android API level 36 (ext17),
with 16 GB of allocated RAM and 880 MB of available
storage within a 7.7 GB disk footprint. This environment
supports responsive and reliable testing of mid-sized An-
droid applications across various screen con�gurations.

3. Quantitative Evaluation and Comparative Analysis

a) Overall Performance Evaluation

Table II and Table III illustrate that our method signif-
icantly outperforms all baseline architectures on all evalu-

ated metrics, where a higher value (denoted by ") indicates
better performance. Our model, optimized with a learning
rate of 0.0001 and spatial dropout of 0.2, achieves a clas-
si�cation accuracy of 97.64%, precision of 97.69%, recall
of 97.64%, and F1-score of 97.65%.In contrast, classical
models such as ResNet and DenseNet exhibit signi�cantly
lower performance, particularly in terms of recall and F1-
score, which are crucial factors for capturing minority
classes in imbalanced clinical datasets. Ef�cientNet per-
forms relatively better than other baselines, achieving an
F1-score of 77.67%, but is still far behind the proposed
method. The results con�rm the effectiveness of the task-
speci�c architectural improvements incorporated into our
design, as well as the spatial regularization adapted to
the ultrasound image domain. Our proposed CNN-based
system demonstrates robust performance in liver �brosis
classi�cation from B-mode ultrasound, overcoming chal-
lenges such as subtle inter-class differences, intra-class
variability, and class imbalance. Achieving high precision
and recall across all METAVIR stages, the system provides
reliable classi�cation, especially for clinically critical cases.

TABLE II
THE PROPOSED MODEL PERFORMANCE ON VARIOUS SETTINGS

(LR: LEARNING RATE, SD: SPATIAL DROPOUT)

LR SD Accuracy " Precision " Recall " F1-score "

0.1

0.1 0.6115 0.6100 0.6115 0.5880
0.2 0.5264 0.5472 0.5264 0.5009
0.3 0.4129 0.3617 0.4129 0.3466
0.4 0.4586 0.3203 0.4586 0.3615

0.01

0.1 0.9401 0.9435 0.9401 0.9401
0.2 0.9551 0.9548 0.9551 0.9547
0.3 0.9362 0.9366 0.9362 0.9344
0.4 0.9448 0.9459 0.9448 0.9444

0.001

0.1 0.9622 0.9634 0.9622 0.9619
0.2 0.9701 0.9698 0.9701 0.9698
0.3 0.9630 0.9635 0.9630 0.9628
0.4 0.9716 0.9716 0.9716 0.9715

0.0001

0.1 0.9748 0.9746 0.9748 0.9747
0.2 0.9764 0.9769 0.9746 0.9765
0.3 0.9732 0.9729 0.9732 0.9730
0.4 0.9716 0.9715 0.9716 0.9715

b) Class-wise Performance Across Fibrosis Stages

Table IV provides a �ne-grained, stage-speci�c evalua-
tion based on the METAVIR scoring system (F0–F4). The
proposed model demonstrates consistent superiority across
all �brosis stages, where a higher value (denoted by ")
indicates better performance.

Notably, for the most clinically critical stages, F3 (septal
�brosis) and F4 (cirrhosis), our model achieves F1-scores
of 0.9281 and 0.9913, respectively, highlighting its capacity
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TABLE III
PERFORMANCE COMPARISON OF DIFFERENT MODELS

Model Accuracy " Precision " Recall " F1-score "

VGGNet [29] 0.8731 0.8758 0.8731 0.8705
ResNet [13] 0.6147 0.6711 0.6147 0.6014
DenseNet [15] 0.6509 0.6828 0.6509 0.6406
EfficientNet [30] 0.7841 0.7956 0.7841 0.7767
ViT [31] 0.6320 0.7546 0.6320 0.6169

USLF-Net (Ours) 0.9764 0.9769 0.9764 0.9765

TABLE IV
CLASS-WISE PERFORMANCE COMPARISON OF DIFFERENT MODELS

Model Class Accuracy " Precision Recall " F1-score "

VGGNet [29]

F0 0.9999 0.9998 0.9999 0.9999
F1 0.6512 0.8814 0.6047 0.7172
F2 0.7673 0.7083 0.7484 0.7278
F3 0.7283 0.8540 0.6763 0.7548
F4 0.9500 0.7886 0.9765 0.8725

ResNet [13]

F0 0.9624 0.8221 0.9459 0.8797
F1 0.1517 0.5000 0.1313 0.0765
F2 0.7610 0.2986 0.8302 0.4393
F3 0.4566 0.5308 0.3988 0.4554
F4 0.4235 0.7473 0.4000 0.5211

DenseNet [15]

F0 0.9859 0.7828 0.9835 0.8717
F1 0.2849 0.6184 0.2733 0.3790
F2 0.7358 0.3455 0.7736 0.4777
F3 0.4451 0.5280 0.4913 0.5090
F4 0.4824 0.8310 0.3471 0.4896

EfficientNet [30]

F0 0.9835 0.9649 0.9694 0.9671
F1 0.5698 0.6707 0.6395 0.6548
F2 0.7358 0.4842 0.7673 0.5937
F3 0.3931 0.9273 0.2948 0.4474
F4 0.8647 0.7817 0.8529 0.8185

ViT [31]

F0 0.9778 0.9953 0.9998 0.9976
F1 0.2151 0.3866 0.9419 0.5482
F2 0.1572 0.3721 0.3019 0.3333
F3 0.9538 0.8361 0.2948 0.4359
F4 0.4676 0.9828 0.6735 0.7993

USLF-Net (Ours)

F0 0.9998 0.9998 0.9999 0.9998
F1 0.9651 0.9543 0.9709 0.9625
F2 0.9308 0.9074 0.9245 0.9159
F3 0.8902 0.9627 0.8960 0.9281
F4 0.9999 0.9827 0.9998 0.9913

to accurately detect advanced fibrosis, which is essential
for timely clinical intervention. In contrast, other models
demonstrate uneven performance across classes. For exam-
ple, ViT and ResNet show sharp performance degradation
for early-stage fibrosis (F1) and intermediate stages (F2,
F3), often with recall scores below 0.40, indicating unre-
liable sensitivity to those categories. Such inconsistencies
can be detrimental in real-world clinical applications where
early and accurate detection is paramount. Our model, by
contrast, maintains a high recall across all stages, including
a strong score for F0 and F4, underscoring its robustness
and clinical utility.

4. Further Analysis

Fig. 4 illustrates the performance of the USLF-Net for
cirrhosis classification, highlighting both accuracy and error
over 100 epochs. The left graph shows that the model
rapidly achieves high accuracy on the training dataset, with
stable validation accuracy, suggesting strong learning on the
training data while maintaining consistent performance on
unseen data. The right graph shows a significant reduction
in training loss, while the validation loss remains slightly
higher, indicating a minor gap in the model’s ability to
generalize to unknown data.

Figure 4. Our Model Analysis of Loss and Accuracy Across Epochs

Fig. 5 presents the normalized confusion matrix for
the proposed model, which classifies cirrhosis into five
distinct stages (F0–F4). The results indicate that the model
demonstrates high accuracy across all classes, with partic-
ularly notable performance in the F0 and F4 categories,
both achieving an absolute accuracy of 1.00. The accuracy
for the other classes, namely F1, F2, and F3, is 0.95,
0.89, and 0.94, respectively, suggesting a strong classifi-
cation capability. However, minor misclassifications occur
between adjacent stages of cirrhosis (e.g., F2 is occasionally
misclassified as F1 or F3). Overall, the model exhibits
strong performance in classifying the entire dataset.
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