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ABSTRACT

Diabetic retinopathy is a leading cause of blindness worldwide, necessitating accurate and timely
detection through automated systems. This research introduces two complementary novelties to
improve DR classification from fundus images using the APTOS retinal dataset. First, we propose an
attention-based multi-model fusion approach that adaptively combines features from ResNet50 and
Xception architectures using learned attention weights that vary per image, enabling the model to
dynamically determine when to trust which network based on image characteristics. Second, we
implement a hierarchical multi-task learning framework with three clinically-motivated levels:
primary DR grading, binary referable classification, and multi-label lesion detection. Our experimental
results demonstrate that the synergistic combination of these novelties achieves 5-7% accuracy
improvement over baseline ResNet50, reaching approximately 80% accuracy with a Quadratic
Weighted Kappa score of 0.82-0.85. The proposed system not only achieves higher accuracy but also
provides interpretable, actionable insights aligned with clinical practice through attention weights
and auxiliary task predictions.
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1. INTRODUCTION

One of the leading causes of preventable blindness in working-age adults globally is
diabetic retinopathy, a microvascular disease related to diabetes mellitus that manifests
in the retina [1]. According to the International Diabetes Federation, 537 million adults
worldwide had diabetes in 2021, and by 2045, that number is expected to rise to 783
million [2]. DR among diabetic patients is between 35% and 40% and it is very important
that it is identified early and appropriate intervention is administered to avoid the loss of
vision in the patient [3].

The manual analysis of retinal fundus pictures by skilled ophthalmologists is the
foundation of conventional DR screening, which is laborious, expensive, and subject to
inter-observer variability [4]. The rising burden of diabetes in the world has left a
significant disparity between the screening need and access to a specialist resource
especially in the underserved and rural regions [5]. This has been a challenge that has
prompted the creation of computer-aided diagnostic systems that can automatically
identify and rate DR using retinal images. Recent developments in the field of deep
learning and specifically in convolutional neural networks have demonstrated
encouraging findings in automated DR detection [6], [7]. Nonetheless, a number of
difficulties still exist: single CNN models might not be able to extract all useful features of
complicated medical images [8], the interpretable predictions should be required, which
conforms to clinical practises [9], and systems should be able to provide actionable
information beyond a simple severity grading [10]. To cope with these difficulties,
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innovative methods that integrate various complementary architectures and use clinical
domain expertise in the learning process are needed.

The study will counter these shortcomings by suggesting a new deep learning
architecture that combines attention-based multi-model fusion and hierarchical multi-
task learning. Our method builds on the complementary abilities of various CNN
architectures and at the same time acquires a variety of clinically relevant tasks, leading
to more robust and interpretable DR detection functions.

This research is driven by a number of imperative observations and clinical needs. The
increasing cases of diabetes and the lack of qualified ophthalmologists, particularly in the
developing world, render the need to develop automated screening solutions capable of
identifying DR correctly in magnitude [11]. Diabetic patients fail to access specialist care,
and therefore, up to 95% of cases of vision loss can be avoided with an early diagnosis
[12]. Various CNNs are good at extracting various kinds of features of medical images [13].
The deep residual connexions of ResNet50 are good at global context and semantic
feature, whereas the depth wise separable convolution of Xception is good at small details
and lesion boundaries [14] and [15], respectively. Using one architecture might overlook
valuable patterns that might be significant to accurate diagnosis.

Ophthalmologists do not simply give a severity grade to retinal images but adhere to a
systematic process of decision-making that involves the general severity, referral
urgency, and specific pathological features [16]. This clinical workflow should be
replicated by automated systems, which should be really helpful in practice. Healthcare
applications require intuitive predictions, which can be interpreted and believed in by the
clinicians [17]. It is not enough to give a score of classification because the system must
elaborate on how it reached its decision and focus on the characteristics that affected its
predictions. The APTOS retinal database is filled with various images of varying
conditions with different types of cameras and quality of images [18]. This natural
variation makes it necessary to have powerful techniques that are capable of making
changes that suit various image attributes instead of making uniform assumptions about
all images.

The primary problem addressed in this research can be formally stated as developing an
automated system that can accurately classify the severity of diabetic retinopathy into
one of five grades while simultaneously providing clinically relevant auxiliary predictions
with improved accuracy and interpretability compared to existing single-model
approaches. This problem encompasses several specific challenges including feature
representation, multi-scale learning, clinical alignment, imbalanced data, and image
quality variability [19].

1. RELATED WORKS

Recent years have seen an exponential increase in interest in the field of deep learning-
based automated diabetic retinopathy identification. This part will discuss the pertinent
literature in three major fields, namely, the single CNN architectures to detect DR,
ensemble and fusion models, and multi-task learning to medical imaging.

There are many studies which use pre-trained CNN architectures to DR classification.
Gulshan et al. showed that InceptionV3 can be used to detect referable DR with high
sensitivity and specificity by deep learning algorithms, and its performance is similar to
that of ophthalmologists [20]. The authors of Pratt et al. compared several CNN models
such as VGGNet, AlexNet, and GoogLeNet on the Kaggle DR dataset and concluded that the
ensemble models that combined several models outperformed single models [21]. The
application of ResNet architectures in DR detection has become very popular because
residual connections make it possible to train very deep networks [22]. Li et al. used
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ResNet50 with attention mechanism that enables the focus of lesion regions and the
sensitivity of referable DR was 94% [23]. Equally, Xception architecture featuring
depthwise separable convolutions has demonstrated potential in fine-grained features
that are necessary in identifying small lesions such as microaneurysms [24]. Although
these single-architecture solutions have delivered remarkable performance, they are
constrained by the inherent biases and feature extraction capacities of specific networks
[25]. Those architectures have their own strengths and weaknesses: ResNet has the
ability to see the big picture, whereas Xception is better at detecting small details [26].
This observation prompts the necessity of approaches that would be able to balance these
complementary strengths.

Conventional ensemble techniques to detect DR usually involve the combination of
predictions of different models with fixed weighting schemes [27]. Wang et al. suggested
voting-based ensemble of 5 CNN models that had better accuracy than single models but
consumed a lot of computational power in inference [28]. Abramoff et al. established an
ensemble system, which was approved by the FDA to autonomously detect DR, and they
showed the clinical feasibility of the multi-model methods [29]. The conventional
ensembles, however, are limited by the following: they are the average or the majority at
the prediction level, they use constant weights independent of the features of the input,
and they have to be inferred independently in each model [30]. Recent literature has
considered learned fusion techniques, although the vast majority are simple
concatenation or weighted averaging without an adaptive, per-image weighting scheme
[31].

Attention mechanisms have gained popularity in medical image analysis. Jetley et al.
introduced attention mechanisms for general image classification, demonstrating that
machines are capable of learning to focus on specific regions [32]. Schlemper et al. used
attention gates in U-Net for cardiac segmentation in the medical field [33]. However,
attention-based fusion at the feature level for DR detection, where attention weights
determine the contribution of different architectures, remains underexplored [34].
Through leveraging shared representations across related tasks, multi-task learning has
demonstrated potential in medical imaging [35]. Liu et al. demonstrated that joint
learning of disease classification and lesion segmentation improves performance on both
tasks in chest X-ray analysis [36]. Yan et al. demonstrated increased grading accuracy
through auxiliary segmentation tasks in their multi-task framework for joint DR grading
and lesion segmentation [37]. However, most existing multi-task approaches for DR
detection focus on only two tasks and do not structure their task hierarchy to mirror
clinical decision-making workflows [38]. Additionally, task weighting is often treated as a
hyperparameter to be tuned rather than being informed by clinical importance and
relationships between tasks [39].

Despite significant progress, several gaps remain in the literature including lack of
adaptive fusion mechanisms that learn per-image weights based on image characteristics
[40], limited exploration of hierarchical multi-task frameworks that mirror clinical
decision workflows with more than two tasks [41], and insufficient investigation of the
synergistic effects of combining adaptive fusion with multi-task learning [42]. Our
research addresses these gaps by proposing an integrated framework that combines
attention-based adaptive fusion of complementary architectures with a three-level
hierarchical multi-task learning approach informed by clinical practice.

I11. PROPOSED METHOD

Our proposed framework integrates two complementary novelties: attention-based
multi-model fusion for adaptive feature combination and hierarchical multi-task learning
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for clinically-aligned supervision. This section outlines the architectural elements, our
learning strategy, and details of implementation. The general architecture is made up of
three primary modules namely dual backbone feature extraction, attention based fusion
module and hierarchical multi task prediction heads [43]. With an input fundus image of
size 512x512x3, the image is run through two pre-trained CNN backbones at the same
time; ResNet50 and Xception.

A. Attention-Based Multi-Model Fusion

The first novelty is the problem of successfully blending characteristics of more than one
architecture with the help of learning of adaptive weights, which change with each image.
ResNet50 is an effective network that captures context globally, and rich semantic content
due to its skip connections that enable flow of gradient [44]. The network generates
outputs of its last convolutional layer. Xception is also more effective in fine-grained
details and lesion borders detection with an effective feature extraction based on
decoupled spatial and channel-wise convolutions [45]. Prior to fusion, we use
Convolutional Block Attention Module (CBAM) on a branch scale [46]. CBAM sequentially
applies channel attention and spatial attention, generating attention maps by aggregating
spatial information through both average and max pooling operations [47].

Unlike traditional approaches that use fixed weights, our fusion module learns to
dynamically weight each model's contribution based on the input image [48]. We
concatenate the attention-enhanced features, apply global average pooling to obtain a
feature vector, and pass through a multi-layer perceptron consisting of dense layers. These
logits are normalized using softmax to ensure they sum to 1. The final fused features are
computed as a weighted combination.

Fig. 1. Attention Fusion Module
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Figure 1 shows the Attention Fusion Module block diagram, This mechanism enables the
model to learn when to trust ResNet50 versus Xception [49]. The attention weights are
learned end-to-end during training and adapt automatically to each input image.

B. Hierarchical Multi-Task Learning

The second novelty structures the learning process to mirror clinical decision-making
through three related tasks with hierarchical importance. The fused features are passed
through a classification head consisting of global average pooling, dropout, and a fully
connected layer with softmax activation to produce probability distribution over five DR
grades [50]. A separate classification head predicts whether the case requires specialist
referral with the binary ground truth automatically derived from DR grade [51]. A multi-
label classification head predicts the presence of three lesion types: microaneurysms,
hemorrhages, and exudates [52]. Labels are automatically generated based on clinical
knowledge. The total loss is a weighted sum of all three task losses with weights reflecting
clinical importance [53], Figure 2 illustrates the block diagram of the Hierarchical Multi-
Task Learning architecture.

Fig. 2. Multi-Task Learning Head
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The fused feature representation F_{fused} is processed through a classification head
comprising global average pooling, dropout (p = 0.5), and a fully connected layer with
softmax activation. This produces a probability distribution P_grade € R"5 across five
diabetic retinopathy (DR) severity levels: 0 (No DR), 1 (Mild), 2 (Moderate), 3 (Severe),
and 4 (Proliferative). The network is trained using categorical cross-entropy loss, with a
loss weight of A_1 = 1.0.
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Task 2 - Referable DR Detection (Auxiliary Task):
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An additional classification head predicts whether a case requires specialist referral. The
binary ground truth is automatically derived from DR severity: non-referable (grades 0-
1) and referable (grades 2-4). The output P_ref € R"*2 is trained using binary cross-
entropy loss, with a loss weight of A_2 = 0.5. This task holds high clinical relevance as it
directly informs the urgency of patient care.

Ly =— Z{ Yres * 108(FPrp))

Task 3 - Lesion Presence Detection (Auxiliary Task):

A multi-label classification head predicts the presence of three lesion types:
microaneurysms (MA), hemorrhages (Hem), and exudates (Exu). The output P_lesion €
R”3 represents the probability of each lesion type. Labels are automatically derived based
on clinical criteria: MA for grades 1-4, Hem for grades 2-4, and Exu for grades 3-4. The
task is trained using binary cross-entropy loss for each lesion, with a loss weight of A_2 =
0.3.
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Combined Loss Function:
The total training objective integrates all three task losses using weighted summation:

Litat = ML rade + MLres + MLiesion = 1.0Lrgge +0.5L, s +0.3L;ion

These weights are related to their clinical significance: DR severity grading (primary task)
is of the utmost importance, referral decision (key clinical outcome) has a middle-weight,
and lesion detection is an auxiliary supervisory signal to improve the learning of features.
The two novelties form a synergistic system as each supplements the other. The attention
fusion offers complementary and rich features as it fuses the global context of ResNet50
with the fine details of Xception [54]. These are improved functions that are useful to the
three tasks in the multi-task learning model. The multi-task learning, on the other hand,
offers numerous supervision indicators, which assist the fusion module to acquire stronger
attention weights [55]. This forms a virtuous cycle: the improved features translate to
improved multi-task learning, and the improved feature learning translates to the
improved multi-task learning.

C. Implementation Details

All fundus images from the APTOS dataset are resized to 512x512 pixels [56]. We apply
data augmentation including random horizontal/vertical flips, rotations (+15 degrees),
brightness and contrast adjustments (+0.2), and random zoom (0.8-1.2) [57]. Images are
normalized using ImageNet statistics (mean=[0.485, 0.456, 0.406], std=[0.229, 0.224,
0.225]). Both ResNet50 and Xception backbones are initialized with ImageNet pre-trained
weights [58]. We employ a two-stage training strategy: Stage 1 freezes backbone weights
and trains only the fusion module and task heads for 20 epochs, and Stage 2 unfreezes all
layers and fine-tunes the entire network end-to-end for 80 epochs [59]. We use Adam
optimizer with initial learning rate 0.0001, batch size 16, and cosine annealing learning
rate schedule with warm restarts [60]. Class imbalance is addressed using weighted
sampling and focal loss for the primary classification task [61].

Multiple measures are used to assess the model performance, including overall
classification accuracy, per-class precision, recall, and F1-score, Quadratic Weighted
Kappa score to reflect ordinal character of DR grades [62], and area under ROC curve to
represent binary referable classification [63]. We present per-lesion precision and recall
to detect lesions.
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Fig. 3. Complete System Architecture
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Figure 3 illustrates the complete system architecture, which integrates two key novelties:
(1) the Attention Fusion Module and (2) the Hierarchical Multi-Task Learning framework.
These are the elements that make up a synergistic system in which the other complements
the performance of the other. Attention fusion module is an attempt to create rich and
complementary features through integration of global contextual knowledge of ResNet50
and the fine details of Xception. These additional functions are helpful in all the three
activities of the multi-task learning model. The multi-task learning configuration, in its
turn, can give several supervision signals, which allow the fusion module to learn a
stronger set of attention weights. The main task gets the added value of the auxiliary tasks
which promote shared representations to obtain not only fine-grained lesion information
but also high-level referral decisions- forming a vicious circle where better features result
in better multi-task learning which in turn enhances feature representation.

1V.RESULTS AND DISCUSSION

This section contains experimental findings which prove the usefulness of our proposed
framework. We performed extensive experiments on the APTOS retinal dataset, and
compared our algorithm with baseline algorithms, as well as ablation studies to
determine the contribution of each component.

The APTOS 2019 Blindness Detection data is a collection of 3,662 retinal images of high
resolution, annotated by clinicians based on the International Clinical Diabetic
Retinopathy severity scale [64]. There is a high class imbalance in the dataset with No DR
containing 1805 images, Mild DR containing 370 images, Moderate DR containing 999
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images, Severe DR containing 193 images, and Proliferative DR containing 295 images.
We divided the data into 70% training, 15% validation, and 15% test sets, and kept the
ratios of classes among the splits [65].

TABLE L. OVERALL PERFORMANCE COMPARISON
Model Configuration AC((::)J/:;‘ Y gc‘:)vrlé Improvement
ResNet50 (Baseline) 75 0.78 -
Xception (Baseline) 73.5 0.76 -
Simple Ensemble (Average) 76.2 0.79 1.20%
ResNet50 + Multi-Task 77 0.8 2.00%
Attention Fusion Only 78 0.81 3.00%
Proposed Method (Full) 80.4 0.84 5.40%

Our proposed method achieves 80.4% accuracy and 0.84 QWK score, representing a 5.4%
improvement over the ResNet50 baseline (Table I). The full model outperforms
configurations using either attention fusion or multi-task learning alone, demonstrating
the synergistic effect of combining both novelties. The improvement is more than
additive, confirming that the two approaches complement each other effectively.

TABLE II. PER-CLASS PERFORMANCE ANALYSIS

DR Grade Model Precision | Recall | F1-Score
Baseline 0.82 0.89 0.85
Grade 0 (NoDR) =5 0 ced 0.86 0.91 0.88
. Baseline 0.61 0.58 0.59
Grade 1 (Mild) 75 1 ced 0.69 0.67 0.68
Baseline 0.73 0.7 0.71
Grade 2 (Moderate) Proposed 0.78 0.76 0.77
Baseline 0.65 0.59 0.62
Grade 3 (Severe) | 0 sed 0.73 0.7 0.71
Grade 4 Baseline 0.71 0.68 0.69
(Proliferative) Proposed 0.77 0.75 0.76

The per-class analysis demonstrates that our approach yields significant improvements
in all DR grades with the largest improvements being reported in underrepresented
classes [66]. Grade 1 is improving F1-score by 9%, and Grade 3 is improving it by 9%
(Table 2). These enhancements on challenging classes show that the attention fusion and
multi-task learning combination is effective to solve the imbalance issue of classes
through improved feature representations and auxiliary supervision cues [67].

In addition to the primary DR grading task, our hierarchical system offers clinically useful
auxiliary predictions [68]. To detect referable DR, the model has a high accuracy of 92.3%
and AUC-ROC of 0.96, indicating that it has a great potential in detecting cases that need
specialist referral. This is a high performance on the most clinically important binary
decision that supports the practical use of our technique in real world screening. To detect
lesions, the model exhibits high per-lesion performance, which means that the multi-task
structure has been able to learn to detect particular pathological features, but at the same
time, it has enhanced the performance of the primary task [69].
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Learned attention weight analysis shows us interpretable trends in the manner in which
the model fuses ResNet50 and Xception features [70]. In the case of images that have large
and prominent haemorrhages and large exudates, the fusion module gives a greater
weight to ResNet50, which has better global contextual information. On the other hand,
where the images have fine lesion boundaries and subtle microaneurysms, Xception is
given higher weight and therefore, it is used in image because it has strength in fine-
determining images. This flexible weighting shows that the attention system has been
able to learn meaningful patterns in the clinical context as opposed to arbitrary
combinations [71].

Our experimental results give several major findings. To begin with, there is a synergistic
improvement in attention-based fusion and hierarchical multi-task learning [72]. This
super additive effect establishes the fact that rich features of adaptive fusion are useful to
multi-task learning, and multi-task learning is useful to enhance the quality of fusion
decisions. Second, the framework exhibits a rather good performance on challenging
cases and underrepresented classes [73]. Third, attention weights and auxiliary
predictions contribute to the interpretability which increases clinical utility [74]. By
looking at what architecture was more active and what lesions were identified, clinicians
can find the reason behind the model making certain predictions.

This high performance with regard to referable DR detection is actually noteworthy in a
clinical sense [75]. When it comes to real-life screening situations, a binary choice is
usually the most important: is this patient required to be urgently referred to a specialist?
Our framework is superior in this important classification and at the same time offers
fine-grained severity grading and lesion details. A number of limitations are worth
discussion such as computational resource requirements during training, automatic label
generation on auxiliary tasks is a simplification of complex clinical relationships, and
external validation on other datasets is required [76].

V. CONCLUSION

This study presents a new deep learning system of diabetic retinopathy detection, which
is an attention-based multi-model fusion and hierarchical multi-task learning. The
framework delivers great performance gains compared to existing methods besides
offering interpretable and clinically-aligned predictions. The two main contributions that
we have made are complimentary to each other, attention-based multi-model fusion
learns to weigh features in ResNet50 and Xception on a per-image basis to obtain
complementary information, where ResNet50 outperforms Xception in the global context
and Xception in the fine detail [77]. The learned attention weights are understandable and
reflect patterns of clinical importance. Using hierarchical multi-task learning offers deep
supervision with three clinically-inspired tasks, which are primary DR grading, binary
referable classification, and multi-label lesion detection [78]. This hierarchy replicates
clinical decision-making processes and enhances feature representations using several
supervision signals.

Experimental findings on the APTOS retinal dataset show that it improves the baseline
ResNet50 by 5.4%, with the overall accuracy of 80.4%, and a 0.84 QWK score [79]. Their
relationship is synergistic as the combination is better than the sum of the parts in terms
of improvement. Per-class analysis demonstrates especially good improvements in the
difficult cases where Grade 1 and Grade 3 record improvements in Fl-score by 9%.
Performance in auxiliary tasks is clinically good with 92.3% accuracy in referrable DR
detection and the high lesion detection measures of microaneurysms, haemorrhages and
exudates [80].
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In addition to the quantitative advances, our framework is interpretable with attention
weight analysis and indicates the changing strategy of the model in terms of feature
combination according to the features of the lesions [81]. The hierarchical multi-task
organisation is consistent with clinical practice, generating not only severity grades but
also referral decisions and information about the lesion. Future studies involve adding
expert lesion labelling to replace automatically generated lesion labels, expanding the
framework to other architectures, applying the framework to other medical imaging
problems, and external validation on other data sets [82].

In conclusion, this article proves that complementary architecture adaptive fusion with
clinically-motivated multi-task learning is a promising avenue towards the creation of
accurate, interpretable, and clinically-congruent automated DR detection systems [83].
With the ever-increasing burden of diabetes across the globe, such systems may have an
important role in bridging the screening gap and avoiding vision loss by early screening
and prompt intervention..
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