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Objective To develop a dual-branch deep learning framework for accurate multi-label classi-
fication of fundus diseases, addressing the key limitations of insufficient complementary fea-
ture extraction and inadequate cross-modal feature fusion in existing automated diagnostic
methods.

Methods The fundus multi-label classification dataset with 12 disease categories (FMLC-12)
dataset was constructed by integrating complementary samples from Ocular Disease Intelli-
gent Recognition (ODIR) and Retinal Fundus Multi-Disease Image Dataset (RFMiD), yielding
6 936 fundus images across 12 retinal pathology categories, and the framework was validated
on both FMLC-12 and ODIR. Inspired by the holistic multi-regional assessment principle of
the Five Wheels theory in traditional Chinese medicine (TCM) ophthalmology, the dual-
branch multi-label network (DBMNet) was developed as a novel framework integrating com-
plementary visual feature extraction with pathological correlation modeling. The architecture
employed a TransNeXt backbone within a dual-branch design: one branch processed red-
green-blue (RGB) images to capture color-dependent features, such as vascular patterns and
lesion morphology, while the other processed grayscale-converted images to enhance subtle
textural details and contrast variations. A feature interaction module (FIM) effectively inte-
grated the multi-scale features from both branches. Comprehensive ablation studies were
conducted to evaluate the contributions of the dual-branch architecture and the FIM. The
performance of DBMNet was compared against four state-of-the-art methods, including Effi-
cientNet Ensemble, transfer learning-based convolutional neural network (CNN), BFENet,
and EyeDeep-Net, using mean average precision (mAP), F1-score, and Cohen's kappa coeffi-
cient.

Results The dual-branch architecture improved mAP by 15.44 percentage points over the
single-branch TransNeXt baseline, increasing from 34.41% to 44.24%, and the addition of FIM
further boosted mAP to 49.85%. On FMLC-12, DBMNet achieved an mAP of 49.85%, a Cohen’s
kappa coefficient of 62.14%, and an Fl-score of 70.21%. Compared with BFENet (mAP:
45.42%, kappa: 46.64%, F1-score: 71.34%), DBMNet outperformed it by 4.43 percentage points
in mAP and 15.50 percentage points in kappa, while BFENet achieved a marginally higher
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F1-score. On ODIR, DBMNet achieved an F1-score of 85.50%, comparable to state-of-the-art
methods.

Conclusion DBMNet effectively integrates RGB and grayscale visual modalities through a du-
al-branch architecture, significantly improving multi-label fundus disease classification. The
framework not only addresses the issue of insufficient feature fusion in existing methods but
also demonstrates outstanding performance in balancing detection across both common and
rare diseases, providing a promising and clinically applicable pathway for standardized, intel-

ligent fundus disease classification.

1 Introduction

Traditional Chinese medicine (TCM) ophthalmology is
founded upon a holistic diagnostic paradigm for fundus
examination. Central to this is the classical Five Wheels
theory, which systematically maps specific fundus re-
gions to corresponding Zang-organ systems (liver, heart,
spleen, lung, and kidney), indicating the comprehensive
assessment of multiple visual manifestations across the
entire fundus for syndrome differentiation ', In clinical
practice, TCM practitioners simultaneously evaluate vas-
cular morphology, retinal pigmentation, lesion distribu-
tion, and other subtle signs to identify complex syn-
drome patterns such as blood stasis, Qi deficiency, or Yin
deficiency. However, the inherent complexity and subjec-
tive nature of this framework poses significant challenges
to its standardization and objectification, thereby limit-
ing its integration into contemporary clinical workflows
and quality control systems.

Advancing the objectification of TCM ophthalmology
constitutes a critical step toward overcoming these limi-
tations. Computational approaches, particularly deep
learning-based image analysis, offer a promising avenue
for the objective identification and quantification of fun-
dus manifestations. Automated diagnostic systems capa-
ble of providing standardized, reproducible assessments
of multiple coexisting pathological features can facilitate
both the preservation of TCM diagnostic principles and
their integration with evidence-based medical practice.
Nevertheless, the application of artificial intelligence (AI)
to TCM ophthalmology demands technical frameworks
that can encapsulate the holistic, multi-regional assess-
ment emphasized by classical theory—a requirement that
aligns closely with multi-label classification paradigms in
modern medical imaging .

In contemporary ophthalmology, fundus diseases in-
creasingly present as complex conditions with multiple
coexisting pathologies, a trend exacerbated by aging pop-
ulations and growing prevalence of chronic systemic dis-
eases, such as diabetes and hypertension . Single-dis-
ease classification models are thus becoming inadequate
for clinical needs, as patients frequently present with con-
current pathologies, such as diabetic retinopathy com-
bined with macular edema or glaucoma combined with

cataract. This underscores the necessity for multi-label
classification approaches that can simultaneously detect
and differentiate multiple pathological features within a
single fundus image.

Current research in automated multi-label fundus
diagnosis is primarily dominated by three technical
paradigms. Convolutional neural networks (CNNs), in-
cluding EfficientNet and ResNet architectures, extract hi-
erarchical features through deep layers; representative
works have employed multi-label classification frame-
works [, automatic lesion detection systems , deep neu-
ral networks for multi-class diagnosis 7, transfer learn-
ing-based approaches ¥, knowledge distillation strateg
ies ), dual-branch designs with bilateral fundus images ['”),
attention mechanisms and feature fusion ' '?, discrimi-
native convolution networks for imbalanced datasets ['*],
and attention-guided image enhancement ¥, as well as
multi-modal data fusion "’ Transformer-based models
leverage self-attention to capture global dependencies
across the fundus image ">/, proving particularly benefi-
cial for diseases with spatially distributed manifestations.
Recent work has further extended this paradigm through
multi-modality learning with semantic dictionary !
Graph convolutional networks (GCNs) explicitly model
label co-occurrence patterns and disease correla
tions ' *" achieving robust performance by integrating
learned relationships with visual features. Despite these
advancements, each paradigm exhibits distinct limita-
tions: CNNs struggle with modeling global context infor-
mation, Transformers require substantial computational
resources and large-scale datasets, and GCNs depend on
reliable co-occurrence statistics that are often unavail-
able for rare diseases.

Current multi-label fundus diagnosis methods are
confronted with five critical limitations. First, most ap-
proaches exclusively process red-green-blue (RGB) im-
ages, neglecting the complementary diagnostic informa-
tion contained within several specific spectral channels,
particularly the green channel, which indicates superior
contrast for vascular structures and hemorrhages, both of
which are critical for detecting diabetic retinopathy and
blood stasis patterns in TCM ophthal-mology. Second,
existing architectures inadequately integrate local and
global features: microaneurysms require fine-grained
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detail, while glaucomatous changes demand global mor-
phometric assessment. Third, dual-branch methods em-
ploy simplistic late fusion strategies without facilitating
deep feature interaction, precluding the acquisition of
complementary feature representations. Fourth, severe
class imbalance leads to suboptimal model performance
for rare diseases, a challenge further exacerbated when
attempting to detect subtle TCM syndrome manifesta-
tions. Fifth, limited cross-dataset generalizability restricts
clinical deployment across diverse imaging protocols and
patient populations.

These technical challenges directly impede the appli-
cation of computational methods to TCM ophthalmolo-
gy. The Five Wheels theory emphasizes on holistic, multi-
regional fundus assessment, which requires the simulta-
neous evaluation of vascular patterns (optimally captu-
red in the green channel), lesion pigmentation (requiring
RGB information), and spatial feature distribution—capa-
bilities that are absent in current single-modality archi-
tectures. TCM syndrome differentiation further demands
the integration of subtle, spatially distributed signs; for
instance, distinguishing blood stasis from Qi deficiency
requires recognizing the specific combinations of hemor-
rhages, vascular tortuosity, and retinal discoloration
across different fundus regions. Without systematic inte-
gration of complementary visual modalities and effective
feature interaction mechanisms, computational tools
cannot adequately support the standardization and ob-
jectification of TCM diagnostic frameworks.

To address these limitations, this study developed a
novel framework, namely the dual-branch multi-label
network (DBMNet), which integrated TCM’s holistic di-
agnostic principles with modern deep learning for multi-
label fundus pathology detection. Inspired by the empha-
sis of Five Wheels theory on comprehensive multi-region-
al assessment, DBMNet employs a dual-branch architec-
ture that processes RGB and grayscale (derived from
green channel) images to capture complementary
chromatic and morphological information, which is anal-
ogous to TCM’s integrated observation of vascular pat-
terns and retinal coloration for syndrome differentiation.
We further designed a feature interaction module (FIM)
to enable deep cross-modal feature fusion at multiple
scales, ensuring effective integration of local lesion de-
tails and global structural patterns.

A TransNeXt-based dual-branch architecture that in-
tegrates complementary visual modalities through paral-
lel feature extraction was constructed for addressing the
information insufficiency of single-modality approaches.
The FIM was designed to facilitate effective local-global
feature interaction between the color and grayscale
branches, enhancing the network’s representational ca-
pacity for spatially diverse pathological manifestations.
Through extensive experiments on the FMLC-12 and
ODIR datasets, we demonstrated superior performance
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in multi-label classification while providing interpretable
feature visualizations relevant to both modern clinical
screening and TCM ophthalmology assessment.

2 Data and methods
2.1 Multi-label fundus datasets and preprocessing

Two primary publicly available datasets (ODIR ! and
REMiD ) for multi-label classification of fundus images
are utilized. The ODIR dataset comprised fundus images
from a large-scale, multi-center clinical study involving
487 hospitals across 26 provinces in China, and was de-
rived from a source pool of over 1.6 million images main-
tained in a private clinical database, with a final set of
10 000 high-quality fundus images (from both eyes of
5 000 patients) selected. These images were annotated for
eight categories: Normal (N), Diabetic Retinopathy (D),
Glaucoma (G), Cataract (C), Age-related Macular Degen-
eration (A), Hypertension (H), Myopia (M), and Others
(O) (Table 1). Annotations were performed by six oph-
thalmologists, ensuring high-quality labels through a rig-
orous adjudication process. The RFMiD dataset consist-
ed of 3 200 fundus images with expert annotations, cover-
ing 45 distinct disease categories, including N, D, A,
Drusen (DN), M, Branch Retinal Vein Occlusion (BRVO),
Tessellation (TSLN), Optic Disc Cupping (ODC), and
Optic Disc Edema (ODE) as representative examples
(Table 2). The dataset was split into three subsets for
model development: 60% (1 920 images) for training, 20%
(640 images) for validation, and 20% (640 images) for
testing.

Table1 The number of images for each category label on
ODIR dataset

Label Number of images
2876
1800

326

313

280

193

267
1188

oczITI>00UzZ

Table 2 The number of images for representative catego-
ry labels on RFMiD dataset

Label Number of images
N 669
D 632
A 169
DN 230
M 167
BRVO 119
TSLN 304
ODC 445
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Some public multi-label fundus datasets had signifi-
cant shortcomings. Both ODIR and RFMiD predominant-
ly contained single-label images, with limited examples
of co-occurring diseases. Class imbalance in each dataset
constrained their utility for complex lesion patterns. To
better utilize available data, we constructed FMLC-12 by
integrating complementary samples from the ODIR and
REMID datasets.

We integrated the datasets in four steps. First, all dis-
ease categories common to both datasets were retained
for label consistency, including N, D, A, and M. Second,
categories from RFMiD with at least 100 samples were in-
cluded for ensuring sufficient training data and mitigat-
ing class imbalance. Categories such as N (230 samples),
BRVO (119 samples), TSLN (304 samples), and ODC (445
samples) were added. Although ODE had only 96 sam-
ples, it was included due to its high clinical relevance and
frequent co-occurrence with other pathologies. Third, ex-
clusive categories from ODIR, including G, C, and H, were
retained due to sufficient sample sizes (over 190 images
each). Fourth, additional images from the O category of
ODIR were reclassified based on diagnostic keywords in
the metadata, adding 347 images to five newly intro-
duced categories. Specifically, D (319 images), BRVO (150
images), TSLN (431 images), ODC (521 images), and ODE
(120 images) were updated, while 841 images with insuf-
ficient samples were excluded.

All images were screened for quality (requiring a min-
imum 512 x 512 pixel resolution) and adequate contrast
for visualizing the key structures, such as the optic disc,
vessels, macula, and the absence of severe artifacts. For
shared categories, we adopted existing labels from both
datasets. REMiD provided pathology descriptions in its
annotation files, which we used to map images to corre-
sponding categories. ODIR images in the O category were
reassigned based on diagnostic keywords in ODIR’s
metadata.

The final FMLC-12 dataset comprised 6 936 unique
fundus images across 12 disease categories constructed
by merging and de-duplicating the selected and reclassi-
fied images from both ODIR and RFMiD sources. As
shown in Table 3, class distribution ranged from 2 272
images for D to 120 images for ODE with a ratio of 19: 1.

In multi-label datasets, the statistics in Table 1 — 3
represent per-category image counts, where individual
images may be assigned to multiple disease categories si-
multaneously. Consequently, the sum of counts across all
categories exceeds the total number of unique images in
each dataset. Additionally, the label of disease categories
employ their respective official labeling conventions of
datasets, which are preserved in this study to maintain
consistency with the source datasets. The publicly avail-
able datasets used in this study, ODIR and RFMiD, can be
obtained through the official ODIR website at
https://odir2019.grand-challenge.org/ and via the doi
link: 10.3390/data6020014, respectively.
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Table 3 The number of images for each category label on
FMLC-12 dataset

Label Number of images
N 1592
D 2272
G 326
C 313
A 449
H 193
M 435
DN 408
BRVO 151
TSLN 333
ODC 445
ODE 106

2.2 TransNeXt-based heterogeneous branch network

To address the challenges of feature insufficiency and
cross-branch information limitation in fundus image
classifications, a TransNeXt-based dual-branch model,
called DBMNet, was proposed. The architecture was con-
ceptually inspired by the Five Wheels theory of TCM oph-
thalmology, which emphasized the assessment of fundus
regions and visual manifestations for holistic diagnosis.
Similar to how TCM practitioners simultaneously evalu-
ate the vascular patterns, tissue coloration, and struc-
tural morphology across different fundus regions, the
DBMNet systematically integrated the complementary vi-
sual information from RGB and grayscale images to cap-
ture both chromatic features and morphological charac-
teristics, which were essential for accurate multi-label
pathology classification. This architecture implemented
cross-branch information fusion incorporating an FIM,
with its overall structure illustrated in Figure 1.

RGB image

Patch
embedding
Layer norm

Convolutional

GLU

Stage 1

»|Stage ZH Stage 3}» -{ Stage 4}—‘ Stage 1-3 block

FIM FIM FIM

i
Fully
connected

Grayscale image

o
* Stage 1| Stage 2— Stage 3+ Stage 4

Patch
embedding

@ Element-wise addition

Convolutional

Stage 4 block

Figure 1 DBMNet model architecture diagram
GLU, gated linear unit.

TransNeXt | as an advanced Transformer variant,
demonstrated significant advantages over CNNs in glob-
al information modeling. Its core innovation lies in com-
bining pixel-level attention with aggregated attention
mechanisms to effectively mitigate the local information
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fragmentation caused by patch embedding in Vision
Transformers (ViT). The structure of TransNeXt is shown
in Figure 2.

HW, . HW H W, . H W
Agxc e Hxgerac Begxsc

R St a R P,
Convolutional GLU| [('onvol\monal GLU] [Convolunonal GLU| Convolutional GLU
:

) Cmmmm)

Patch A Patch . Patch - Patch Be— I

lembedded| N2 lembedded lembedded| lembedded| 4
Aggregated Aggregated Aggregated Multi-head
attention attention attention self-attention
D Coioe | Com |

Figure 2 TransNeXt model architecture diagram

TransNeXt processed an input feature map through
four stages. The first three stages employed an aggregat-
ed attention mechanism through three steps. First, the
depthwise separable convolution (DSC) is applied to the
input features X to obtain local representations X,. Sec-
ond, global average pooling captures channel-wise con-
text, which is normalized by a sigmoid activation func-
tion cto obtain X,. Finally, this global context is com-
bined with local features via element-wise multiplication,
creating a representation that balances both local and
global information. The aggregated attention computa-
tion can be mathematically expressed as:

Xl' =DSC(X) e RHExWxC 0
X, = 0(W,-ReLU (W, - GAP(X))) € R™™¢ @
Yie =X O0X, +X 3

Here, H, W, and C denote the height, width, and num-
ber of channels of the feature map, respectively. GAP(X)
represents the global average pooling. W; ER™C and
W, E R7*¢, which are weight matrices with a reduction ra-
tio r = 16. The symbol © denotes element-wise multipli-
cation.

The features processed through the first three stages
were then fed into the fourth stage, where TransNeXt em-
ploys the multi-head self-attention mechanism to cap-
ture global contextual relationships, culminating in a
comprehensive feature representation.

The dual-branch architecture processed two types of
input images to capture complementary diagnostic infor-
mation. This design aligned with the holistic assessment
principle in TCM ophthalmology, where practitioners in-
tegrated observations of both color-related manifesta-
tions and structural patterns. The color information and
texture features in fundus images were preserved in RGB
images, which is important for classifying the pigmenta-
tion-related lesions, such as macular degeneration and
hemorrhagic lesions. In TCM diagnostic terminology,
color assessment is crucial for identifying patterns, such
as blood stasis (characterized by dark red discoloration
and hemorrhages) or Qi deficiency (manifesting as reti-
nal pallor). The color distribution and contrast in RGB
images provided essential complementary information
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for lesion characterization, enabling the model to identi-
fy and differentiate these regions more accurately.

In contrast, grayscale images demonstrated clearer
structural features, including the optic disc, vascular net-
work, and macular region. By removing redundant color
information, grayscale images highlighted local texture
and morphological details, which made them especially
suitable for classifying structural abnormalities, such as
optic disc edema and retinal detachment. In TCM prac-
tice, this focus on morphology is crucial for assessing vas-
cular patterns to identify specific conditions, such as liver
Yang rising (associated with vascular tortuosity), or to
assess the structural integrity related to kidney essence
deficiency. The integration of these two complementary
information sources via DBMNet enabled comprehen-
sive fundus assessment analogous to TCM’s multi-
faceted observational approach.

2.3 Feature interaction module

To fully leverage the complementary nature of dual-
branch features and enhance the model’s ability to de-
tect complex disease patterns, an FIM was designed for
promote information sharing and fusion between the two
branches. FIM served as a critical function analogous to
TCM'’s integrative diagnostic process, where observa-
tions from different modalities (color, structure, and dis-
tribution) are synthesized into comprehensive pattern as-
sessment. Rather than processing RGB and grayscale fea-
tures independently, FIM enables explicit cross-modal
feature interaction, allowing the network to learn com-
plementary fused representations that capture both chro-
matic and morphological characteristics simultaneously.
The structure of FIM is shown in Figure 3. At its core, the
FIM employed a large selection kernel (LSK), which is
particularly effective at modeling local details and global
contextual information.

Output,
(H > WxC)

(52
Input, T

(Hx WxC)
Output,
@

Input,
|

@ Element-wise addition

Figure 3 Feature interaction module structure

As illustrated in Figure 4, LSK adopted a dual-path-
way architecture for multi-scale feature extraction
through parallel processing. The design rationale was to
capture both fine-grained local details and broader con-
textual information simultaneously, which is crucial for
accurate fundus disease classification. This multi-scale
approach reflected the TCM’s diagnostic principle for
assessing the fine lesion details (e.g., microaneurysms)
and global structural patterns (e.g., vascular distribution).
Given the concatenated input feature map X,, = Cat (Frgg,
Fony) € R3¢, the LSK performed dual-pathway
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feature extraction. Path A applied a 5 x 5 DSC (stride = 1,
padding = 2) to extract detailed local information. The 5 x
5 kernel size offered a sufficient local receptive field while
maintained computational efficiency. This operation is
formulated as:

X, = DSCsys (X,) € RE¥72C )

2 2
XA\(,j,0) = Z Z Xin(i+m,j+n,c)-Ky(m+2,n+2,c)
m=-2 n=-2

)

where i/ and j are spatial coordinates, m and n are kernel
offsets, and c is the channel index.

Py
(H x W x C)|

Figure 4 LSK structure

Y Ouput
Concat ]—-[Convl x I]PL“]»[C(m\J x 7}—»@ == L};x 0)

@ Element-wise multiplication

DS conv, depthwise separable convolution.

Path B incorporated a dilated convolution (DC) with a
kernel size of 7 x 7 (stride = 1, padding = 9) and dilation
rate of 3 to expand the receptive field. This configuration
effectively captured long-range dependencies while
avoiding excessive parameter increase. The operation is
defined as:

Xp = DCrpi 45 (X;,) € RIF¥ 16X 2C (6)

3 3
Xp (i jie) =Y Y Xin(i+3m, j+3n,0)-

m==3 n=-3

Ks(m+3,n+3,0) @

Feature fusion was first performed by concatenating
the outputs from two pathways (A and B) along with the
channel dimension, thereby constructing a comprehen-
sive feature representation. To reduce computational
overhead while preserving critical feature information,
we achieved channel dimensionality reduction via two
consecutive 1 x 1 convolutions (Convl: 4C — 2C, stride =
1; Conv2: 2C — C, stride = 1). The module incorporated a
global feature enhancement mechanism, applying both
global average pooling and global maximum pooling to
the dimensionally-reduced features for capturing contex-
tual information from perspectives of different statistical
properties. These were subsequently concatenated to
form a comprehensive global descriptor. The entire FIM
computation process can take the RGB images and their
corresponding grayscale images as inputs, with details
described as follows.

Feo = Concat(Frep, Fory) € R 2¢ ®)
Fisx = LSK(F¢,) € RW<2¢ )
chw = Conle](FLs]() € RHxWxC 10)
OUtpl'Itl = FRGB + FConv (11)
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Output2 = FGray + FConv (12)

Here, Conv,,;, denotes a convolutional layer in the di-
mensionality reduction stack, with a kernel size of 1x 1, a
stride of 1, and an output channel dimension of C. This
operation facilitated channel-wise feature fusion while
preserving the spatial resolution. The subsequent residu-
al connection adds the original branch features to the
convolved output, thereby enriching each modality with
cross-modal information while retaining their distinct
original characteristics, which also aids in gradient flow
during training.

In summary, the FIM processed the concatenated du-
al-branch features through the LSK module (which
performed multi-scale extraction and global enhance-
ment) and then distributed the refined, shared informa-
tion back to both branches via residual connections. By
enabling deep, explicit interaction between color-based
and structure-based features, the FIM achieved a com-
prehensive feature integration that mirrors TCM’s holis-
tic approach of synthesizing diverse visual observations.
Within the DBMNet, FIM modules can be deployed at
multiple hierarchical levels to facilitate multi-scale fea-
ture interaction.

2.4 Experimental setup

All experiments were implemented in PyTorch 2.3.0
and conducted on an NVIDIA GeForce RTX 3090 GPU
(24 GB). Models were trained for 100 epochs with a batch
size of 16. The AdamW optimizer was applied with an ini-
tial learning rate of 1 x 10™. The learning rate was sched-
uled using a cosine annealing warm restarts scheduler.
For data augmentation, we applied random horizontal
flipping, random rotation ( % 15 °), and color jittering. All
input images were resized to 512 x 512 pixels and normal-
ized with the ImageNet mean and standard deviation
(SD).

2.5 Ablation study and comparison study design

The systematic ablation experiments were conducted to
evaluate the contribution of each component. First, dif-
ferent backbone architectures including DenseNet121,
DenseNet201, ResNetl01, and TransNeXt were com-
pared for multi-label classification on the ODIR dataset.
These architectures represented different design
paradigms: DenseNet for dense connectivity, ResNet for
residual learning, and TransNeXt for modern Trans-
former-based approaches. Second, on the FMLC-12
dataset, the impact of the dual-branch structure and FIM
module was evaluated by progressively adding compo-
nents to the baseline TransNeXt model. Input modality
ablation was also performed to assess different input con-
figurations: using RGB paired with red, blue, or green
channel, as well as using a standalone grayscale branch.
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The methods used in this study were compared
against state-of-the-art methods, including EfficientNet
Ensemble !, EyeDeep-Net [, Transfer learning-based
CNN "), and BFENet '), using a consistent evaluation
framework on both the FMLC-12 and ODIR datasets. For
the FMLC-12 dataset, all comparison methods were re-
trained from scratch using their publicly available imple-
mentations with default hyperparameters, under identi-
cal experimental settings, including the same data splits,
preprocessing procedures (512 x 512 pixels resizing and
ImageNet normalization), and evaluation protocols. For
the ODIR dataset, the performance results of the com-
pared methods were directly taken from their original
publications, as retraining under fully identical experi-
mental conditions was not feasible due to differences in
data preprocessing, label definitions, or the unavailabili-
ty of complete training details.

2.6 Evaluation metrics

For multi-label classification, we adopted mean average
precision (mAP), Fl-score, and Cohen’s kappa coeffi-
cient as the evaluation metrics. To handle class imbal-
ance in these datasets, precision, recall, and F1-score
were computed via micro-averaging, each instance-label
pair was treated as an independent binary decision, with
true positives (TP), false positives (FP), and false nega-
tives (FN) aggregated globally across all samples and cat-
egories before calculating the final metrics. For Cohen’s
kappa, we used macro-averaging: first computing the
per-label binary kappa score for each category, then aver-
aging across all categories to reflect per-class agreement
beyond chance. These micro-averaged metrics were ro-
bust to class frequency by weighting each prediction
equally, while macro-averaged kappa highlights class-
level consistency. The specific calculation formulas are as
follows:

C
Z TP,
i=1

Precision = c_i (13)
> (TP, +FP)
i=1
C
S
Recall = —————— (14)
> (TP, +FN)
i=1
2 X Precision x Recall
Fl1-score = (15)

Precision + Recall

Xin He, et al. / Digital Chinese Medicine 9 (2026) 80-90

N
mAP = ;]ZI AP (i) (16)
Kappa = 10—_P: a7
3 Results

3.1 Backbone network selection

The different backbone architectures on the ODIR dataset
were compared (Table 4). TransNeXt significantly out-
performed other backbones across all metrics, achieving
an mAP of 66.29%, a kappa of 74.06%, and an F1-score of
77.55%. Based on these results, TransNeXt functioned as
the backbone network.

Table 4 Performance comparison of different baseline
models on the ODIR dataset

Backbone mAP (%) Kappa (%) F1-score (%)
DenseNet121 42.79 48.88 64.10
DenseNet201 45.65 53.51 65.33
ResNet101 43.80 47.26 56.37
TransNeXt 66.29 74.06 77.55

3.2 Ablation study results

The ablation study results on the FMLC-12 dataset were
summarized in Table 5, indicating the contributions of
each component. The baseline TransNeXt achieved an
mAP of 34.41%, a kappa of 40.77%, and an Fl-score of
60.51%. Adding the dual-branch structure improved per-
formance to 44.24% mAP, 55.10% kappa, and 62.45% F1-
score. Finally, the complete architecture with FIM further
improved to 49.85% mAP, 62.14% kappa, and 70.21% F1-
score. Compared with the baseline TransNeXt, the com-
plete model achieved a 15.44 percentage points increase
in mAP and a 21.37 percentage points increase in the Co-
hen's kappa coefficient.

The input modality ablation results were compared
across different channel combinations (Table 6). Among
individual color channels, the green channel performed
best with 45.44% mAP. In contrast, the grayscale modali-
ty achieved the highest performance across all metrics
with 49.85% mAP, 62.14% kappa, and 70.21% F1-score.

Table 5 Ablation studies of DBMNet components on the FMLC-12 dataset

Model configuration mAP (%) Kappa (%) F1-score (%) Params (M) Inference time (ms)
TransNeXt 34.41 40.77 60.51 89.72 69.70
TransNeXt + dual-branch 44.24 55.10 62.45 184.33 158.36
TransNeXt + dual-branch + FIM 49.85 62.14 70.21 190.82 161.14
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Table 6 Input modality ablation on the FMLC-12 dataset

Input configuration = mAP (%) Kappa(%) F1 (%)
RGB + red channel 42.92 53.14 65.56
RGB + blue channel 44.28 55.03 66.23
RGB + green channel 45.44 56.64 70.91
RGB + grayscale 49.85 62.14 70.21

3.3 Comparison with state-of-the-art methods

The performance of the DBMNet was compared with
state-of-the-art methods on the FMLC-12 and ODIR
datasets (Table 7 and 8). For FMLC-12, all comparison
results were obtained by re-implementing the corre-
sponding methods under a consistent experimental set-
ting. For ODIR, although the official evaluation platform
provides multiple metrics, the binary Fl-score was the
only metric that could be reliably compared across meth-
ods due to the limitations in reproducible outputs. There-
fore, Table 8 reports only the binary Fl-score and in-
cludes fewer methods, as only a limited number of pub-
lished approaches provide results that are verifiable un-
der the same evaluation protocol. On FMLC-12, DBMNet
achieved the highest mAP of 49.85% and kappa of 62.14%.
BFENet achieved a slightly higher Fl-score of 71.34%
than DBMNet (70.21%), but considerably lower mAP and
kappa. On ODIR, DBMNet achieved an Fl-score of
85.50%, slightly higher than that of the Transfer learning-
based CNN (85.30%), but lower than that of BFENet
(89.20%).

Table 7 Performance comparison of different methods
on the FMLC-12 dataset

mAP  Kappa Fl-score

Method (%) (%) (%)
EfficientNet Ensemble 43.44 56.60 65.58
Transfer learning-based CNN 42.48 50.59 64.67
BFENet 45.42 46.64 71.34
EyeDeep-Net 41.15 45.02 66.20
DBMNet 49.85 62.14 70.21

Table 8 Performance comparison of different methods
on the ODIR dataset

Method F1-score (%)
Transfer learning-based CNN 85.3
BFENet 89.2
DBMNet 85.5

3.4 Visualization analysis of model attention on fundus
lesion regions

Figure 5 shows the heatmap comparisons between DBM-
Net and other approaches. DBMNet demonstrated more
concentrated attention on lesion regions, with particular-
ly clear hotspots in tessellation regions and diabetic
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retinopathy detection. In contrast, the heatmaps of Effi-
cientNet Ensemble showed more dispersed attention pat-
terns, and BFENet showed weaker attention on critical
features.

Transfer

EfficientNet learning-based BFENet  EyeDeep-Net DBMNet
Ensemble CNN

1

Input image Label Diabetic

retinopathy

HTsssellntion

Figure 5 Visualization of attention heatmaps for diabet-
ic retinopathy and tessellation lesion detection across dif-
ferent methods
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4 Discussion

4.1 Balanced multi-class performance and clinical signifi-
cance

This study addresses a key challenge in automated fun-
dus diagnosis: achieving balanced performance across
coexisting pathologies under severe class imbalance. On
the complex FMLC-12 dataset, the proposed DBMNet
achieved an mAP of 49.85% and a Cohen's kappa coeffi-
cient of 62.14%, demonstrating competitive overall accu-
racy while maintaining superior agreement across dis-
ease categories.

A notable finding is that DBMNet substantially out-
performed BFENet in terms of Cohen's kappa coefficient
(62.14% vs. 46.64%), despite a slightly lower Fl-score
(70.21% vs. 71.34%). This divergence highlights an impor-
tant limitation of relying solely on aggregate metrics such
as F1-score in multi-label medical diagnosis ?**. BFENet's
high Fl-score but low kappa suggests strong perfor-
mance on dominant classes but insufficient sensitivity to
rare diseases. In contrast, the higher kappa achieved by
DBMNet indicates more equitable performance across
both common and low-frequency pathologies, including
clinically critical conditions such as branch retinal vein
occlusion and optic disc edema.

From a clinical perspective, this balanced sensitivity is
particularly important. Rare diseases, although less fre-
quent, often carry severe consequences if missed. Diag-
nostic systems optimized only for dominant classes may
therefore introduce unacceptable clinical risk. By priori-
tizing balanced multi-class performance, DBMNet is bet-
ter aligned with real-world screening requirements,
where reliable detection across the full disease spectrum
is essential.

4.2 Architectural contributions to robust multi-label clas-
sification

The balanced performance of DBMNet can be attributed
to its architectural design. The dual-branch structure
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processes complementary visual information: the RGB
branch captures chromatic cues relevant to lesions such
as exudates and drusen, while the grayscale branch em-
phasizes structural and vascular patterns important for
hemorrhages and vascular abnormalities *°. Ablation ex-
periments confirmed that grayscale processing outper-
formed individual color channels, indicating its effective-
ness in enhancing structural contrast across diverse le-
sion types.

Furthermore, the FIM enables explicit cross-branch
feature fusion, allowing the network to learn synergistic
representations that are difficult to obtain through single-
branch or late-fusion strategies. In addition, the global at-
tention mechanism of the TransNeXt backbone facili-
tates modeling long-range spatial dependencies across
the entire fundus image. This capability is particularly
beneficial for multi-label scenarios, where multiple
pathologies may appear in spatially distant regions yet re-
flect related pathological processes.

4.3 Cross-dataset generalization and robustness

Cross-dataset evaluation revealed important insights in-
to model robustness. On ODIR (8 categories, 18.6% multi-
label rate), DBMNet achieved competitive F1-score of
85.50%. However, its advantage became more pro-
nounced on the more complex FMLC-12 dataset (12 cate-
gories, 23.40% multi-label rate). When transferring from
ODIR to FMLC-12, DBMNet exhibited smaller perfor-
mance degradation (15.29%) compared with BFENet
(17.86%), representing 2.57 percentage points less perfor-
mance loss. More critically, DBMNet maintained sub-
stantially higher Cohen's kappa coeftficient of 62.14% ver-
sus BFENet's 46.64% on FMLC-12, indicating superior
preservation of balanced multi-class performance.

This divergent performance pattern reveals a key ad-
vantage of the dual-branch architecture: by prioritizing
feature diversity through complementary RGB and
grayscale processing, DBMNet generates more robust
representations that generalize beyond training-specific
label correlations. In contrast, methods optimized for
specific label structures may overfit to dataset-specific
disease co-occurrence patterns, leading to performance
collapse when encountering expanded label spaces or
novel disease combinations. Such robustness is critical
for clinical deployment, where disease prevalence, imag-
ing protocols, and coexisting pathologies vary substan-
tially across populations and healthcare settings *°. The
ability to maintain equitable detection across disease cat-
egories under diverse conditions makes DBMNet particu-
larly suitable for real-world screening applications where
systematic under-detection of rare diseases poses unac-
ceptable clinical risk.
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4.4 Limitations and future work

Several limitations of this study should be acknowledged.
First, although DBMNet achieved superior balanced per-
formance, its F1-score remains slightly lower than that of
BFENet, indicating room for further optimization. Future
work may explore advanced loss functions or optimiza-
tion strategies to improve overall accuracy without com-
promising class balance. Second, the dual-branch archi-
tecture incurs a relatively high computational cost, which
may limit its deployment in resource-constrained envi-
ronments. Model compression techniques, such as prun-
ing or knowledge distillation, should be investigated to
reduce inference time and parameter size while preserv-
ing diagnostic performance. Third, this study lacks vali-
dation on completely independent external cohorts.
Although the FMLC-12 and ODIR datasets incorporate
multi-source data, prospective multi-center validation is
necessary to confirm generalizability across diverse clini-
cal settings and imaging devices. Future research should
focus on large-scale external validation, improving com-
putational efficiency, and enhancing model interpretabil-
ity to facilitate clinical integration.

5 Conclusion

This study presents DBMNet, a novel dual-branch
TransNeXt-based framework for multi-label retinal dis-
ease classification, which systematically integrates com-
plementary visual modalities (RGB and grayscale)
through a dedicated feature integration module. Experi-
mental results on the FMLC-12 and ODIR datasets
demonstrate that DBMNet achieves balanced perfor-
mance across both common and rare diseases, address-
ing key challenges in automated fundus diagnosis and
supporting equitable clinical detection. Beyond technical
advances, the dual-branch design reflects TCM princi-
ples of comprehensive multi-regional fundus assessment,
laying a foundation for the standardization and objectifi-
cation of TCM ophthalmological diagnosis and suggest-
ing future directions for integrating expert knowledge
with deep learning to improve diagnostic accuracy and
patient care.
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