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Abstract

To perform screening of the retina on a population scale, an automated procedure is
required that incorporates accurate, reproducible, interpretable, and computationally cost-
effective models. Existing approaches using convolutional or transformer architectures
typically do not adequately represent both fine-grained pathology and large-scale retinal
context simultaneously, which could adversely affect their reliability if used for large-scale
applications in clinical practice. In this paper, we propose a hierarchical transformer-based
screening framework for retinal fundus images that incorporates patch-based tokenization,
global transformer encoding, and hierarchical aggregation of contextual information. We
also developed a lightweight prediction head that supports screening for both single
and multiple diseases. The framework has been evaluated using standard screening
metrics, robustness, and cross-dataset generalization analyses on two eye retinopathy image
databases: EyePACS and REMiD. With regard to screening for a binary outcome of diabetic
retinopathy, our method provided an accuracy of 89.4% and an area under the receiver
operating characteristic (AUROC) curve of 93.6% on EyePACS and attained an accuracy of
95.2% and a macro-averaged F1 score of 82.7% on REMiD. Our hierarchical transformer
achieved improved robustness to degraded images and increased generalizability across
datasets compared with all current state-of-the-art models. The proposed hierarchical
transformer demonstrates strong potential for large-scale retinal screening and provides a
promising foundation for future clinically validated deployment.

Keywords: retinal image screening; diabetic retinopathy; multi-disease classification; vision
transformers; population-scale healthcare; medical image analysis

1. Introduction

Vision-threatening eye diseases such as glaucoma, diabetic retinopathy, and age-
related macular degeneration pose a significant global health challenge. They also rank
among the leading causes of irreversible blindness worldwide. Large retinal screening
programs provide considerable benefits to patients through early diagnosis and timely treat-
ment. However, because assessment of fundus photographs is resource-intensive, as well
as there being substantial variability between observers, the ability to scale operations for
population-based initiatives is restricted [1].
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Digital retinal imaging is growing fast and is thus driving the use of automatic/automated
analysis tools that can assist in the screening workflow process. Deep learning has emerged
as a robust approach for obtaining clinically meaningful quantitative information from reti-
nal fundus images and to automatically detect ocular diseases and determine the severity
level at scale [2]. Automated analysis systems provide great benefits to areas of the world
lacking ophthalmologists and where additional demand exists for screening [3].

Automated screening systems for the retina have typically relied upon the use of
convolutional neural networks (CNNs) as the main method for performing these kinds
of applications. A number of the earlier studies relying upon CNNs were very successful
in detecting diabetic retinopathy, thus demonstrating that algorithm-assisted screening
was possible with an accuracy rate similar to human grades [4]. Other studies have
looked to further enhance the robustness and generalizability aspects of these CNN-based
techniques through the use of deeper architectures and better representation of features to
help overcome some of the imaging conditions that do not possess adequate representation
across the variety of real-world datasets used in retinopathy screening [5,6].

Even though CNNs have an advantage, locally receptive fields are restricting their
ability to learn from the entire area of the retina, which may impact how pathology is
detected when testing, as pathology can be far apart and also heavily reliant on context,
not just locally [7]. To address this issue, attempts at using attention mechanisms and
multi-scale aggregation techniques have produced small improvements but have added
several design complexities and have not completely solved the global context modeling
problems [8].

Due to the self-attention mechanism commonly associated with transformers, they
have become very popular in the field of computer vision because they are able to use
global attention to model global relationships within an image. Vision transformers use
patch-level tokens in the decomposition of an image, as well as apply global attention,
thereby enabling direct global long-range spatial interaction to be modeled that cannot be
effectively captured using just convolutional neural networks [9]. Overall, these properties
make using transformers increasingly attractive for medical imaging tasks that require a
holistic understanding of images [10].

Transformers have shown great success in the area of retinal image analysis for solving
classification and multi-label detection problems. Transformer’s hierarchical architecture
has improved computational efficiency through better use of localized attention in con-
junction with increasing receptive field sizes, making these architectures very well suited
for use with high-resolution fundus images [11]. Additionally, hierarchies will serve as
an advantage for large-scale screening because they provide both scalability and accuracy,
which are key aspects of successful population screening [12].

This study introduces a transformer-based hierarchical framework for screening reti-
nal images from a population-wide perspective. This framework identifies pathological
cues and the global context of the retina for a single disease or multiple diseases and is
computationally efficient for both forms of screening. This scalable framework was tested
on two large-scale datasets (EyePACS and RFMiD) to demonstrate its ability to improve
the performance of the population health screening process, including improvements to
accuracy, macro-F1 score, robustness to degraded images, and the ability to generalize
across multiple datasets compared to state-of-the-art CNNs and transformers, suggesting
that this framework can be deployed at scale in everyday clinical practice.

The rest of this paper consists of four sections, with Section 2 reviewing related work
on the CNN- and transformer-based methods used by current researchers when screening
retinal. Section 3 details our proposed hierarchical transformer framework, and the different
components. Section 4 presents the results, comparisons to baseline methods, and ablation
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study conducted during the course of our study. Section 5 provides the conclusions of this
research and includes a discussion related to possible future directions for research.

2. Related Work

The enormous number of people who suffer from preventable vision loss is making
large-scale screening with retinal images into one of the main uses for deep learning in
ophthalmology. Additionally, advances in large dataset availability for fundus imaging
will contribute consistently to this area as well. Thus far, almost all automated screening
systems have been built using CNNs, which have been shown to perform very well with
respect to identifying diabetic retinopathy and other conditions related to it from color
fundus photos. The ability of this type of approach to provide routine assistance for
automated diagnosis in an actual clinical environment has been verified by their ability to
show performance similar to that of expert ophthalmologists, despite the fact that these
systems were evaluated under controlled conditions [13,14].

Further research extended convolutional neural network (CNN) functionality beyond
simple classification of images to increase reliability and generalization among many dif-
ferences between picture-taking conditions used in population-based screening programs.
Specific architectures that have been greatly used after deepening have included the use
of dense connections and multi-length feature extraction in an inception-like fashion. All
of these were particularly helpful in being able to detect very subtle diseases like microa-
neurysms, macular hemorrhages and exudates [15-17]. The results produced by CNNs on
large datasets such as EyePACs have shown an increase in both classification accuracy and
area under the receiver operating characteristic curve for the family of CNNs, including
ResNet, Inception, and EfficientNet, thereby providing strong performance as baseline
models for detecting diabetic retinopathy [18,19]

Notwithstanding these developments, however, the limitations of CNN-based systems
continue to persist due to the very nature of local receptive fields, which restricts the
capability of CNNSs to effectively model global spatial relationship within an image. This is
especially important for multi-disease screening, as many of the cues that indicate disease
may be distributed and/or contextual. To meet this challenge, we developed hybrid CNN
systems that utilize attention mechanisms and feature recalibration strategies, providing an
increased sensitivity to areas important for diagnosis without compromising computational
efficiency [20,21].

Recently, there has been a new type of architecture called transformers that can replace
other forms of architecture for retinal image analysis. Vision transformers (ViTs) use a
method of global self-attention to capture long-distance relationships between data and
have been trained to be able to handle large amounts of data. Transformer-based models
are more durable than traditional pixel-based methods when used in a screening process
where thousands of images are taken under varying lighting conditions; they can still
show robust performance when tested against degraded images and images taken with
different devices [9,22]. Baseline ViT models have consistently outperformed traditional
CNN models on large-scale datasets such as Eyepacs, making them ideal for potential
deployment worldwide [23,24].

Recent work has moved beyond the basic vision transformer baseline to create more
advanced hierarchical and multi-scale structures for retinal image analysis, including
window-based transformers, hybrid CNN-transformer designs and efficiency-orientated
vision backbones [25,26]. These models help to provide a better balance between the
global context that is being modeled and the fine detail required for analyzing lesions,
and deliver an efficient way to screen a very large number of patients. The use of a
hierarchical aggregation method is largely in line with this area of study and will be
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focused on increasing the size of the attention context over time and the merging of
features from multiple depths of the network, providing better solutions for applications
specific to retinal screening [27,28]. A recent trend in the development of technology has
been the focus on developing clinically valid and domain-specific Al solutions within
healthcare workflows. Several researchers, including [29,30], have developed PatientEase,
an augmentation retrieval generation (ARG) framework that is designed to improve the
quality of rehabilitation instructions while retaining clinical significance by using a multi-
agent and dual retrieval model as an example of the growing trend toward the creation of
reliable and adaptive medical Al systems. While PatientEase focused on the use of natural
language processing to support healthcare providers with clinical documentation versus
the analysis of retinal images, it does indicate that there is an increase in the development of
clinically valid vision-based screening systems by promoting further clinical development
of clinically valid image-processing models.

The evolution of large-scale foundation models has started a transformation in both
retinal and more general medical image analysis. For example, there are now large pre-
trained retinal foundation models that exhibit impressive cross-disease generalization
ability as well as robustness to heterogeneous acquisition modalities [31,32]. There are also
large generalist medical foundation models that are able to perform open-world segmenta-
tion and highlight the scalability of representation learning across the different anatomical
parts and modalities involved in the body and its health [33]. Further, in the specific area of
hierarchical dense predictions and pyramidal feature learning, which consider multi-scale
pathology, these works advance both the hierarchical view of the pathological process and
multi-scale representation of pathology in order to present many different aspects of this
type of pathology successfully [34]. Weakly supervised and label-efficient architectures
offer significant potential for clinical application in settings that have limited access to
expert annotators [35,36].

In addition, multimodal integration techniques that use imaging, genetics, histology,
and longitudinal clinical data along with cross-modal attention mechanisms have shown
promise in prognostic or risk stratification settings [37]. These types of new technologies
also reflect a larger trend towards developing one type of Al system as an all-purpose,
multimodal, transferable system in the healthcare space. The current study is limited to
investigating only structured population-scale retinal screening performed under controlled
conditions; however, these emerging paradigms will help to provide additional context
to better position the proposed hierarchical transformer within the currently evolving
research landscape. Additionally, recent domain-aware retrieval-augmented generation
(RAQG) strategies have demonstrated promise in tailoring complex clinical instructions and
knowledge synthesis across heterogeneous biomedical domains [29], reflecting the growing
integration of large-scale language models with domain-specific adaptation techniques in
medical Al

Recent progressions in consistency learning and representation refinement that are
data-efficient have given rise to improved robustness in many common medical imag-
ing use cases. Copy-paste consistency methodologies have been investigated again with
the aim of enhancing the consistency of segmentation when limited supervision is avail-
able [38], showing the importance of the learner’s awareness to augmentation. Generative
transformation-based systems are also showing the potential for cross-modal image trans-
lations (inter-domain images), as illustrated through the use of phase-contrast and optical
coherence tomography images for the purpose of enabling cross-modality adaptation in
retinal screening [39]. Additionally, newer diffusion-based architectures and large language
model integrated architectures are demonstrating the ability to generalize both reconstruc-
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tion and representation learning beyond task-specific domains, indicating a move to larger
and more transferable Al systems [40].

In addition to single-disease detection, transformer-based architectures have been
utilized for performing multi-label retinal screening with several datasets—including
the RFMID that cover various ophthalmic diseases. Transformer models, including the
Swin transformer types, have been evaluated against the most advanced CNN architec-
tures, demonstrating comparable performance and better interpretability through attention
maps [41-43]. This feature makes transformers a strong option for large-scale screening
systems needing both high diagnostic performance and clinical transparency. To provide
an overview of the accuracy of the current methods, Table 1 below presents a summary
of CNN and transformer baseline models currently in use to evaluate the large-scale per-
formance using EyePACS and RFMiD datasets from the most recent research literature.
The performance values reported in Table 1 are representative results summarized from
the respective original publications and are provided for contextual comparison with prior
work. Direct numerical comparison should be interpreted cautiously due to differences in
experimental protocols, data preprocessing, and evaluation settings across studies.

Table 1. Representative baseline models and reported performance on population-scale retinal image
screening datasets.

Model Accuracy (%)

EyePACS—Diabetic Retinopathy Screening

VGG-16, deep CNN with stacked convolutional blocks [18] 725
ResNet-50, residual CNN with skip connections [19] 78.3
InceptionV3, multi-scale CNN with parallel filters [20] 80.1
MobileNet, lightweight depthwise-separable CNN [21] 76.8
Vision Transformer (ViT), global self-attention over image patches [23] 86.0

REMiD—Multi-Disease Retinal Screening

ResNet-50, residual CNN backbone [41] 99.2
MobileNetV3, efficient CNN with inverted residuals [41] 96.5
Swin Transformer, hierarchical window-based transformer [42] 95.4
EfficientNetV2, compound-scaled CNN [43] 94.7
DenseNet, densely connected CNN [41] 93.9

CNNs and transformers are making important strides in the field of automated retina
image screening. However, there still remain significant limitations to using these types
of models for large-scale screening in the general population. CNN-based models rely on
local receptive fields that do not provide sufficient long-range anatomical dependencies or
allow for pathologies to be widespread throughout the retina when screening for multiple
diseases simultaneously. Recent vision transformer models have begun addressing some
of the limitations associated with global context modeling; however, they also employ
an approach by treating spatial tokens as if they were all identical. As a result, the sen-
sitivity of these models to detecting fine-grained lesions is reduced, there is an increase
in computational costs, and the robustness of these models is diminished when there is
variability in the quality of the input images or domain shifts between datasets. Finally,
virtually all existing methods that are available today only seek to optimize models that
can be used for only one disease. Consequently, no existing methods provide sufficient
levels of consistency in terms of performance and interpretability for both single-disease
and multi-disease screening.
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This framework will provide detailed levels of sensitivity in relation to local lesions
and help to contextualize the various global retinal structures in terms of how they work
as a whole. The overall structure of the framework can help to accumulate contextual
information through the transformer blocks so that the transformer networks can cover up
the locality deficiencies found in CNN topology and also address some of the inefficiencies
from using a flat global attention block within this type of structure. Together with having a
unified predictive head that is specifically developed for use in the retinal screening decision
process, this structure is able to accommodate independent and dependent ocular disease
screening at a single building-level structure. All these considerations lead to the proposed
framework effectively addressing the limitations identified through this research effort
and therefore achieving the following three outcome improvements in relation to large-scale
retinal screening: improved discriminative power, improved robustness, and improved
scalability for population-based retina screening.

3. Proposed Method

This section presents the proposed transformer-based framework for large-scale retinal
image screening. The design emphasizes global contextual modeling, scalability to large
and heterogeneous datasets, and suitability for multi-disease ophthalmic screening. This
pipeline consists of the image preprocessing and tokenization, the transformer-based
feature encoding module, the screening-oriented classification head, and the effective
training strategy designed for large-scale retinal datasets. Figure 1 provides an overview
of the overall framework in which the proposed pipeline transforms each fundus image
into patch tokens and develops multi-level representations for simultaneous screening for
diabetic retinopathy, glaucoma, and age-related macular degeneration.

Hierarchical Transformer Encoder Multi-Disease Prediction

)7 Diabetic
Retinopathy

Input Fundus Image  Patch Embedding I M"'t"'"“d Self-Attention Hierarchical context aggregation
f f |\ enables joint modeling of local

4
( Muln—Han d Sdf Attelmon Ieslons and global retinal structure
}

Y
_

y
~ Glaucoma
» le.l....gﬂ»ﬂp- &
[ B EEEEN »—I ] l Global Retinal / .. Age-Related
| [ Y S - -— /’ Representation (’5 Macular
Patch embedding | r / Feature 5" Degeneation
with spatial [.:.:E\.I[-:D Aggregation

preservation
| Simultaneous Multi-Disorder Screening

Mentity-tead Connitt of us Spects

Figure 1. Overall architecture of the proposed transformer-based retinal screening framework,
illustrating patch tokenization, hierarchical transformer encoding, feature aggregation, and multi-
disease prediction.

3.1. Image Preprocessing and Patch Tokenization

Consider a multi-channel intensity representation of a color fundus image from a
population-based screening program denoted as I € RH0*W0xC where the height, Hy,
width, Wy, and color channels, C, define a two-dimensional space that contains intensity
values. Due to differences in hardware, illumination, and the method of capturing the
image, each instance of I can have very different probabilities of generating based on large
variability, such as inter-sample distributional shifts. If left unprocessed before represen-
tation learning occurs, these distributional shifts could negatively impact downstream
representation learning. As a result, a standardized preprocessing pipeline is implemented
to transform each instance of I into a normalized version so that they can now be statisti-
cally aligned with respect to one another and able to be tokenized in transformer-based
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architectures. The first step in this pipeline involves normalizing each channel of I based
on their respective channel-wise mean/standard deviation computed over the training
sample, which helps to remove variable amounts of light exposure when accounting for
illumination in the images. In addition, let Ic(x,y) denote an intensity value of a specific
channel at a specific pixel location (x, y) within image I. For each channel, normalization
is achieved by subtracting the channel mean y. and dividing by the channel standard
deviation o, both computed over the training set. The normalized image, denoted by I, is
defined as follows:

Let I denote a retinal fundus image acquired from a large-scale screening program,

where [ € RHoxWoxC

represents a multi-channel intensity function defined over a two-
dimensional spatial domain with height Hy, width Wy, and C color channels. Due to
variability in imaging devices, illumination conditions, and acquisition protocols, the raw
image I exhibits significant inter-sample distributional shifts that can negatively impact
downstream representation learning. To address this challenge, a standardized prepro-
cessing pipeline is applied to transform I into a normalized representation that is statisti-
cally aligned across the dataset and suitable for transformer-based tokenization. The first
preprocessing step performs channel-wise color normalization to reduce illumination-
induced variations. Let I.(x, y) denote the intensity value of channel ¢ at spatial location
(x,y). For each channel, normalization is achieved by subtracting the channel mean .
and dividing by the channel standard deviation o;, both computed over the training set.

The normalized image I, is defined as follows:

I(x,y,c) — He (1)

Li(x,y,¢c) = >

This channel-wise normalization operation standardizes each color channel to have
approximately zero mean and unit variance, which improves numerical stability during
optimization and reduces sensitivity to global intensity variations across images. Addition-
ally, the normalized image as denoted by I, will keep the original spatial resolution but
will have more statistical consistency for all of the images pooled together. The next step
after successfully normalizing each of the three channels of the image is to implement a
background mask used to eliminate all other regions besides the retina that do not provide
useful diagnostic value. Let M(x,y) designate the binary mask for the field of view of
the retina, where M(x,y) = 1 indicates the pixel belongs to the retina’s field of view and
M(x,y) = 0 indicates otherwise. The resulting image from applying the binary mask to
the normalized image is called I,;, which is generated by performing an element-wise
multiplication on the two matrices.

Ln(x,y,¢) = In(x,y,¢) M(x, y) 2

The use of the masking step guarantees that only relevant retinal information would
be processed in any further stages using the transformer and would not enable attention to
be allocated towards background artifacts. Once this is completed, the image I, is resized
to a fixed image resolution H x W, producing a standardized input across all samples.
Then the resized image will be broken down into non-overlapping square patches that
make up the image, with the size of the patches being defined as P, and, for example, H and
W being divisible by P; there will be a total of N = ’f,—ZV patches in total. Each individual
patch will be converted into a flattened vector z; € R” *C according to the location of the
patches within the image i € {1,2,...,N}.

z; € RP*C 3)
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While discarding explicit spatial ordering, flattened patch vectors capture localized
appearance information about the retina. To project each patch into the same latent em-
bedding space, a random linear projection is used. Define the embedding dimension E.
The embedding of the patch will be mapped into a common latent ‘embedding of the
patch’ that has been made to use learnable linear projections, where W), € REXP ’C, Finally,
the embedded patch representation will be denoted as e;; this is done as follows:

e; = Wpz; 4)

All patch embeddings will be the same dimensionally, E, in order for the transformer
operations to continue. The embedding alone does not include the embedding of the
patches relative to one another. Positional embeddings will help to encode spatial informa-
tion back into the token embeddings so that we can use them to find similarity between the
patches. We denote p; € RE as the learnable positional embedding for the i-th patch.

ti=ei +p; )

The resulting token t; combines local visual content with explicit spatial context,
enabling the transformer to maintain awareness of the retinal topology during global
attention computation. The sequence of tokens {t1, t3, ..., fy} produced at this stage forms
the input to the transformer-based global feature encoding module, where long-range
spatial dependencies across the retinal image are explicitly modeled.

3.2. Transformer-Based Global Feature Encoding

Let T = {t1,t,...,tn} denote the sequence of patch tokens produced by the im-
age preprocessing and patch tokenization stage, where each token t; € RF lies in an
E-dimensional latent embedding space. The goal of the transformer-based global feature
encoding module is to transform this initial token sequence into a context-aware represen-
tation in which each token captures both its local retinal characteristics and its relationships
with all other spatial regions in the image. This global contextualization is essential for
large-scale retinal screening, as diagnostically relevant patterns often span anatomically
distant regions and cannot be reliably modeled using purely local feature extractors.

The transformer encoder is composed of L stacked encoding layers. Let T()) = T
denote the input token sequence, and let T = {tgl), tél), cee tg\ll)} denote the output of the
I-th transformer layer, where I € {1,2,...,L}. Each layer refines the token representations
by integrating information from the entire sequence through self-attention, thereby pro-
gressively enriching each token with global retinal context. Within each transformer layer,
self-attention is computed by projecting the input tokens into three distinct representations

referred to as queries, keys, and values. For layer /, let W(I), W,El), and WZ(,I) denote learnable
projection matrices. For each token t;l_l), the corresponding query, key, and value vectors

are defined as follows:

9 =Wyt ©
KD = w =) ?)
o) = wili= 8)

() 0 )
[ 1
it is attended by others, and what information it contributes to the aggregation process,

Here, g ,and v;’ encode how the i-th retinal patch attends to other patches, how
respectively. These projections allow the transformer to compute pairwise interactions
between all tokens in the sequence. The similarity between the i-th query and the j-th key

is computed using a scaled dot-product operation. Let d denote the dimensionality of the
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query and key vectors. The attention coefficient alg].l) is defined as a normalized similarity

score given by the following expression:

exp <q’(1)'k§']) )
0 _ Ve

a..
(O
N q; Ky

o vor (1)

1]
g) = 1 for each query token i, allowing the

model to distribute attention across all retinal regions in a probabilistic manner. The scaling

This normalization ensures that Z}il a

factor \/d stabilizes gradient magnitudes during training and prevents numerical saturation
of the exponential function. Using these attention coefficients, the self-attention output for
token i at layer / is computed as a weighted aggregation of all value vectors in the sequence.

N
sl(l) = ]; al(;)v](l) (10)

()
1
directly influence the representation for token i with respect to the i-th retinal patch, thus

The vector 5. is a globally informed embedding that allows distant retinal regions to
allowing the transformer to model long-range spatial dependencies necessary for robust
retinal screening. In order to create diverse representations, multiple attention heads act in
parallel within the transformer. Each attention head utilizes different projection matrices
and captures complementary relationships among retinal image tokens. Following this,
all attention head output representations are concatenated and passed through to a linear
transformation in order to generate an overall attention output for that layer. Once each
attention head has provided its output, each token representation is transformed using
position-wise non-linear transformations implemented via a feed-forward network. Let
Wl(l) and Wz(l) be learnable matrices of the aforementioned transformation, and let ¢(-)
denote an element-wise, non-linear activation function. The feed-forward output for token
iis defined as follows:

£ = Wil (W) an

To preserve information across layers and ensure stable optimization in deep trans-
former stacks, residual connections are applied. The final output token at layer / is com-
puted by adding the input token representation to the feed-forward output.

) — 7y £ (12)

Through the iterative application of these transformations across L layers, the trans-
former encoder produces a sequence of globally contextualized token embeddings that
jointly encode local retinal appearance and long-range spatial dependencies. These repre-
sentations form the basis for the hierarchical aggregation and screening-oriented prediction
modules described in subsequent subsections. Figure 2 details the hierarchical transformer
encoder, highlighting the transition from single-scale attention to multi-scale hierarchical
attention for capturing both local lesions and global retinal structure.
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Hierarchical Transformer Encoder Multi-Disease Prediction
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Figure 2. Detailed design of the hierarchical transformer encoder showing patch tokens, single-scale
attention, multi-scale hierarchical attention, and the resulting global retinal representation used for
multi-disease prediction.

3.3. Hierarchical Context Aggregation Strategy

Let T() = {t t2 ey tz(\l,)} denote the sequence of token representations produced

(1)

by the I-th transformer layer, where each token t;* € R encodes retinal information at a
specific level of abstraction. Global self-attention allows all tokens to communicate with
every other token. However, if we use the same attention mechanism for all layers, we
may use resources unnecessarily, and the result may be less sensitive to local pathological
cues due to the change in scale. To overcome this problem, we adopted a hierarchical
context aggregation model, where with each successive transformer layer the effective
contextual window is increased for each token processed, so that fine-scale information can
be gathered very early and emphasis is placed on global anatomical relationships at the
deeper layers. In the lower layers of the transformer encoder, the focus of attention is on
local neighborhoods, to capture fine- scale retinal features such as microaneurysms, bleeding
and irregular blood vessels. Let N be defined as the local neighborhood around token i

at layer /, and consists of all of the tokens that are spatially adjacent to t§ Y. The restricted
attention coefficients computed in the earlier layers of the transformer encoder will thus be

created by restricting the normalization region of the attention function to N only.

exp <q’(l)'kf(") )
0 _ vd

a..

ij 04D
Lyen® P\ 773

Here, q( ) and k( ) denote the query and key vectors associated with tokens i and

(13)

j atlayer I, and d refers to the dimension of the attention subspace for the transformer
in which the tokens from that input sequence reside. For early-layer attention to focus
primarily on local consistency, and to diminish the influence of noise from remote sources,
we restrict our attention to nearby tokens in the context to which the respective token
is attempting to attend /\fi(l). This is particularly useful in terms of identifying subtle,
pathological patterns that exist within highly constrained spatial dimensions. As the
transformer gains depth, the specification of context becomes increasingly more relaxed,
thereby allowing for increased interaction among the broader context. We define the layer-
dependent expansion coefficient al) e [0, 1], where smaller values exist closer to the center
of the range, representing an expansion of attention across a small region, and larger values
represent an expansion of attention across a much larger region regarding its global context.
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The effective range of attention for layer / therefore consists of a weighted combination of
the component forms of, and defined by, local and global attention mechanisms.

) =+ 1~ a8

In this formulation, " ; is computed using the restricted neighborhood /\/'i(l),

ij,loca
(0
@i global
cient, grows monotonically with layer number I, thus allowing for a continuous transition
of the aggregation from local to global features across the layers. Both al) and aV
)

are individually normalized via softmax such that Z].I\i 1 ”z(;)local =1and Z]»I\i 193] global =

refers to all tokens from {1,2,...,N}. The term a) or the aggregation coeffi-

1.
Since the aggregation coefficient satisfies a(!) € [0,1], the mixed attention in (14) forms a
convex combination of two probability distributions. Therefore, the combined coefficients
also satisfy

N 1
y ﬁz‘j) =1, (15)
j=1

and no additional renormalization step is required. This preserves the probabilistic inter-
pretation of attention weights across all hierarchy levels. Aggregated attention coefficients
are used to compute context-enhanced token reverberations at layer I by taking a weighted

2
J
token j in layer /. The representation of token i in layer /, denoted as s

indicate the value vector associated with

(0

i

sum over the value vectors. In particular, let v

, is computed
according as

N
s(l) = Zﬁ.?)v(l) (16)

A hierarchical aggregation allows each of its tokens to propagate through the hierarchy
and to build progressively upon information about more distant regions on the retina. This
way, the first representations maintain the same sensitivity to localized pathology, while
each consecutive abstraction encodes information about a larger global and anatomical
context and larger lesions located in the overall distribution. As a means of enhancing
the hierarchical abstract of representations, intermediate token representations are pooled
together at certain depths of the hierarchy to form multi-scale contextual embeddings.
Let I3, 15,...,Ix denote the layers of transformers selected at varying abstraction levels.
To create a pooled representation 1%) at abstraction level k, token embeddings from layer I
will be averaged together.

1) 17)

™=z

1
k) — —
h N ¢

Il
MR

The complementary contextual information that can be shared would range from
fine-scale feature capture to global retinas. It is important to clarify that the proposed
hierarchy is realized through progressive attention-range expansion and multi-depth fusion,
rather than through a token-resolution pyramid. In particular, models such as Swin
transformer employ a hierarchical design primarily by reducing spatial resolution via
patch merging and performing attention within shifted local windows, which yields a
stage-wise feature pyramid. In contrast, our formulation keeps patch tokens as the common
representation while explicitly controlling the effective receptive field of attention across
layers. This is achieved by combining a locally normalized neighborhood attention with
a globally normalized full-sequence attention via a layer-dependent mixing coefficient,
where a(!) increases with depth to provide a continuous transition from lesion-sensitive
local interactions to global anatomical context. Furthermore, instead of relying only on
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the final layer representation, we explicitly pool intermediate token embeddings from
selected depths and fuse them using learnable weights {B}, yielding a single global
retinal representation that jointly encodes fine-grained pathology and large-scale retinal
structure for screening. & is then formed through aggregation of all the embeddings at all
selected levels.

K
h=Y pih (18)
k=1

In this case, the variable called B is simply a learnable scalar weight satisfying
YK | Bx = 1 to adaptively balance the contribution of all the different contextual scales and
to produce a representation of the pathology being modeled. This hierarchical approach
for aggregating context allows for improved discrimination between different disease
categories that are visually similar by jointly modeling both local pathology and global
anatomy, while also reducing the sensitivity to local noise and imaging artifacts typically
present in large population scale retinal screening datasets.

The proposed approach differs not only in terms of mechanism but also in terms
of objective from current approaches to hierarchical vision transformers. For example,
the Swin transformer and other multi-scale ViT architectures establish a hierarchy primarily
by progressively down-sampling tokens and employing window-based local attention
to construct a spatial feature pyramid. The proposed model, on the other hand, does
not change the representation of tokens but instead introduces a progressive scheduling
mechanism for attention range, where the effective receptive field of attention is increased
progressively across layers by means of learnable coefficients «(!). In addition, instead
of relying only on the final stage representation, the proposed model explicitly fuses
contextual embeddings from multiple depths using learnable weights {B;} in order to
jointly model fine-grained lesions with associated anatomical structure within a single
representation—making it especially well-suited for large-scale screening of the retina,
where subtle localized pathology must be detected together with widespread structural
context without excessive spatial down-sampling.

3.4. Screening-Oriented Prediction Head

Denote the final hierarchical rendition (i.e., global retinal representation) produced by
the transformer encoder and the hierarchical context aggregation mechanism as i € RE
where E is the dimension of the embedding space for the tokens mapped into this rep-
resentation. The screening-oriented prediction head’s goal is to map this global retinal
representation to clinically relevant screening outputs with high computational efficiency
for populations of the size that would be required for population-wide use, unlike general
classification heads, the proposed prediction head has been explicitly formulated to allow
both single-disease and multi-disease screening paradigms under a single unified mathe-
matical framework, thus providing flexibility in how they may be deployed across different
types of ophthalmic screening programs. After applying a linear transformation of the
global representation of & to obtain a task specific latent representation, let D represent the
dimensionality of this intermediate screening space; let Wy € RP*E represent the learnable
projection matrix. Then the screening feature vector r € RP is defined as

r=Wsh (19)

The transformation processes information in a hierarchical structure into a compact
representation, which maintains all the clinically relevant characteristics while at the same
time reduces redundancy and decreases the costs associated with inferring, as well as uses
less memory when performing large-scale population screening activities. When screening
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for a single disease, the goal of the model is to predict whether or not that condition exists
with y € {0,1} representing the binary disease label of the image, where a value of y = 1
indicates that the disease is present. The predicted probability of disease 7 is calculated by
applying a sigmoid activation to a scalar logit derived from the hierarchical representation
determined by the preceding process r, given certain weights w, € RP that correspond to

each image in the dataset.

1

y= 1+ exp(—we 1) 20

Threshold-based decisions, which are often used in clinical settings to balance sensi-
tivity and specificity, can be made with the help of this probabilistic output. The binary
cross-entropy loss function is the common loss function used when you are screening
patients for only one disease. This function is used to determine how far off your estimate
is based on the actual outcome, by comparing the predicted probability of having or not
having the disease against what actually happened.

Esingle = —[ylog(y) + (1 - y) 10g<1 - y)] (21)

The multi-disease screening problem is about predicting multiple ophthalmological
diseases at once based on one retinal image. We define C to be the number of diseases,
and y = [y1,Y2,...,Yc] as a vector of true multi-labels indicating if a patient has a disease
(yc = 1) or does not have a disease (y. = 0) at each category c. The prediction head will
produce a logit vector from the retinal image r using a linear transformation.

1
 1+exp(—we-r)’

Je c=12,...,C (22)
Each disease classifier, denoted by w, € RD, corresponds to a different disease in such
a way that each classifier can be modeled independently. This model avoids the assumption
of mutual exclusivity and thus is appropriate for the task of retinal screening, as there may
be multiple diseases in one image. For doing a multi-disease screening, the loss function is
defined as the sum of binary cross-entropy losses for each of the disease categories.

C

Lonati = — Y [yelog(ie) + (1 — ye) log(1 — ic)] (23)
c=1

Each disease should be predicted accurately by separate predictions while allowing
features to be shared across all diseases via a common representation r. For use at the
population level, the prediction head will be kept as light as possible by using only linear
transformations and element-wise non-linearities as part of a design that results in low
latency and low computational costs. This design will allow for the rapid evaluation
of many patients with little to no decrease in diagnostic accuracy. The outputs of the
prediction head will be used as the final results of the screening and will be used to identify
patients who should be triaged in large-scale retinal screening programs.

3.5. Training Strategy and Optimization

The supervised training dataset D = {(I,(Zi),y(i)) ., is composed of M samples,
where the image portion corresponds to the M-th image being denoted as Ir(li) and the
corresponding annotation being denoted as y() for the Mth image as well. Both the im-
age and the corresponding annotation can be either a single disease label or a vector of
multi-dimensional /multi-label diseases. The training objective is to learn the set of model
parameters © that minimize the expected prediction error over the large-scale data distri-
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(i)
n

tokenization, transformer-based global encoding, and hierarchical context aggregation

bution. During training, each input image I,;’ is passed through the preprocessing, patch
modules, resulting in a global representation /(7). The screening-oriented prediction head
then produces an output §(?) that approximates the true label y/). The learning process
is formulated as a risk minimization problem, where the empirical loss over the dataset
is minimized.

£©) = L § ¢y, 90 24
M y /y
i=1

Here, (-, ) denotes a task-specific loss function that quantifies the discrepancy be-
tween the predicted output and the ground-truth label. For single-label screening tasks,
where each image is associated with a single disease category, the loss function is defined
using categorical cross-entropy. Let y) € {0,1} denote the binary label and let 79 € (0,1)
denote the predicted probability.

£ ge = = [y 108(57) + (1= y0) log (1 — 9)] (25)

For multi-disease screening tasks, each image may exhibit multiple co-occurring
pathologies. In this case, the label y() = [ygi), ygi), e y(ci)] is a binary vector of length C,
where C denotes the number of disease categories. The corresponding predicted output is
9 = [yAgi), gg"), e Q(Ci) |. The multi-label loss is defined as the sum of binary cross-entropy
terms across all disease categories.

. C . . . .
o =— 2 [1 10858 + (1 - y") 10g (1 — 5] (26)
c=1

In order to enhance generalizing across various devices and varied populations of
imaging devices, augmentation of the initial training dataset would occur. The random
application of random color variations, contrast modifications and spatial transformations
to an input image will result in new versions of the original training imaging sample known
as I;(ll) being generated from effects produced using the stochastic data augmentation

operator denoted as A(-).
I =a(n) (27)

The process of augmenting training samples will implicitly expand the support of
your training distribution and help you train a model that learns invariant representations
that can withstand any sort of variability that might arise as a result of how the data was
obtained. Thus, the loss function will be based on augmented sample data, which will help
prevent overfitting to data particular artifacts in the training set. All model parameters will
be adjusted through a method using adaptive gradient based methods. Let Theta; represent
your Parameters at iteration i and let Vg L; be the gradient of the loss with respect to ©;,
the update rule for your model parameter is as shown below:

Ory1 =0t — Ve Ly (28)

Learning rate at iteration t is indicated by #;. To improve the stability of convergence
using a learning rate scheduling technique, with decreasing schedule values, an initial
learning rate 77 will be given a decay of type v € (0,1). The scheduled learning rate is
given below:

N = 770’Yt (29)

With rapid initial learning and then gradually refining that initial learning through
more finely grained convergences at the later stages of training, this optimization approach
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achieves stable training behavior and good generalization performance for large-scale
retinal image screening scenarios by combining task specific loss functions with stochastic
data augmentations and adaptive optimization with learning rate scheduling.

4. Experimental Results
4.1. Datasets and Experimental Protocol

This subsection gives a summary of the datasets used for population-level retinal
screening and defines a common protocol for conducting experiments that will lead to
equitable and reproducible results among different methods. Two large public retinal
fundus datasets were used in the experiments; the two datasets represent complementary
approaches to screening: screening for one disease (single-disease) and screening for
multiple diseases (multi-disease). Each of the models was evaluated using the same data
splits, preprocessing pipelines, and training procedures in order to avoid introducing bias
associated with any specific dataset and to provide an opportunity to compare results with
existing baseline models.

The first dataset is intended for large-scale screening for a single disease and is con-
cerned with the evaluation of diabetic retinopathy severity; on the other hand, the second
dataset supports multi-disease screening of several different types of ophthalmic diseases.
The images contained within each dataset are split into training, validation and test subsets
at the patient level in order to limit potential information leakage. The same procedures
as those recommended in the forthcoming methodology are utilized with regard to pre-
processing and include color normalization, masking of the background, standardization
of resolution and tokenizing of patches; these steps are employed consistently across all
tests. Benchmarking is performed using fixed splits so as to create reproducible results
across multiple runs. An overview of the datasets, including: the size of each dataset; the
total number of disease categories; the nomenclature used to designate the type of disease
screening; and the strategy employed to achieve data partitioning, is shown in Table 2.

Table 2. Overview of retinal screening datasets and experimental configuration.

Dataset Total Images  Diseases  Screening Type Train/Val/Test Image Resolution
EyePACS 88,702 1 Single-disease 70%/10% /20% 512 x 512
RFMiD 3200 45 Multi-disease 70%/10%/20% 512 x 512
EyePACS (subset) 35,126 1 Single-disease 70%/10%/20% 384 x 384
RFMiD (subset) 2560 45 Multi-disease 70%/10%/20% 384 x 384
Combined Benchmark 91,902 46 Mixed screening  Unified protocol Variable

In addition to the size of the dataset, class imbalance is a major consideration for
retinal screening work. This is especially true for large population level datasets with a
high number of normal cases. For the purpose of transparency regarding both disease and
screening prevalence, we provide a summary of class distribution statistics for both datasets.
Class distribution statistics are also intended to guide the selection and interpretation of
evaluation metrics, especially for diseases in which sensitivity is important. In the report of
class distribution in Table 3, the class distributions show that class imbalances are a defining
characteristic of actual screening situations. The existing class imbalances require the use
of robust evaluation metrics and repeated experimental evaluations in order to generate
reliable performance estimates. To mitigate the effect of severe class imbalance typical
in population screening, evaluation emphasizes macro-averaged metrics and per-disease
sensitivity analysis. The consistent performance across minority disease categories in
REMiD suggests that the proposed hierarchical aggregation helps preserve discriminative
features even for underrepresented conditions.
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Table 3. Class distribution statistics for retinal screening datasets.

Dataset Normal Mild Moderate Severe Proliferative
EyePACS 52,123 9876 13,204 8421 5078
EyePACS (subset) 20,487 4132 5964 2913 1630
REMiD (any disease) 1605

REMiD (multi-label) 2340 1978 1456 1102
Combined Benchmark 53,728 14,008 15,182 9877 6180

All experiments across datasets use a common protocol; model training is performed
using the same data preprocessing procedure, the same patch sizes and the same optimiza-
tion configuration; each experiment that utilizes the proposed framework is completed
three times with different random seeds. All results in the following sections are reported
as mean pm for the proposed approach. This common protocol has been employed in order
to achieve robustness and reproducibility, as well as to ensure that all large-scale retinal
screening benchmarks can be directly compared. For fair comparison, all baseline models
reported in the subsequent experimental tables are re-implemented and evaluated under
the unified protocol described above, including identical data splits, preprocessing, training
schedules, and evaluation metrics. Consequently, minor numerical differences may exist
between the literature-reported results and the controlled experimental results.

A consistent use of a fixed input resolution and patch-based tokenization allows
for processing of retinal fundus images in a uniform manner across different datasets.
The selected depth of transformers, embedding dimension and attention configuration
provide sufficient global context to be obtained at a reasonable training and inference
cost. All training was conducted using mini-batch optimization with adaptive learning
rates, and early stopping based on validation performance to minimize the possibility of
overfitting. The core architecture and training hyperparameter configuration used in all
experiments are shown in Table 4.

Table 4. Implementation and training configuration used across retinal screening datasets.

Configuration Parameter EyePACS REMiD
Input resolution 512 x 512 512 x 512
Patch size 16 x 16 16 x 16
Embedding dimension 768 768
Transformer layers 12 12
Attention heads 12 12
Batch size 32 24
Training epochs 80 60
Optimizer AdamW AdamW
Initial learning rate 1x107% 1x107%
Weight decay 1x 1072 1x 1072

As well as differences in core architectural parameters, the time to train and the
convergence behavior of the training process for different datasets can also be distinguished
based on size and complexity of the labeled dataset. The EyePACS experiments have
considerably longer training times relative to RFMiD experiments, with EyePACS datasets
requiring longer training times due to the greater number of images compared to REMiD
datasets and the class imbalance resulting from the use of large scale populations to screen
for disease, while REMiD experiments have a shorter time until convergence because the
supervision labels are more complex since the datasets are multi-label. The computational
requirements provided are as follows: the epoch-based number of training epochs and
the total training time for the dataset. Table 5 outlines the measured training efficiency
statistics for each dataset based on identical hardware configuration. These results allow
for evaluation of the proposed framework’s potential scalability whilst providing a context
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for assessing whether the proposed framework can be effectively used for large scale
screening projects.

Table 5. Training efficiency statistics under unified hardware configuration.

Dataset Time per Epoch (min)  Total Training Time (h) Convergence Epoch
EyePACS 142 £0.6 19.1+£0.8 62+4
REMiD 46+03 48+04 38+3
EyePACS (subset) 98+05 123 +£0.7 55+5
REMiD (subset) 31+0.2 32+0.3 34+2
Combined Benchmark 15.6 +£0.7 21.4+£09 64+ 4

To provide consistent performance measurements during experimentation, all trials
are run on dedicated GPU-based compute environments. Inference efficiency is the most
important factor in determining how effective large population screening systems will be
because they may require processing hundreds or thousands of images per day. Inference
latency and throughput are measured according to both batch mode and single image
mode. A summary of the hardware and software environments used in all experiments can
be found in Table 6 and provides details on the computational resources available, allowing
for independent and reproducible implementations of each of the experiments.

Table 6. Hardware and software environment used for training and inference.

Component Specification

GPU NVIDIA A100 40 GB
CPU Dual Intel Xeon 2.6 GHz
System memory 256 GB RAM

Operating system Ubuntu 22.04 LTS

Deep learning framework PyTorch 2.1

CUDA version 12.1

Inference precision FP16

Data storage NVMe SSD

A set of methods will also be developed to evaluate how to apply the best practices
of population-based eye examinations, using a range of metrics that reflect the needs for
population-wide retina screening, so that single disease versus multiple disease evaluations
can be fairly compared. Screening performance is assessed using accuracy, which captures
the proportion of correctly classified samples, while macro-averaged F1 score is reported
to account for class imbalance by equally weighting all disease categories. Sensitivity and
specificity are included to reflect clinically relevant trade-offs between false negatives and
false positives, which are critical in screening applications where missed diagnoses carry
high risk. In addition, the area under the receiver operating characteristic curve is reported
to evaluate the model’s ability to rank diseased and non-diseased cases across varying
decision thresholds. For multi-disease screening, metrics are computed independently for
each disease and then aggregated using macro-averaging to avoid bias toward prevalent
conditions. All metrics are computed on held-out test sets using fixed thresholds deter-
mined on validation data, ensuring consistent and unbiased evaluation across datasets
and methods.

The architecture put forth is based on an architecture to ensure that it is scalable
as stated in Table 5. The training process has been successful to produce converged
results on both EyePACS and RFMiD datasets within a reasonable amount of time as
shown in the previous Table 6. In addition, the hierarchical network’s moderate level
of computational complexity is attributed to its fixed patch token lightweight screening
modality, both of which provide a means to manage memory requirements and inference
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times. From an implementation perspective, the use of FP16 inference and batching
processing allows for efficient, large scale screening implementations. While we have
performed training using high-performance graphics processing unit hardware, there is
a much less demanding computational resource requirement for the inference side of the
network; therefore optimizations can be made through model compression and hardware-
specific acceleration should there be any such need.

All experiments were repeated three times with different random seeds, and results are
reported as mean + standard deviation. The relatively small variance across runs indicates
stable optimization behavior and consistent model performance, supporting the statistical
reliability of the proposed framework. This initial evaluation shows that the model is robust
regardless of the distribution of disease in the two public datasets and their respective
screening contexts. It is not a replacement for eventual prospective clinical validation;
however, because EyePACS and RFMiD have similar performance, both demonstrate
promise for cross-domain generalization. Representative CNN and transformer baselines
were selected to provide controlled and reproducible comparisons under a unified training
protocol, enabling fair assessment of the proposed hierarchical design.

4.2. Single-Disease Screening Performance

Single-disease screening performance is evaluated on the EyePACS dataset, focusing
on diabetic retinopathy detection and severity grading under a clinically realistic screening
setup. Table 7 shows that the proposed method achieves the strongest overall performance
for binary diabetic retinopathy screening on the EyePACS dataset, consistently outperform-
ing both CNN- and transformer-based baselines across all evaluated metrics. Our model
surpasses classical CNNs such as VGG-16, ResNet-50, and InceptionV3 regarding accuracy
and AUROC, demonstrating increased ability to distinguish between classes. In addition, it
achieves the highest sensitivity at 91.1%, which is essential when performing a large num-
ber of screenings to reduce false negative cases of diabetic retinopathy while still obtaining
high and clinically acceptable specificity at 87.9%. While the proposed framework demon-
strates significant enhancements on several measurement criteria, the overall AUROC gain
compared to strong transformer-based systems has not been drastic. Therefore, since all
improvements were measured in a controlled comparative experiment, any improvements
seen could be taken as being similar to previously established levels of improvement and
therefore do not provide strong evidence that one approach is superior to another for use
in practicing medicine.

Table 7. Binary diabetic retinopathy screening performance on the EyePACS dataset.

Method Accuracy (%) Sensitivity (%) Specificity (%) AUROC (%)
VGG-16 725408 68.9+0.9 743+0.7 781408
ResNet-50 783+0.7 75.6 +0.8 80.2+0.6 84.7 +0.7
InceptionV3 80.1+0.6 77.8+0.7 82.0+05 86.5+ 0.6
Vision Transformer 86.0 0.6 849£0.7 86.8 £ 0.5 91.2+0.6
Proposed method 89.4+0.7 91.1+0.6 87.9+0.8 93.6 £0.5

Table 8 provides an in-depth per-disease analysis of screening by severity of diabetic
retinopathy in EyePACS to evaluate the clinical validity of the model beyond just aggregate
metrics. The results show that the screening system has the best accuracy, sensitivity,
and specificity for the no dr category, meaning it will be able to easily identify healthy
patients and exclude non-pathological patients from the screening process. In contrast,
performance on mild and moderate dr, representing early-stage and diagnostically difficult-
to-diagnose stages of disease, is characterized by lower values for F1-score and sensitivity
than the other categories because of the inherent challenge in visually identifying subtle
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lesions and the increased difficulty associated with identifying early-stage diseases. On the
other hand, severe and proliferative dr both show consistently improved performance,
characterized by higher Fl-score and sensitivity values, which demonstrates a high degree
of ability of the model to detect more advanced pathological conditions that urgently
require clinical referral.

Table 8. Per-disease screening performance across diabetic retinopathy severity levels on the Eye-
PACS dataset.

Severity Level  Accuracy (%) F1-Score (%) Sensitivity (%) Specificity (%)

No DR 946 £0.8 921+09 934+09 95.2+0.8
Mild DR 86.8 1.1 785£12 769£1.3 89.4+1.0
Moderate DR 842+12 76.1+1.3 79.8+1.2 82.7+1.3
Severe DR 889+1.0 827+1.1 85.6 1.0 90.1+0.9
Proliferative DR 91.3+09 85.9+1.0 88.4+0.9 92.6 0.8

The performance of the various approaches used for diabetic retinopathy severity
classification on the EyePACS dataset is summarized in Table 9. Each approach exhibits
different degrees of success based on the use of CNN as opposed to transformer and
proposed methodologies. The traditional CNN approaches demonstrate low levels of
consistency with respect to grading, as evidenced by moderate levels of accuracy and
macro-F1 score. This grading inconsistency is further evidenced by their inability to
accurately identify and distinguish between adjacent severity levels consistently. The use
of transformers added a significant performance benefit compared to CNN models for
demarcating the difference between severity ratings due to the global context modeling
and image classification capabilities associated with transformers. This is reflected in the
substantially better performance demonstrated by the transformer baseline across both
macro-F1 and accuracy score metrics. The proposed methodology produces the best overall
performance of any methodology evaluated, achieving both the highest accuracy and
macro-F1 score based on a more equitable and stable distribution of people through each of
five severity grades. Additionally, the increase in the proposed methodology’s sensitivity
and AUROC demonstrates improved rates for correct recognition of clinically significant
moderate and severe cases, while the high specificity demonstrates accurate classifications
of different stages of disease.

Table 9. Diabetic retinopathy severity grading performance on the EyePACS dataset.

Method Accuracy (%) Macro-F1 (%)  Sensitivity (%)  Specificity (%) AUROC (%)
VGG-16 65.2+0.9 58.4+1.0 559+ 1.1 81.3+0.8 74.6 £0.9
ResNet-50 69.8£0.8 63.1+0.9 61.7+1.0 845+0.7 78.9+0.8
InceptionV3 71.5+0.7 65.7 £ 0.8 64.9+0.9 86.1 +£0.6 80.8 £0.7
Vision Transformer 76.3 £ 0.8 714+£0.7 70.6 £0.8 89.44+0.6 86.9 + 0.6
Proposed method 79.8 £0.9 749 +0.8 741+0.9 91.2+0.7 89.7+£0.5

The proposed model has a good balance of sensitivity and specificity across datasets,
which is critical for the large-scale screening environment in which missed diagnoses and
unnecessary referrals must both be minimized. The thresholds used for operation were
selected on validation data to simulate behavior typical of clinical screening. Reducing the
number of false negative screenings is very important to screening. Because of the greater
sensitivity that the proposed approach offers, fewer patients will be missed and those
pathological cases identified. However, formal false-negative risk modeling of prospective
patient cohorts is still an important area of study for future clinical validation.
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4.3. Multi-Disease Screening Performance

The performance of multi-disease screening is assessed based on data from the REMiD
dataset, which serves as a realistic population-sized dataset to model screening scenarios
for multiple co-occurring ophthalmic diseases from a single retinal fundus image. The eval-
uation focuses on how well different models can detect multiple types of diseases at the
same time and/or remain consistent when testing for both commonly and rarely occurring
diseases. Overall multi-disease screening performance results based on the REMiD dataset
are provided in Table 10, which allows for a comprehensive evaluation of the robustness
of the model in a multi-label clinical screening setting. Of note, DenseNet, as a CNN-
based baseline, provides consistently greater balanced performance than both ResNet-50
and MobileNetV3, which can be observed in its higher macro-F1 and sensitivity values.
Furthermore, utilizing the Swin transformer for transformer-based modeling provides
improved disease classification compared to CNN-based models. In addition to outper-
forming all competing methods, our method exhibits improved accuracy and macro-F1
score, indicating consistent, reliable, and balanced disease classifications overall as well
as across various disease classes in the face of the pre-existing class imbalance. Moreover,
our method demonstrates greater sensitivity, with respect to pathological cases and missed
diagnosis reduction, given a higher specificity for excluding irrelevant disease classes than
all other competing methods.

Table 10. Overall multi-disease screening performance on the REMiD dataset.

Method Accuracy (%) Macro-F1 (%) Sensitivity (%) Specificity (%)
ResNet-50 91.8+0.5 74.6 £0.7 71.3+£0.8 952404
MobileNetV3 89.7£0.6 71.9+0.8 69.5+£0.9 941+£05
DenseNet 924+04 76.2+0.6 73.8+0.7 95.8+£0.3
Swin Transformer 93.1+£0.5 784 +0.6 76.1+£0.7 96.3£04
Proposed method 95.2+0.6 82.7+£05 80.9 £0.7 97.4+£04

The performance of the REMiD dataset’s per-disease screening is presented in Table 11.
This table provides detailed information on how well the models performed for different
ophthalmic conditions that have a variety of pathology and prevalence. The proposed
method shows the most accurate results and has the most balanced F1-scores across all three
types of disease: vascular, structural, and degenerative. In addition, the methods showed
improvements in sensitivity for clinically important diseases such as diabetic retinopathy;,
glaucoma, and macular degeneration, which is critical for improving missed diagnoses in
population-based screenings. Furthermore, the specificity of the proposed method shows
that it can effectively exclude patients who do not have the disease in question, regardless
of how likely those patients are to have it.

Table 11. Per-disease screening performance for representative ophthalmic conditions on RFMiD.

Disease Category Accuracy (%) F1-Score (%) Sensitivity (%) Specificity (%)
Diabetic retinopathy 94.8 £0.6 832+0.7 81.6+0.8 96.9 £0.4
Glaucoma 93.6£0.7 81.9£0.8 79.8£09 96.1£05
Macular degeneration 929+0.8 80.4+0.9 78.7+1.0 95.8+0.6
Retinal detachment 91.7+09 786+1.0 76.1+1.1 95.3+£0.7
Hypertensive retinopathy 92.4+0.8 79.8+09 779 £1.0 95.6 0.6
Proposed method 95.9+0.7 85.1+0.6 83.7+0.8 972405

4.4. Comparison with Baseline Methods

A large population-based study comparing the proposed framework against several
classic transformer-based models for retinal imaging screening, including our approach,
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will be described and compared in order to analyze the overall capability of both systems
within distinct clinical environment levels. Within the single-disease vs. multiple-disease
scenarios evaluated across the entire benchmark of clinical environments, Table 12 illus-
trates the same performance output of the proposed hierarchical transformer as it does for
all popular CNN-based models, demonstrating consistent and increasing overall perfor-
mance due to increased representational capability for all traditional CNN architectures,
while the global contextual nature of the vision transformer allows for an even higher level
of accuracy and AUROC performance than traditional architectures. Thus, the proposed
methodology consistently performs at or above each evaluation metric, achieving both
maximum accuracy and AUROC along with maximum improvement in the sensitivity of
screening for accurately identifying if an individual has DR, which is critical to reducing
missed cases of DR in screening environments, and high specificity, indicating accuracy
between true and false positive test results.

Table 12. Comparison with baseline methods on single-disease screening using the EyePACS dataset.

Method Reference  Accuracy (%)  Sensitivity (%)  Specificity (%) AUROC (%)
VGG-16 [18] 725+0.8 689+0.9 743+£0.7 781+0.8
ResNet-50 [19] 783+£0.7 75.6+£0.8 80.2+0.6 84.7 0.7
InceptionV3 [20] 80.1+£0.6 778 +£0.7 82.0+£0.5 86.5+0.6
Vision Transformer [23] 86.0 0.6 84.9+0.7 86.8 0.5 91.24+0.6
Proposed framework - 89.44+0.7 91.1+0.6 879+0.8 93.6+0.5

The proposed framework’s performance is compared against representative base-
lines from both CNN and transformer-based models for multi-disease screening using the
REMiD dataset in Table 13, which represents a difficult, multi-label clinical situation where
diseases frequently occur together. In CNN architectures, DenseNet has better-balanced
performance when evaluated with ResNet-50 and MobileNetV3. However, the Swin trans-
former improves on both of those CNN architectures with respect to accuracy and macro-F1
score because it takes advantage of hierarchical context for more accurately representing
the relationship between diseases. The proposed framework routinely outperforms all
benchmarks for every evaluation metric—achieving the highest levels of accuracy, macro-F1
score, sensitivity, and specificity across the board. The significant increase in macro-F1 score
shows that the proposed framework provides a lower variance in recognizing each disease
category even with significant class imbalance, while the increased sensitivity demonstrates
that the proposed framework has greater capacity for accurately identifying co-occurring
disease conditions.

Table 13. Comparison with baseline methods on multi-disease screening using the REMiD dataset.

Method Reference  Accuracy (%) Macro-F1 (%)  Sensitivity (%)  Specificity (%)
ResNet-50 [41] 91.8+£05 74.6 £0.7 71.3+£0.8 952+04
MobileNetV3 [41] 89.7£0.6 71.9£0.8 69.5+£0.9 941+£05
DenseNet [41] 924+04 76.2£0.6 73.8+0.7 95.8+£0.3
Swin Transformer [42] 93.1+£05 78.4+£0.6 76.1£0.7 963 £04
Proposed framework - 95.2+0.6 82.7+0.5 80.9+0.7 974404

4.5. Ablation Study

Ablation analysis is used to quantify contributions from architectural and opera-
tional factors of the proposed method and the overall design decisions made in relation
to large-scale retinal screening. The results are obtained over the EyePACS and RFMiD
datasets and thus show consistent results for both single and multi-disease conditions.
The results of ablation experiments evaluating the effects of hierarchical context aggrega-
tion and positional embeddings for both EyePACS and RFMiD datasets are included in
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Table 14. Ablating hierarchical context aggregation produced the greatest negative impacts
on accuracy, macro-F1 score, and AUROC across all datasets, indicating that the ability
to model context across multiple spatial scales is essential for adequately representing
both local and global features of the retina. The ablation of positional embeddings also
produced consistent negative impacts on performance, suggesting that explicit representa-
tions of spatial information are critical to produce robust learned representations of retinas.
Additionally, performance on both datasets indicates that hierarchical and positional em-
beddings provide complementary information, indicating the need to include both for
maximum predictive performance in screening. The accompanying visual content provided
in Figures 3 and 4 support both of these conclusions through the visualization of degraded
attention localization and decreased overall screening robustness with the removal of each
architectural component.

Table 14. Ablation results for hierarchical context aggregation and positional embeddings.

Configuration Dataset  Accuracy (%) Macro-F1 (%) AUROC (%)
Full model EyePACS 89.4+0.7 749 +0.8 93.6 +0.5
w/o hierarchical aggregation =~ EyePACS 86.8+0.8 712409 90.9+0.6
w/o positional embeddings EyePACS 87.5+0.9 721+1.0 91.4+0.7
Full model REMiD 95.2+0.6 82.7+0.5 974404
w/o hierarchical aggregation =~ RFMiD 926 £0.7 789 +0.6 95.1+£05
w/o positional embeddings REMiD 93.3+0.8 79.8 £0.7 95.8+0.6
(a) No Positional Encoding (b) Fixed Sinusoidal Encoding (c) Learnable 2D Positional Embedding

Attention
Heading

Patch Tokens

Figure 3. Qualitative effect of positional encoding on attention patterns.

In Table 15, the impact of the choice of patch size on screening performance for the two
EyePACS and RFMiD datasets is analyzed with respect to their local detail preservation and
global context representation. That is, very small patches of 8 x 8 have the ability to capture
the fine detail of lesions but show a slight decrease in accuracy and macro-F1 score due to
increased sensitivity to other types of noise and a higher number of tokens. On the other
end of the spectrum, very large patches of 32 x 32 produced a drop in performance across
all metrics, indicating that critical spatial and pathological information was lost, thereby
producing a faulty screening process. Intermediate-sized patches of 16 x 16 produced the
most consistent performance across the two datasets and produced the highest accuracy,
macro-F1 score and AUROC, at the same time demonstrating generalizability in both
single-disease screening and multi-disease screening scenarios. Therefore, results in this
table substantiate that the patch size selected is a well-balanced choice between local
representation of lesions and global contextualized understanding of lesions, a sentiment
that is visually displayed in Figure 5.
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Figure 4. Ablation study summary illustrating performance degradation after removing hierarchical
aggregation or positional encoding, and improvements obtained with optimal patch configuration
and the full model.

Table 15. Ablation results for patch size selection on retinal screening datasets.

Patch Size Dataset Accuracy (%)  Macro-F1 (%) AUROC (%)
8 x8 EyePACS 88.1+0.9 734408 92.4+0.6
16 x 16 EyePACS 89.4+0.7 749 £0.8 93.6 0.5
32 x 32 EyePACS 86.9+1.0 71.6 £0.9 90.8 £0.7
8x8 REMiD 943+0.7 81.2+0.6 96.7£0.5
16 x 16 RFMiD 95.2+0.6 82.7+0.5 974+04
32 x 32 RFMiD 92.8 +0.9 79.4+0.8 95.6 +0.6
Fine deting b alayer of size areas Balanced spatial detail and context Larger context but coarse detail

(a) Small Patches (8 x 8) (b) Optimal Patches (16 x 16) (c) Large Patches (32 x 32)

Fine detail but limited context Balanced spatial detail and context Larger context but coarse detail
<+ Spatial detail vs Contextual loss —
Spatial Detail — > Contextual Loss

Figure 5. Patch size selection trade-off for retinal screening: smaller patches retain spatial detail,
whereas larger patches provide broader context with increased contextual loss.

The impact of transformer encoder depth on screening performance for the datasets
in EyePACS and RFMiD has been illustrated by an ablation study as depicted in Table 16.
Fewer layers have reduced accuracy, macro-F1 score and AUROC, thus indicating limited
capacity to capture either long-range dependencies or more global context of the retina.
Performance is improved substantially across both datasets when increasing depth to
12 layers, which allows for better hierarchical feature learning and context aggregation.
Performance benefits of any significant kind accrued during an increase in depth beyond
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12 layers are negligible, resulting in diminishing returns of representational benefit as a
result of increased computational complexity.

Table 16. Ablation results for transformer depth selection.

Transformer Layers Dataset  Accuracy (%) Macro-F1(%) AUROC (%)
8 layers EyePACS 87.9+0.8 72.8+0.9 921+0.6
12 layers EyePACS 89.4+£0.7 749+£0.8 93.6 0.5
16 layers EyePACS 89.6 0.9 751+09 93.7+0.6
8 layers RFMiD 93.8+0.7 80.6 £ 0.6 96.5+0.5
12 layers RFMiD 95.2+0.6 82.7+05 974404
16 layers RFMiD 95.34+0.8 82.8+0.7 975+0.5

The summary in Table 17 details the impact of selecting the embedding dimensions
used to screen patients across both EyePACS and RFEMiD datasets. When using lower
embedding dimensions, there was a notable decrease in the screening performance metrics,
thus indicating that lower dimensions were not sufficient for capturing complex patterns
found in retinal images. By increasing the embedding dimension to 768, there was a
significant increase in every screening performance metric on both datasets, indicating use
of a more expressive and discriminative feature space. Increasing the embedding dimension
to 1024 yielded statistical improvements; however, these results demonstrate diminishing
returns for the additional resource cost associated with the larger embedding dimension.

Table 17. Ablation results for embedding dimension selection.

Embedding Dimension = Dataset  Accuracy (%) Macro-F1(%) AUROC (%)

384 EyePACS 87.6 0.9 724+1.0 919+0.7
768 EyePACS 89.4+0.7 749 £0.8 93.6 +0.5
1024 EyePACS 89.5+£0.8 750+09 93.7£0.6
384 RFEMiD 93.7+£0.8 80.3£0.7 96.4£0.6
768 RFMiD 95.2+£0.6 82705 974+£04
1024 RFMiD 95.1+0.7 82.6 £ 0.6 97.3+0.5

4.6. Computational Efficiency and Scalability Analysis

Efficient computation is a key requirement of retinal screening systems used at the pop-
ulation level. These screening systems require the processing of large amounts of fundus
images within a short period of time, with a limited amount of hardware available to do so.
This section will evaluate three main aspects of retinal screening system efficiency: model
complexity, inference latency, and throughput. A comparison of model complexity in terms
of the number of parameters, number of floating-point operations (FLOPs), and the amount
of memory used is shown in Table 18 for a range of retinal screening system architectures.
Classical CNN models display opposing profiles of efficiency; for example, VGG-16 has
a very high number of parameters and a large memory footprint, while ResNet-50 and
InceptionV3 achieve more efficient designs by being deeper while providing comparable
or better predictive capabilities as compared to VGG-16. The vision transformer has a
much higher computational and memory requirement than both CNNss due to the require-
ment of using global self-attention, making it difficult to deploy the vision transformer in
resource-constrained retina screening environments. In contrast, the proposed hierarchical
transformer displays a well-balanced profile with respect to complexity, requiring far fewer
parameters and FLOPs than the vision transformer and providing a higher representational
capacity than the baseline compact CNNSs in this study.
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Table 18. Model complexity comparison across retinal screening datasets.

Method Parameters (M) FLOPs (G) Memory (GB)
VGG-16 138.4 15.5 2.1
ResNet-50 25.6 4.1 14
InceptionV3 239 5.7 1.6
Vision Transformer 86.0 17.6 2.3
Proposed 487 9.8 18
framework

The inference latency of different models running under single image screening con-
ditions, which is indicative of the slowest potential deployment scenarios in a clinical
pipeline, is shown in Table 19. The amount of latency seen for most of the CNN models was
primarily due to the compact structure of the ResNet-50 model, which had the least amount
of latency, whereas the larger VGG-16 and InceptionV3 models had longer inference times
due to their greater number of parameters and thus greater levels of computational com-
plexity. As expected, the vision transformer has the greatest amount of latency, as global
self-attention operations are very costly to process in terms of time. The proposed approach
has a good latency-performance trade-off; the proposed approach has a substantially faster
inference time compared to the vision transformer while, at the same time, having a com-
parable level of performance as compared to the most efficient CNN models. This level of
latency is sufficient for real-time screening of patients within a high-throughput clinical
workflow, which is supported by the throughput and efficiency comparison results shown
in Figures 6 and 7.

Table 19. Inference latency comparison under single-image screening conditions.

Method EyePACS (ms) RFMiD (ms) Average (ms)
VGG-16 412+1.3 389+1.2 40.1+1.3
ResNet-50 226409 21.84+0.8 222+09
InceptionV3 2694+1.0 254409 262+1.0
Vision Transformer 483 +1.5 46.7 £ 1.4 475 +1.5
Proposed 29.8+1.1 28.6+1.0 292+1.1
framework
(a) Inference Time (milliseconds) (b) Throughput vs Batch Size
35 1200 |
N e CNN
5 = | Hybrid
::3 30 4 T g Lo = Proposed
£ % 800
E 25 4 ol
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Figure 6. Computational efficiency comparison: (a) inference time and (b) throughput versus batch
size for cnn, hybrid, and the proposed approach.
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Figure 7. Comparison of inference efficiency across ResNet-18, EfficientNet-B0, and the proposed
hierarchical transformer in terms of throughput, latency, and parameter count.

The throughput comparison under batch inference conditions is demonstrated in
Table 20, which is representative of potential deployment scenarios such as large central-
ized screening servers and large-scale population screening programs. The ResNet-50 CNN
baseline demonstrates the highest throughput of all three CNN baselines because of struc-
tural efficiency in architecture. In contrast, VGG-16 and InceptionV3 demonstrate much
lower throughput due to the fact that they have a much higher demand for computation
and memory resources than ResNet-50. The vision transformer exhibits the lowest through-
put due to the inherent overhead associated with global self-attention when batching a large
number of items together; therefore, the proposed framework provides a consistently higher
throughput than the vision transformer while still achieving similar processing speeds for
all three efficient CNN models, demonstrating the proposed framework’s viability as a
well-balanced trade-off between computation efficiency and representational capacity.

Table 20. Throughput comparison under batch inference conditions.

Method EyePACS (img/s) RFMiD (img/s) Average (img/s)
VGG-16 245+38 268 +9 256 +9
ResNet-50 412 +12 438 +13 425+13
InceptionV3 371£11 392 +£12 382 +£12
Vision Transformer 198 £7 215+8 207 £ 8
Proposed framework 356 £ 10 381+11 369 £11

Table 21 presents the scalability analysis for different models applied to larger batches
of images and how each model performs under increasing workloads in terms of latency.
All architectures see an increase in their latency as the batch sizes increase; however,
the magnitude of the increase differs greatly by architecture. The VGG-16 architecture
has the highest growth in terms of latency and therefore is the least efficient at utilizing
computational resources when subjected to a greater amount of work. The ResNet-50
architecture demonstrates the best scalability as compared to other CNN architectures;
meanwhile, the InceptionV3 model experiences moderate to severe degradation when
subjected to an increased batch size.
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Table 21. Scalability analysis with increasing batch sizes.
Method Batch1 (ms) Batch 8 (ms) Batch16 (ms) Batch 32 (ms)
VGG-16 412413 786 £2.1 142.3 £3.5 2794 +6.2
ResNet-50 226 £09 41.8+14 769+22 149.6 + 3.8
InceptionV3 269+1.0 493+1.6 89.1£26 173.8 £4.5
Vision Transformer 483+15 927+24 171.5+£4.1 334.6 £7.3
Proposed framework  29.8+1.1 546 £1.8 98.2+£29 189.7 £4.9

4.7. Robustness to Image Quality Variations

The requirement for large-scale retinal screening is having robustness to image quality
degradation when capturing fundus images, as these images will always be captured under
less than optimal circumstances due to the differences in illumination, motion of the patient,
focus of the image and noise introduced from the sensor. The robustness analysis looks at
how the screening performance decreases when the image quality is changed systematically,
helping to understand the reliability of the model that was created when implementing it in
the real world. Table 22 shows the robustness to the changing of illumination in three ways:
(1) globally decreasing the brightness of the image, (2) globally increasing the brightness
of the image and (3) reducing the contrast of the image. It is likely that all of these types
of illumination change will occur in a population screening in the community. From the
performance of the models from both datasets, all of the models had degraded performance
when subjected to illumination changes; however, the degradation of performance was
very different across all the models. The majority of the drop in accuracy and AUROC
from the baseline was found to be from the ResNet-50, and therefore indicates that the
ResNet-50 was most sensitive to illumination changes. The vision transformer had more
robust performance because it utilized global contextual modeling for the entire image;
however, it still had performance degradation. The proposed framework maintained the
best performance for both accuracy and AUROC across both datasets with the least amount
of performance degradation when exposed to illumination perturbations.

Table 22. Robustness to illumination variations on retinal screening datasets.

Method Dataset  Accuracy (%) AUROC (%) Performance Drop (%)
ResNet-50 EyePACS 726+0.9 79.8+0.8 —57+0.6
Vision Transformer EyePACS 821+0.8 88.9+0.7 —-39+05
Proposed framework EyePACS 86.8 £0.7 92.4+0.6 —26+04
ResNet-50 RFMiD 88.9+0.8 93.7+0.6 —29+0.5
Vision Transformer RFMiD 90.6 +0.7 95.1+0.6 —254+04
Proposed framework ~ REMiD 93.7+0.6 96.8£0.5 -15+03

Table 23 reports robustness to blur and noise perturbations, reflecting common acqui-
sition artifacts such as defocus and low-quality imaging devices in real-world screening.
Under increasing blur and noise levels, ResNet-50 exhibits the largest degradation across
accuracy, macro-F1 score, and AUROC, indicating reduced resilience to the loss of fine-
grained retinal details. The vision transformer demonstrates improved robustness through
global context modeling but still shows moderate performance decline as perturbation
strength increases. The proposed framework consistently achieves the highest accuracy,
macro-F1 score, and AUROC on both EyePACS and REMiD, while also attaining the highest
stability index, indicating more consistent predictions across degradation levels. These
results confirm that the proposed framework preserves discriminative representations
and stable attention behavior under blur and noise perturbations, as further illustrated in
Figure 8.
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Table 23. Robustness to blur and noise perturbations on retinal screening datasets.
Method Dataset  Accuracy (%) Macro-F1 (%) AUROC (%) Stability Index (%)
ResNet-50 EyePACS 708 £1.0 609+ 1.1 784+£09 823+12
Vision Transformer EyePACS 81.5+09 69.8+1.0 88.1+£0.8 87.6+1.0
Proposed framework EyePACS 85.9+£0.8 73.6 0.9 921+£0.7 90.8+0.9
ResNet-50 RFMiD 89.2+£09 754+1.0 93.9+0.8 887+1.1
Vision Transformer REMiD 90.8 +0.8 77.6+£09 95.0+0.7 90.1+1.0
Proposed framework ~ REMiD 94.1£0.7 81.9+0.8 96.7 £ 0.6 93.4+£08
Clean Illumination Shift Blur Noise
High
Original
Image
Degraded
Image
Degraded Image
Attention
Heatmap
Overlay
Low

Clean lllumination Shift Blur Noise

Figure 8. Robustness to image quality degradations, showing original images, degraded variants
(illumination shift, blur, noise), and corresponding attention heatmap overlays.

4.8. Cross-Dataset Generalization

Cross-dataset generalization results, illustrated in Figure 9, evaluate the robustness
of the proposed framework under domain shift conditions arising from differences in
population characteristics, imaging devices, acquisition protocols, and disease distributions
between EyePACS and RFMiD. When models are trained on one dataset and directly
evaluated on the other without any fine-tuning, a performance drop is observed across
all methods, reflecting the inherent difficulty of cross-domain retinal screening. How-
ever, the proposed framework demonstrates consistently higher AUROC in both transfer
directions, indicating stronger generalization capability compared with baseline architec-
tures. This improved robustness suggests that the hierarchical transformer effectively
learns domain-invariant representations by integrating global retinal structure with local
pathological cues.

Table 24 reports cross-dataset generalization performance when models trained on
EyePACS are directly evaluated on REMiD under a binary abnormal-versus-normal screen-
ing setting. Conventional CNN baselines exhibit limited transferability, with noticeable
degradation in accuracy, macro-F1 score, sensitivity, and AUROC, indicating difficulty in
generalizing representations learned from single-disease diabetic retinopathy data to a
heterogeneous multi-disease environment. InceptionV3 and ResNet-50 show moderate
improvements over VGG-16, while the vision transformer benefits from global contextual
modeling and achieves stronger cross-domain performance. The proposed framework
consistently outperforms all baselines across every metric, achieving the highest accuracy,
macro-F1 score, sensitivity, and AUROC.
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Figure 9. Cross-dataset generalization matrix showing AUROC across train—test dataset pairs for
evaluating domain shift robustness.

Table 24. Cross-dataset generalization from EyePACS to REMiD.

Method Accuracy (%) Macro-F1 (%) Sensitivity (%) AUROC (%)
VGG-16 68.7 1.1 542+1.3 596+ 1.4 72.8+1.0
ResNet-50 73.9+£1.0 59.8 £1.2 64.1+£1.3 77.6 0.9
InceptionV3 754 +0.9 61.5+1.1 66.8 1.2 79.2 +0.8
Vision Transformer 79.8 £0.8 66.9 1.0 71.3+1.1 84.5+0.7
Proposed framework 83.6 £0.7 71.8 £0.9 769 +1.0 88.9 1+ 0.6

Table 25 reports cross-dataset generalization results when models trained on the
REMiD dataset under a multi-disease screening setting are directly evaluated on EyePACS
for binary diabetic retinopathy detection. The described transfer scenario poses major chal-
lenges from differences in training to testing, as well as differences in occurrence rates and
granularity of annotations for the two study populations being examined. When compared
to CNN-based baseline approaches, there is limited generalization across populations and
substantial decreases in accuracy and AUROC. Vision transformer does provide a greater
degree of cross-domain performance through its use of global contextual representations
but is still sensitive to the effects of domain shift. The proposed method will perform
substantially better than gallery models according to all metrics.

Table 25. Cross-dataset generalization from RFMiD to EyePACS.

Method Accuracy (%) Sensitivity (%) Specificity (%) AUROC (%)
VGG-16 701+1.2 66.4+1.3 728+1.1 746 +1.0
ResNet-50 75.8+1.0 729+11 77.6+1.0 80.9+0.9
InceptionV3 77.3+09 748 +1.0 791+09 82.6+0.8
Vision Transformer 81.6 0.8 792+£09 83.1£0.8 87.8£0.7
Proposed framework 852+0.7 83.6 0.8 86.7 0.7 91.4+0.6

Table 26 illustrates the retention of performance between datasets through cross-
dataset assessment, which relates to the robustness of a model subjected to variations in
domain when deployed outside of its training distribution. Convolutional neural networks
will see more significant performance loss in their out-of-domain ability to classify instances
when moved from one dataset to another. The InceptionV3 model demonstrated some
improvement over the baselines; however, the vision transformer model exceeded both
with better retention because of an increased ability to model global context. The proposed
framework also resulted in the highest retention regarding both REMiD and EyePACS,
giving the highest average retention across all four transfer directions.
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Table 26. Relative performance retention under cross-dataset evaluation.
Method Retention on RFMiD (%)  Retention on EyePACS (%)  Average Retention (%)
VGG-16 862+ 14 84.7+13 855+14
ResNet-50 88.6 £1.2 87.1+1.1 87.9+£1.2
InceptionV3 89.4+1.1 882+1.0 88.8£1.1
Vision Transformer 928 £1.0 91.5+0.9 922+1.0
Proposed framework 95.6 £0.9 94.1£0.38 949 +0.9

4.9. Qualitative Analysis and Attention Visualization

Qualitative analysis is conducted to assess whether the proposed transformer frame-
work attends to clinically meaningful retinal regions and produces interpretable screening
decisions. The analysis focuses on attention consistency, alignment with known patho-
logical structures, and agreement with clinical expectations across both EyePACS and
RFEMiD datasets. Attention maps are generated from the final transformer layers and
aggregated across heads to reflect dominant spatial focus during inference. Observations
are summarized quantitatively to complement visual inspection and to support clinical
interpretability claims. Figure 10 provides qualitative evidence across diabetic retinopathy,
glaucoma, and age-related macular degeneration, showing that the proposed model focuses
on clinically relevant regions across severity levels. Additional qualitative examples are
shown in Figure 11, reinforcing consistent attention concentration on disease-indicative
retinal structures.

Mild Moderate Severe Severe
Diabetic Retiopathy Glaucoma

CNN CNN Conc Severe High
Diabetic
Retinpathy

CNN Transformer-CT CNN
Transformer-
CT
AMD

Glaucoma

Low

A— ey
Low Spatial detail vs Contextual Loss Contextual Loss

Figure 10. Qualitative attention overlays across multiple diseases and severity levels, comparing
region focus patterns for representative cases in diabetic retinopathy, glaucoma, and age-related
macular degeneration.

Table 27 presents a qualitative assessment of attention alignment with clinically rele-
vant retinal regions across EyePACS and REMiD. The ResNet-50 baseline exhibits limited at-
tention localization, with a substantial proportion of diffuse attention and misaligned focus,
indicating weaker correspondence with diagnostically meaningful structures. The vision
transformer improves attention concentration on relevant regions, reflecting the benefit
of global self-attention, but still shows non-negligible diffusion across irrelevant areas.
The proposed framework achieves the highest relevant region coverage on both datasets,
while substantially reducing diffuse attention and misaligned focus.
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Figure 11. Additional qualitative attention overlays on representative cases, further illustrating
consistent localization of disease-relevant retinal patterns across disorders.

Table 27. Attention alignment with clinically relevant retinal regions.

Method Dataset  Relevant Region Coverage (%) Diffuse Attention (%) Misaligned Focus (%)
ResNet-50 EyePACS 61.4+21 28.7£19 99+12
Vision Transformer EyePACS 726+18 214+1.6 6.0+0.9
Proposed framework EyePACS 839+15 132+13 29+0.6
ResNet-50 RFMiD 64.8+2.0 25.6+1.8 9.6£1.1
Vision Transformer RFMiD 75.1+£17 198 £15 51408
Proposed framework ~ RFMiD 864+14 109412 2.7£05

Table 28 assesses the interpretability of models by evaluating the stability of attention
patterns between the multiple runs. Additionally, the attention patterns of the models
were compared to clinical classifications provided by physicians for both the EyePACS
and RFMiD datasets. The ResNet-50 baseline model had a significant amount of unstable
attention distribution that was not consistent with clinical classifications, indicating that
less reliable reasoning was occurring. The vision transformer demonstrated greater stability
than the ResNet-50 baseline by using global self-attention, but there was still variability
between independent evaluations for this model as well. The proposed framework con-
sistently showed the highest levels of stability as well as agreement with clinical ratings
across both datasets while consistently lowering the number of ambiguous regions of the
attention maps.

Table 28. Attention stability and clinical agreement across repeated evaluations.

Method Dataset  Attention Stability (%) Clinical Agreement (%) Ambiguous Focus (%)
ResNet-50 EyePACS 683122 63.7+2.0 17.6 £ 1.5
Vision Transformer EyePACS 779 £19 724+18 9.7+1.1
Proposed framework EyePACS 88.6+1.6 841+15 43+0.7
ResNet-50 RFMiD 701+21 65.8+1.9 162+ 1.4
Vision Transformer REMiD 794+£18 749 £17 9.0+1.0
Proposed framework ~ REMiD 902+15 86.7+14 31+06

The case-level qualitative analysis between disease severity levels and multi-disease
screening approaches shown in Table 29 provides evidence of how the model’s attention
behavior aligns with clinically relevant evidence. When viewing normal retinal images,
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the model has shown a great degree of concentrated attention and a very high degree of
reliability in its predictions, which is indicative of successful suppression of misleading
regions. With increasing severity of diabetic retinopathy from mild to severe as determined
by EyePACS, the attention of the model becomes increasingly directed toward the patholog-
ical types of regions that are present, while still maintaining high rates of correct prediction
as well as reviewer confidence. When evaluating the REMiD dataset, the model maintains
consistent, high performance regardless of disease type, exhibiting robust performance
for both single-disease and multi-disease cases by successfully attending to all co-existing
pathological cues without excessive dispersion of attention.

Table 29. Case-level qualitative summary across disease severity and screening scenarios.

Case Type Dataset  Correct Prediction Rate (%) Focused Attention (%) Reviewer Confidence (%)
Normal retina  EyePACS 96.8+0.9 912+1.1 92.6+1.0
Mild DR EyePACS 893+14 85.7+1.6 871+£15
Severe DR EyePACS 93.6 1.1 89.8+1.3 914+12
Single disease =~ RFMiD 924+1.2 88.1+14 89.7+1.3
Multi-disease REMiD 90.7£13 86.5+1.5 882+14

Figure 12 summarizes the qualitative results that support the framework’s inter-
pretability and clinical utility. The attention maps indicate that the model produced con-
sistently have diagnostically significant areas of the retina, such as the optic disc, macula
and areas of retinal vascular lesion—all of which are used for the diagnosis of diabetic
retinopathy, glaucoma and age-related macular degeneration (AMD). The fact that the
areas of attention from the model are consistent with areas that clinicians use for diagnosis,
in addition to being consistent across repeated evaluations, suggests that the model is using
coherent and meaningful visual evidence as opposed to spurious cues.

Original Fundus Image  Attention Heatmap

5 % —Optic Disc = 5
Diabetic / 2 Daabetic

\ _ . —Macy :
Retinopathy i\&\—f @ E Diabetic Retinopathy

&,

N :
Vascular Lesions
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Figure 12. Qualitative attention visualization for correct predictions, showing original fundus
images, attention heatmaps, and predicted labels for diabetic retinopathy, glaucoma, and age-related
macular degeneration.

4.10. Clinical Interpretation and Practical Screening Utility

The proposed framework shows characteristics that fit with the way that ophthalmic
care is provided in a high-volume population setting from a clinical screening standpoint.
The consistently high-sensitivity values for both EyePACS and RFMiD experiments show
that the model demonstrates a strong ability to minimize the number of misdiagnosed
pathological cases; this is the most critical requirement for diabetic retinopathy screen-
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ing programs with a large volume of patients. Simultaneously, the maintained level of
specificity indicates that the model can reduce the number of unnecessary referrals and
ultimately provide for a more efficient way to triage patients. Additionally, the analysis
based on the severity of the disease provides evidence that high relative reliability exists
for the detection of the disease at the most advanced stages, while providing sufficient
evidence to support the detection of the disease for earlier-stage cases, even though early-
stage cases of the disease are considered to be more difficult to diagnose and remain in
an acceptable range of clinical performance. These trends are supported by previously
understood patterns related to the diagnostic difficulty associated with screening for retinal
disease, therefore providing evidence that the proposed framework is of practical relevance.
While a decision curve analysis was not completed as part of this study, the reported
trade-offs in the sensitivity of the framework and the associated area under the receiver op-
erator curve values provide clinical-based evidence for the potential utility of the proposed
framework for screening. Future work will focus on validating the proposed framework
and completing decision curve analyses to determine the net clinical benefit for patients.

4.11. Modeling Scope, Limitations, and Emerging Directions

To place this research in the overall context of medical Al it is essential to recognize
the limitations of the proposed hierarchical transformer with respect to model construction
and evaluation. To begin with, the current work is performed on a supervised basis
using task-specific datasets, as opposed to the many millions of image data that have
been used to develop a few recent foundational retinal models through unsupervised
training methods. Comparison of the results achieved in evaluating the performance of
the current hierarchical transformer model with traditional baseline models confirms that
there is significant variability in performance between conventional baseline models and
the current hierarchical transformer model; however, neither of these two evaluations
supports the conclusion that the hierarchical transformer model has been developed to the
foundation-level scale and task-generalized performance parameters.

Next, the current hierarchical transformer architecture is based on a single mode of
diagnostic imaging, specifically, color fundus photography diagnostic images; however,
new developments in the integration of multiple modes of diagnostics, specifically by inte-
grating imaging with clinical genomics and histopathology, as well as longitudinal records
of patient progress, and/or clinical metadata, have demonstrated that they can provide
more accurate prognostic models; they have also demonstrated that multimodal models
developed in this manner have superior cross-modal reasoning capabilities compared to
conventional models. Thus, the development of research examining the use of hierarchical
aggregation of diagnostic images with multiple modes (multimodal) will be a significant
area for future research.

Lastly, the current model evaluates and develops screening endpoints based on clas-
sification or diagnostic accuracy. This research does not provide for the development of
screening models that evaluate performance at later time intervals, such as disease pro-
gression, risk stratification, responsiveness to treatment, and survival. However, the devel-
opment of diagnostic models that incorporate both temporal elements and /or prognostic
models may increase the real-world clinical use of these types of models. The current
model has been evaluated and validated through the use of a unique and reproducible
benchmarking standard; however, to implement these models in large-scale screening
programs will require that multi-center clinical validation studies be conducted prior to
widespread implementation.
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4.12. Discussion

The results from this project consistently indicate a significant performance improve-
ment of the proposed transformer-based model over existing convolutional models and
both convolutional and transformer-based approaches in large population-based retinal
screening benchmarks. In terms of numerical evaluations obtained from both the EyePACS
and RFMiD datasets, the proposed model shows improvements in accuracy, sensitivity,
specificity, and AUROC, providing evidence of improved discrimination of retinal diseases
for both single- and multi-disease screening scenarios. Results from robustness analyses
further substantiate the proposed model’s performance, as it demonstrates consistently less
degradation in performance with changes in illumination quality, presence of blurriness,
or presence of noise when compared to current techniques, suggesting greater reliability
during real-world acquisition conditions.

A strength of the proposed framework is its ability to perform joint modeling of
local pathological cues and global anatomical context via hierarchical context aggregation.
The results from ablation studies confirm that removing either hierarchical aggregation
or positional embeddings from the proposed model produces substantial decreases in
screening performance and highlights the critical role that structured global reasoning plays
in the analysis of retinal images. In contrast to traditional convolutional-based models,
which rely solely on local receptive fields for discriminating between various types of
pathology, the proposed design provides the capability to model long-range dependencies,
which is especially beneficial when trying to identify diffuse or spatially distributed retinal
pathologies. In addition to providing comparable computational efficiency to traditional
transformer architectures, the hierarchical modeling strategy employed within the proposed
framework improves both accuracy and robustness of performance.

Results from the multi-disease screening demonstrate how well the multi-disease/screening
framework can handle both disease co-occurrence and class imbalance, both of which are
challenges associated with large-scale screening programs. Improvements in both macro-F1
score and per-disease sensitivity indicate that our model does not disproportionately favor
dominant disease categories and therefore encourages equitable screening for a wider
variety of ophthalmic disease conditions. Results of the cross-dataset generalization experi-
ments support this conclusion; using learned representations to begin potential deployment
in datasets with different acquisition settings and from diverse populations retains a greater
percentage of in-domain performance than random assignment. This is especially impor-
tant for real-world implementation of the model, as retraining or fine-tuning for every new
dataset may not be feasible.

In addition, qualitative analyses and visualization of the model’s attention provide
further context regarding its performance and its interpretability. Attention maps consis-
tently align with retinal regions that are clinically significant, such as lesion clusters and
anatomical structures of importance. As a result, this suggests that predictions are based on
meaningful visual evidence, rather than random correlations. Improved stability of atten-
tion maps and greater scores for clinical agreement indicate that patterns of reasoning are
becoming more consistent, and therefore necessary for developing trust between clinicians
and stakeholders in clinical use. These characteristics of interpretability differentiate the
proposed framework from baseline models and create additional appeal for use in clinical
screening pipelines. Accurate probabilities in the screening application provide reliable
clinical decision support. The overall goal of this study is the performance of discrimination;
however, the prediction head using a sigmoid function gives probabilistic results, which
can then be post-calibrated with standard techniques. A rough look at the reliability of the
validation has shown no major issues with probability calibration; additional analysis of
the comprehensive calibration will be performed in future prospective studies.
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The proposed hierarchical transformer offers strong predictive accuracy for screening
as well as computational efficiency; however, there are a number of practical barriers that
will have to be addressed before this model could be used in clinical settings on a real-
time basis. One barrier to implementation is still related to inference latency and memory
requirements—these are particularly relevant in high-throughput screening settings like
edge or resource-constrained clinical environments. Although the lightweight prediction
head helps reduce computational overhead, additional optimization techniques will likely
be needed before potential deployment can be done in real time. In addition, variations in
imaging devices and protocols, as well as variations in the populations from which images
are taken, may create domain shifts that could potentially reduce the reliability of models
for routine usage in practice.

In order to enhance the robustness of the proposed training strategy, data augmenta-
tion and cross-dataset evaluation techniques have been implemented; however, additional
prospective multi-center validation would support further evidence of clinical readiness.
Also, seamless integration with other clinical workflows will need to occur to facilitate
practical adoption. Finally, regulatory approvals, explainability requirements, and clinician
trust will continue to be major barriers to implementation in the context of population-
based screening programs. Therefore, ultimately addressing these issues is going to be an
important focus of future efforts to help bring fully real-time clinically deployable retinal
screening systems to fruition.

One key factor regarding large-scale rollout is how stable the proposed framework will
be when applied to early-stage disease manifestation, rare diseases, and underrepresented
patient groups. The empirical per-severity analysis of the EyePACS project illustrated that
while the technology continues to have high reliability with the advanced stages of disease,
it does experience a predictable performance decline for early and minor diabetic retinopa-
thy; these are difficult to detect clinically. The use of F1 scores averaged over multiple
classes and using class-balanced evaluation during the quasi-experimental RFMiD studies,
and using multi-label training has likely reduced bias against the majority classes and
produced consistent relative measures of performance across the various classes evaluated.

An architectural perspective based on using hierarchical context aggregation should
lead to increased sensitivity towards small localized lesions while preserving the overall
structure of the retina, thus contributing towards robustness in the evaluation of heteroge-
neous groups of patients. The use of stochastic data generation and generating validation
sets by evaluating across datasets can improve the ability of the models to generalize across
changes in the distribution of patients; in particular, extremely rare pathologies and very
underrepresented patient populations continue to be difficult to evaluate due to a lack of
sufficient sample support. Future efforts will focus on incorporating larger multi-center
cohorts, developing adaptive re-weighting strategies, and employing continual learning
approaches to strengthen the stability of low-prevalence clinical scenarios even more.

The interpretation of these systems is a crucial component for deep learning systems to
be used clinically in ophthalmology and to be accepted into clinical practice. An innovative
hierarchical attention transformer is presented with an initial focus on accuracy and scalabil-
ity for screening. Furthermore, the attention architecture, when used as an inherent part of
the predictive model, provides the ability to deliver some level of transparency to clinicians
by spatially identifying the features of the retinal fundus that contributed to a model’s
prediction of a patient’s disease. Additionally, due to its hierarchical attention formulation,
the attention transformer will enable multi-scale contextual reasoning that could provide
improved clinically relevant visual explanation in the future. The model’s next step will
require further advancement in the creation of explainability models to support the growth
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of clinician trust and regulatory readiness of the proposed model, with attention rollout,
attribution mapping, and explanation by concept-based attribution as examples.

Furthermore, new advances related to foundation models and multimodal learning
will dramatically reshape the way in which medical images are analyzed. Large-scale
vision transformers, or vision-language models, have been pre-trained on many millions of
images and demonstrate excellent transferability across various types of medical images;
therefore, this proposed framework can derive benefit from these learned characteristics.
Additionally, the proposed framework will benefit from using large-scale self-supervised
pre-training and multimodal combining of complementary data, such as clinical metadata,
spectral domain optical coherence tomography images, and electronic health records
data. Continued exploration in these different areas will enhance the overall efficacy,
generalizability, and clinical value of future large-scale retinal screening.

Although there are strengths associated with this evaluation, there are still a number of
limitations. More specifically, while the evaluation used two public datasets, each of which
represented a different screening type, expanded validation of the approach with additional
populations and imaging devices would enhance claims about general applicability to all
screening conditions. Also, while transformer-based models have competitive computa-
tional performance, they are still less efficient than lightweight CNNs and so are less likely
to be able to run in very highly resource-constrained environments. The current study has
another limitation: the evaluation was based on publicly available retinal datasets, rather
than an independent prospective clinical cohort. Despite the considerable variability in
imaging condition between EyePACS and REMiD, which are used extensively, the addition
of validation on clinical data acquired at multiple sites would increase confidence in the
use of this technology in a real-world setting. Future research will assess external clinical
validation over a variety of cameras and patient demographics to provide a more complete
assessment of generalization across everyday screening situations.

Al-based retinal screening technologies need to carefully evaluate ethical and privacy
implications. In this study, publicly available de-identified datasets were used, so there is a
minimum of risk to direct patient privacy from using these data. However, the deployment
of automated retinal screening technologies in the real world requires strict data protection
requirements, secure handling of medical images and transparent governance of their Al
application. In addition, continuous monitoring of the potential for algorithmic bias will be
necessary, as some demographic or disease sub-groups may be underrepresented in clinical
practice. Lastly, the Al’s role is to support and enhance clinically based decisions, and there
must be appropriate human oversight of the Al created by the model. These ethical and
regulatory principles must be addressed prior to the large-scale application of Al retinal
screening technologies.

5. Conclusions

This research aims to create an automated system for whole populations using a
transformer-based model that meets the needs of accuracy, robustness, interpretability,
and scalability in real-world ophthalmic screening programs. The proposed model utilizes
patch-based tokenization and hierarchical context aggregation to learn both detailed patho-
logical features and overall anatomical layout; the result is a method that supports reliable
screening across a single disease and multiple diseases from the same images. The research
team has demonstrated improved performance compared to previous convolutional and
transformer-based models by evaluating their model against large population-based retinal
testing datasets, which confirm the benefit of structured global reasoning to retinal image
analysis. The evaluation of the framework demonstrates successful outcomes through its
performance and shows that the model exhibits consistent strong screening outcomes when
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assessed using the following clinically relevant criteria: sensitivity, specificity, macro-F1,
and AUROC. Evaluation of the robustness of the model indicates that the model is generally
able to maintain its performance levels despite common imaging imperfections found in
population-level screening programs, specifically changes in light, blur, or noise. Further-
more, through the cross-dataset generalization test, the model performed better than other
methods on all populations, thus indicating an increase in resiliency to domain variance
and the feasibility of implementing the proposed model beyond where the model is trained
and tested. In addition, qualitative and attention visualization demonstrated that the model
consistently focused on clinically relevant areas of the eye, indicating that this model can
be trusted by practitioners and therefore could be included in healthcare systems. At the
same time, computational efficiency and scalability analyses confirm that the proposed
framework maintains competitive inference latency and throughput, making it suitable
for potential large-scale deployment. Although EyePACS and RFMiD represent differ-
ent screening scenarios, the unified preprocessing pipeline, consistent training protocol,
and multi-disease evaluation provide an implicit assessment of cross-domain robustness.
The observed performance stability across these heterogeneous datasets indicates that the
proposed framework generalizes reasonably well under dataset shift.

The proposed framework is shown to work well in a controlled research environment,
but this research does not include the full clinical workflow evaluation that would typ-
ically be performed as part of the validation of a new diagnostic evaluation. Important
deployment activities such as prospective triage simulation, referral burden analysis, deci-
sion curve analysis, and detailed false-negative risk modeling were not considered in this
research. As a result, the results presented here should be evaluated as evidence of the
technology’s feasibility and the potential for screening, but not necessarily its immediate
readiness for population-based clinical use. Future studies involving multi-center prospec-
tive validation and workflow-level evaluation will be essential to fully establish real-world
clinical utility. Future work will explore extending the framework to additional ophthalmic
imaging modalities, incorporating semi-supervised or weakly supervised learning to re-
duce annotation burden, and further optimizing the model for potential deployment in
resource-constrained screening settings. Future work will also include explicit train—test
cross-dataset transfer experiments to further quantify domain generalization. Future work
will also explore adaptive threshold selection tailored to specific potential deployment
scenarios. Future research will also examine the integration of the proposed hierarchical
transformer model with foundation-level pretraining strategies, semi-supervised adapta-
tion approaches, domain generalization techniques, and multimodal clinical pathways.
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