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Abstract

Background and Objectives: Retinal optical coherence tomography (OCT) classification re-
quires recognition of subtle lesions within their anatomical surroundings, yet expanding
contextual coverage can obscure local structural information. MCG-Net integrates local
morphology and multiscale context within a gated convolutional hierarchy. Methods: A
retained depthwise local pathway is augmented by two compressed separable context
branches with bounded channel-wise residual scales. This study distinguishes choroidal
neovascularization, diabetic macular edema, drusen, and normal retina. OCT-C8 provides
development images; independent CAVRI-H5 and OCTDL datasets provide 384 external
observations. Both external datasets remain excluded from parameter fitting, development
validation, and checkpoint selection, but their ablation results inform selection of the Full
11/23 architecture. Paired comparisons, source-specific assessment, and visual error analy-
sis characterize this external model comparison. Results: MCG-Net achieved 92.01 ± 0.60%
accuracy, 91.99 ± 0.61% macro-F1, and 89.47 ± 0.80% Matthews correlation coefficient.
Combined context improved macro-F1 over the local baseline by 2.18 percentage points,
with a paired 98% interval of 0.50–4.04 and adjusted p = 0.019. Exploratory comparisons
identified differences against six alternatives, while advantages over the strongest compara-
tors remained uncertain. Source-specific accuracy was 90.86% on CAVRI-H5 and 95.49%
on OCTDL; drusen remained the most difficult category. The model contains 26.82 mil-
lion parameters and has 4.28 ms median inference latency on an RTX 5090. Conclusions:
Compressed residual context strengthens gated convolutional OCT classification without
replacing local processing. Reuse of the external cohort for architecture selection limits
confirmatory interpretation. Untouched external validation, complete-development patient
metadata, and representative clinical sampling are needed before clinical use.

Medicina 2026, 62, 2122 https://doi.org/10.3390/medicina62112122

https://crossmark.crossref.org/dialog?doi=10.3390/medicina62112122&domain=pdf&date_stamp=2026-10-30
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/medicina
https://www.mdpi.com
https://orcid.org/0000-0001-9368-9764
https://orcid.org/0000-0002-4322-0287
https://orcid.org/0000-0001-9925-0402
https://orcid.org/0000-0003-4459-0455
https://orcid.org/0000-0003-4364-9144
https://orcid.org/0000-0002-4135-2091
https://orcid.org/0000-0001-6670-2169
https://doi.org/10.3390/medicina62112122


Medicina 2026, 62, 2122 2 of 33

Keywords: artificial intelligence; deep learning; optical coherence tomography; retinal
disease classification; medical diagnosis; explainable artificial intelligence; computer-
assisted diagnosis

1. Introduction
Optical coherence tomography (OCT) provides noninvasive cross-sectional visualiza-

tion of retinal microstructure [1]. Its depiction of the neurosensory retina, retinal pigment
epithelium (RPE), and adjacent tissue supports the assessment and management of macular
disease [2]. High-resolution retinal sections reveal fluid compartments, layer deforma-
tion, and focal tissue changes that are difficult to characterize from en face appearance
alone [3]. Interpretation requires relating local abnormalities to their anatomical position
and surrounding retinal architecture [4].

The present task distinguishes choroidal neovascularization (CNV), diabetic macular
edema (DME), drusen, and normal retinal appearance [5,6]. Intraretinal cysts, retinal
thickening, and fluid distribution are characteristic OCT findings used to assess DME [7,8].
Drusen appear as focal elevations of the RPE and may require differentiation from shallow
structural changes in otherwise normal scans [9,10]. CNV and drusen can occur within the
clinical spectrum of age-related macular degeneration (AMD), so repository-defined image
categories should not be treated as mutually exclusive clinical diagnoses [11].

Deep learning learns image representations directly from data and has supported
OCT disease classification and referral assessment. These developments connect local
lesion recognition with broader advances in medical image analysis [12–14]. Beyond oph-
thalmology, recent studies have examined adaptive saliency networks and explainable
vision Transformers for brain MRI classification, together with boundary-aware brain
tumor segmentation. Related work on colonoscopy polyp detection, breast ultrasound
classification, and scale- and boundary-aware multi-finding detection in panoramic dental
radiographs further demonstrates the applicability of deep learning across medical imaging
modalities [15–20]. Such successes motivate anatomically appropriate OCT representations
rather than direct assumptions that an architecture transfers unchanged between modali-
ties. Convolutional feature extraction remains relevant because it preserves useful local
inductive biases for boundaries, fluid compartments, and texture [21].

The principal architectural difficulty is to broaden contextual coverage while retaining
access to subtle local abnormalities. Transformer, hybrid, and self-supervised OCT mod-
els address this difficulty through different mechanisms and training resources [22–26].
Gated convolution offers an alternative spatial hierarchy in which a wider context can be
introduced through residual convolutional paths. Its value must be assessed together with
patient metadata, source composition, matched optimization, and paired external errors
rather than inferred from an internal accuracy ranking [27–30].

MCG-Net addresses this representation problem by coupling a retained local depth-
wise pathway with two compressed context branches within a single gated hierarchy.
Bounded channel-wise residual scales control the additional spatial responses before fea-
ture gating. CAVRI-H5 and OCTDL provide data from separate subjects and acquisition
sources for external model comparison; their ablation results also informed selection of the
contextual configuration. The principal contributions are as follows:

• MCG-Net integrates local 7 × 7 depthwise (DW7) processing with compressed separa-
ble context branches of sizes 11 and 23, extending spatial coverage within one gated
feature hierarchy without introducing a second feature-extraction backbone.

https://doi.org/10.3390/medicina62112122

https://doi.org/10.3390/medicina62112122


Medicina 2026, 62, 2122 3 of 33

• Bounded channel-wise residual scaling regulates each context branch before feature
gating and provides explicit control over multiscale spatial adaptation.

• A matched A1/A2/A3/Full experiment isolates individual and combined context
contributions while keeping shared initialization, gating, stage transitions, and the
classification head consistent.

• Subject-level external model comparison on CAVRI-H5 and OCTDL evaluates mod-
els fitted on OCT-C8, with one selected B-scan per subject, explicit source-by-class
accounting, and disclosure of external-data-informed architecture selection.

• Run-aware paired comparisons link repeated training runs to class-specific and
source-specific errors, prevalence-sensitive predictive values, and measured inference
costs, yielding an assessment that accounts for sampling dependence and external
source composition.

The remainder of this paper is organized as follows. Section 2 reviews related OCT
classification approaches. Section 3 describes the datasets, curation, external cohort, MCG-
Net architecture, training protocol, and statistical analysis. Section 4 reports the external
comparison, ablation, kernel, computational, prevalence, and visual analyses. Section 5
discusses the findings and limitations, and Section 6 presents the conclusions.

2. Related Work
Retinal OCT classification has developed along several overlapping lines: morphology-

sensitive convolution, attention-based contextual modeling, hybrid feature extraction,
and transferable representation learning [31]. Recent work also examines class imbal-
ance, prediction reliability, and acquisition-source variation. Local morphology, spatial
context, and acquisition-source variation jointly influence representation design and exter-
nal evaluation.

2.1. CNN-Based and Morphology-Sensitive OCT Classification

Early OCT classification studies used retinal texture and geometry to distinguish
disease categories. Srinivasan et al. investigated multiscale descriptors for DME and dry
AMD, and Kermany et al. demonstrated large-scale image-based deep learning for retinal
disease classification [5,32]. Convolutional neural networks (CNNs) provide a natural
representation for fluid compartments, retinal boundaries, and RPE deformation because
they reuse local filters across the image. General-purpose backbones such as EfficientNetV2
improve the efficiency of feature extraction through network scaling and training-aware
design, although their original evaluations do not establish performance on the present
OCT task [21].

OCT-specific methods adapt this processing to image noise and lesion morphology.
Karthik and Mahadevappa combined an OCT-oriented input representation with adaptive
convolution [33]. Pan et al. integrated lightweight local processing, global encoding,
and channel attention [34]. These approaches illustrate how computational constraints
influence the representation of subtle structural findings. Rahmani and Ghatee pursued a
different efficiency objective through early-exit inference, allowing computation to depend
on the difficulty of an individual image [35]. A fixed-path classifier and an early-exit system
consequently require different interpretations of average inference cost.

Vijayan et al. added spatial-adaptive multiscale processing to ConvNeXt-Tiny and
evaluated predictive calibration and robustness to image perturbations [36]. Leyba-Mesa
and Barkana addressed class imbalance using an auxiliary classifier on intermediate fea-
tures jointly optimized with inverse-frequency weighting [37]. The former emphasizes
representation scale and reliability, while the latter examines minority-class learning. To-
gether, they show why aggregate accuracy should be complemented by class-specific errors
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and a description of the conditions under which predictions are evaluated. MCG-Net
examines a distinct architectural variable: the effect of adding two compressed context
scales to a retained local gated-convolutional backbone.

2.2. Transformers and Self-Supervised OCT Representation Learning

Vision Transformers model relationships among image tokens through self-attention,
while Swin Transformer organizes attention within shifted windows and a hierarchical
representation [22,23]. For OCT, contextual modeling is relevant when a focal abnormality
must be interpreted relative to the foveal contour, layer continuity, or wider RPE configura-
tion. Shen et al. introduced a structure-oriented Transformer for retinal disease grading;
He et al. investigated an interpretable Transformer classifier; and Akca et al. evaluated
Vision Transformer classification of CNV, DME, and drusen [24,38,39]. CRAT further refines
attention through re-attention and class-re-attention to strengthen feature interaction and
class-oriented representation [40].

Self-supervised learning addresses the related problem of acquiring transferable rep-
resentations from incompletely labeled and heterogeneous data. OCT-SelfNet combines
OCT images from multiple sources during SwinV2-based masked-autoencoder pretraining,
followed by supervised adaptation for AMD-versus-normal classification [41]. Multi-
OCT-SelfNet extends multi-source pretraining to multiclass downstream tasks and reports
evaluation across datasets [26]. These frameworks examine both the pretraining objective
and the diversity of the data used to learn it. Their contribution is complementary to a
comparison of spatial mixers within a fixed pretrained backbone. Durmaz Engin et al. also
illustrate the importance of task-specific model development in an expert-designed-versus-
automated-AMD classification comparison [42].

Attention-based performance depends on spatial tokenization, pretraining, augmenta-
tion, and optimization as well as architecture. A comparison conducted with a common
optimizer describes performance under that shared protocol; it does not establish each
model’s individually optimized operating point. Similarly, an improvement obtained
through additional multi-source pretraining cannot be attributed solely to the downstream
network architecture. These distinctions are necessary when comparing supervised convo-
lutional, Transformer, and self-supervised OCT systems.

2.3. Hybrid Contextual Models and Gated Convolutional Architectures

Hybrid CNN and Transformer models integrate local feature extraction with attention-
based context. HTC-Retina combines convolutional and Transformer representations,
whereas HyReti-Net fuses local ResNet and global Swin features through a dual-branch
design [25,43]. MergeNeXt continues this hybrid direction for OCT classification [44]. These
models make the integration of local and broader information explicit, but the additional
feature streams and fusion operations must be included in computational comparisons.
At a different level of analysis, lesion-attentive fusion aggregates disease evidence across
OCT B-scans [45]. Its volume-level endpoint differs from classification of a selected two-
dimensional B-scan.

Gated convolutional hierarchies offer another route to contextual image processing.
The gated CNN of Yu and Wang uses convolutional blocks for visual recognition without
relying on a selective state-space mixer [27]. Large-kernel designs, including Large Sepa-
rable Kernel Attention and the Visual Attention Network, also motivate efficient spatial
aggregation through convolutional operations [46,47]. This study provides context for mul-
tiscale spatial processing, but the architectural operations must be distinguished precisely.
MCG-Net implements two compressed residual context branches alongside the native DW7
path and retains the backbone’s Gaussian error linear unit (GELU) gate, convolutional
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transitions, and average-pooling head. The branch-specific residual scales control how
much additional context enters the shared feature hierarchy.

Table 1 integrates architectural strategy with selected quantitative results reported in
the original publications. Class definitions, sampling, patient grouping, training resources,
and evaluation protocols differ, so those results contextualize the literature rather than
provide a controlled ranking or a cross-study estimate of computational advantage.

Table 1. Representative recent OCT methods: Architectural strategy, dataset, evaluation scope,
published performance, and reported computational cost. Multiple outcomes follow the listed dataset
order; protocols differ and do not support a controlled cross-study ranking.

Study Strategy Dataset/Classes Evaluation
Scope Accuracy/F1 (%) M Params GFLOPs

He et al.
(2023) [38]

Interpretable
Transformer

OCT2017/4;
OCT-C8/8

Within-dataset
benchmarks

99.80/99.80;
97.12/97.10 – –

HTC-Retina
(2024) [25]

CNN–
Transformer
hybrid

OCT2017/4;
OCT-C8/8;
OCT2014/3

Separate dataset
benchmarks

99.40/–; 97.00/–;
99.77/– – –

Pan et al.
(2025) [34]

Local/global
encoding

OCT-C8/8;
OCT2017/4

Within-dataset
benchmarks

98.00/–;
99.85/99.70 – –

HyReti-Net
(2025) [43]

ResNet–Swin
fusion

OCT2017/4;
OCT2014/3;
OCT-C8/8

Image-wise
70/20/10 split

99.06/99.05;
99.44/99.16;
98.76/98.33

– –

OCT-SelfNet
(2025) [41]

Multi-source
self-supervision Kermany/2

SwinV2,
on-domain
binary task

96.00/84.00 34.27 3.34

Multi-OCT-
SelfNet
(2026) [26]

Multiclass
self-supervision Kermany/4

SwinV2,
on-domain DS1;
multi-source SSL

90.00/90.00 34.27 3.34

ConvNeXt-
SAMC
(2026) [36]

Spatial
multiscale
adaptation

OCT-C8/8 Within-dataset
test 98.39/98.39 – –

PhysioSpeck-
Net (2026) [48]

Physics-guided
separation

OCT2017/4;
OCT-C8/4

Test 1; external
Test 2 without
fitting

99.00/99.00;
97.36/97.35 8.80 –

MCG-Net
(this study)

Gated
local/residual
context

OCT-C8/4;
external/4

Independent
CAVRI-
H5/OCTDL;
384 subjects

92.01/91.99 26.82 9.97 *

–: Comparative data unavailable. F1 uses each publication’s averaging definition (PhysioSpeck-Net:
weighted F1). SSL: Self-supervised learning. Published FLOP conventions, input sizes, and hardware
differ; no normalization is attempted. * MCG-Net uses twice the THOP-counted multiply–accumulate
operations (MACs), excluding functional attention matrix products. The MCG-Net parameter count
uses its four-output configuration; other counts follow the source publications.

2.4. Multi-Source Transfer, Robustness, and Prediction Reliability

OCT repositories differ in acquisition characteristics, image processing, disease com-
position, reference labels, and patient metadata. OCTDL provides multiclass images with
patient information, while CAVRI-H5 contributes a separate acquisition source with one
image per documented patient [28,29]. Their availability supports external assessment,
but combining sources requires explicit label harmonization. Related clinical diagnoses
can overlap in their OCT appearance, requiring explicit reference-label mapping. When a
disease category occurs in only one source, a classifier may exploit source characteristics as
well as disease morphology; source-stratified reporting can reveal heterogeneity but cannot
eliminate this confounding.
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Ajmal et al. examined external OCT evaluation, emphasizing the distinction be-
tween internal discrimination and transfer across acquisition sources [30]. Multi-source
pretraining addresses representation transfer, as illustrated by OCT-SelfNet and Multi-
OCT-SelfNet, but the source composition of pretraining, development, and evaluation
data must still be disclosed [26,41]. Patient- or volume-level grouping is preferable when
identifiers are available because related B-scans are correlated. Where identifiers are ab-
sent, image-level separation cannot be described as verified patient-level independence.
The present study compares OCT-C8-trained gated CNN configurations on CAVRI-H5,
published in 2026, alongside OCTDL, with the external observations excluded from pa-
rameter fitting and checkpoint selection [28,29]. This design provides evidence on a recent
acquisition source without treating results from earlier, differently constructed benchmarks
as directly comparable.

Reliability also concerns how confidence and explanation relate to classification errors.
DAVis-Net combines attention and deep supervision with Monte Carlo dropout, calibra-
tion, split conformal prediction, and quantitative attribution analysis [49]. Its reported
reliability estimates are internal, illustrating why a broad reliability framework and exter-
nal validation answer different questions. PhysioSpeck-Net examines acquisition-related
variation by separating feature branches according to OCT image-formation effects and
testing cross-dataset behavior [48]. This physics-guided approach differs from learning
contextual responses directly from image features. Neither an external discrimination
estimate nor qualitative visualization alone establishes calibrated probabilities, reliable
abstention, or clinical safety.

Balanced cohorts support comparison across classes but do not reproduce clinical
disease prevalence. Precision and predictive value may therefore change even if sensitivity
and specificity are stable. Grad-CAM and Grad-CAM++ can help inspect regions associated
with a prediction [50,51], but plausible heatmaps do not validate lesion segmentation or
causal explanation. Class-specific errors, confidence measures, source effects, and the
evaluation unit must be considered together when interpreting an OCT classifier.

The contribution of compressed spatial context can be evaluated within a fixed back-
bone and a common training protocol. A1 retains native DW7; A2 adds context 11; A3 adds
context 23; and Full combines both context branches. Shared gating, transitions, and clas-
sifier and matched initialization allow this comparison to focus on the additional context
paths. Development-only checkpoint selection, repeated training runs, and paired external
predictions connect the architectural comparison to a defined assessment of transfer. Exter-
nal outcomes informed configuration selection, so the same cohort provides exploratory
model comparison rather than untouched confirmation of a previously fixed architecture.

3. Materials and Methods
3.1. Study Design and Classification Scope

This study addresses four-class classification of retinal OCT B-scans: CNV, DME,
DRUSEN, and NORMAL. OCT-C8 supplies model-fitting and development-validation
data [6], while CAVRI-H5 and OCTDL provide separate subject-level data for external
model comparison [28,29]. Dataset-provided clinical labels define the reference standard.
The official OCT-C8 test partition is unused, and external observations are excluded from
optimization and checkpoint selection.

The four-category development dataset contains 9024 training and 1272 validation
images, with 2256 training and 318 validation images per category. The external dataset
contains 384 B-scans, with 96 per category: 288 from CAVRI-H5 and 96 from OCTDL.
CAVRI-H5 and OCTDL are independent external datasets, and each selected observation
represents one distinct subject. Neither dataset contributes to parameter fitting, develop-
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ment validation, or checkpoint selection. The external ablation and kernel outcomes did,
however, contribute to selection of the final architecture; independence of the data sources
therefore does not imply independence of the final configuration from those outcomes.
OCT-C8 patient and OCT-volume identifiers are unavailable, so development partitions
cannot be described as verified patient-disjoint splits.

All models were trained for 300 epochs with AdamW and batch size 16 in three
separate runs using seeds 0, 1, and 2. The same four-category output mapping was used
for the principal comparison, architectural ablations, and kernel experiments. Numerical
summaries report the mean and sample standard deviation (SD) across these three runs.

3.2. OCT-C8 Dataset and Curation

The OCT-C8 release provides eight repository categories; this study uses its CNV,
DME, DRUSEN, and NORMAL images, with 2300 training and 350 validation images
per selected category [6]. Native image dimensions are heterogeneous (512–1536 pixels
wide and 496–512 pixels high). Images are assigned to development partitions before
augmentation. Integrity checks use SHA-256 on decoded pixel arrays to detect exact
matches and perceptual hashes to flag structural similarity; candidate assessment also uses
dHash, structural similarity, and normalized root mean square error. All flagged cross-
partition perceptual candidates follow the same conservative retention rule: the validation-
side image is excluded, while the training-side image is retained unless a cross-class conflict
requires its exclusion. Hash equality and perceptual similarity are distinguished because
layered OCT anatomy can yield similar perceptual hashes for different pixel arrays.

For the four retained categories, 304 of 10,600 images are removed: 12 cross-class
exact conflicts, 89 within-partition exact duplicates, 26 validation copies of cross-split exact
duplicates, one high-confidence cross-split near duplicate, 41 additional validation-side
perceptual review candidates, and 135 images through class-balance downsampling. Each
removed image is assigned to its first applicable exclusion criterion; overlapping flags
are not counted twice. Within a partition, one deterministic representative of an exact
duplicate is retained; for cross-split duplicates, the validation copy is removed. Balancing
uses seed 20260929 and randomly downsamples each category to a common size within
each partition: 2256 training images, the size of the smallest remaining training category,
and 318 validation images, one fewer than the smallest remaining validation category
(DRUSEN, 319); balancing therefore also removes one DRUSEN validation image. Table 2
gives the resulting counts. The resulting sequence is 10,600 source images, 10,431 images
after integrity cleaning, and 10,296 images after balancing; the latter comprise 9024 training
and 1272 validation images. These counts describe image-level curation, not exclusion of a
documented number of patients.

Table 2. OCT-C8 counts for the four study categories before curation, after integrity cleaning, and after
class balancing.

Original Cleaned Retained Balanced
Class Train Val. Train Val. Train Val.

CNV 2300 350 2269 332 2256 318
DME 2300 350 2282 337 2256 318
DRUSEN 2300 350 2256 319 2256 318
NORMAL 2300 350 2298 338 2256 318

Total 9200 1400 9105 1326 9024 1272

The final development dataset contains 10,296 images. Decoded-pixel hashing iden-
tified no retained exact cross-split overlap. Images implicated in the 36 cross-partition
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perceptual-similarity candidate pairs were excluded from the retained development parti-
tions. Candidate-pair counts are distinguished from numbers of removed images because a
single image may participate in more than one pair. The separate development-to-external
check found no shared decoded-pixel hashes and a minimum pHash distance of six bits.
These checks address image overlap but cannot establish patient independence when
subject identifiers are unavailable.

3.3. External Cohort and Class Distribution by Source

CAVRI-H5 supplies 609 B-scans, with one documented patient per image, and original
counts of 96 CNV, 99 DME, 137 DRUSEN, 142 NORMAL, and 135 vitreomacular adhe-
sion/traction (VMA–VMT) images [29]. Its official training, validation, and test partitions
are pooled solely for external assessment; none is used to fit a model or select a checkpoint.
The selected subset retains all 96 CNV images, 48 DME, 96 DRUSEN, and 48 NORMAL
images, totaling 288 images from 288 distinct patients. Decoded-pixel hashing identified
no exact duplicates in the pooled release. Original split counts and selected support appear
in Table 3. VMA–VMT is outside the evaluation taxonomy. The four-category cohort
size was set by the smallest available category, CNV, with 96 subjects. All 96 CAVRI-H5
CNV subjects were retained. CAVRI-H5 supplied all 96 selected DRUSEN subjects, while
DME and NORMAL were each allocated 48 subjects from CAVRI-H5 and 48 from OCTDL.
These quotas produced 96 subjects per category in the combined cohort and equal source
contributions for the two shared categories. Within the eligible CAVRI-H5 categories ex-
ceeding their quotas, subjects were sampled randomly without replacement before model
predictions or performance results were examined. Sampling did not use predicted labels,
confidence, or correctness. The random-number seed for CAVRI-H5 sampling was not
retained; the fixed image-selection manifest identifies the realized subset but does not
allow exact regeneration of the random draw from a seed. Original source partition mem-
bership did not determine eligibility because all source partitions were pooled solely for
external evaluation.

Table 3. Independent external datasets: available source images, selected observations, original
partition support, and final class distribution. CAVRI-H5 and OCTDL are entirely excluded from
model fitting, validation, and checkpoint selection.

Class CAVRI-H5
Available

CAVRI-H5
Selected (Orig.
Train/Val/Test)

OCTDL
Available Images

OCTDL Selected
(Distinct Patients) Final n

CNV 96 96 (76/10/10) – 0 96
DME 99 48 (37/6/5) 147 48 (48) 96
DRUSEN 137 96 (85/7/4) – 0 96
NORMAL 142 48 (43/4/1) 332 (NO) 48 (48) 96
Total study-category support 474 288 479 96 (96) 384

CAVRI-H5 official partitions are pooled only for assessment; no model fitting uses them. Selected split
triplets retain original train/validation/test labels. OCTDL patient selection uses seed 20260929 and
one image per recorded patient globally. CAVRI-H5 also contains 135 VMA–VMT images outside the
study taxonomy. A dash denotes no selected study-category support, not absence of other diagnoses
in OCTDL. All selected external observations are independent subjects; original source partition
names describe repository provenance only.

OCTDL provides image-level metadata with patient identifiers [28]. Metadata rows
are matched to image files, and one image per patient is selected globally using selection
seed 20260929. Its contribution to this study comprises 48 DME and 48 NO images, yielding
96 observations with distinct within-source identifiers. NO is mapped to NORMAL. Other
repository diagnoses are outside the study taxonomy, and ancillary condition metadata are
not used to create an additional DRUSEN category.
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The external cohort contains 384 independent subject-level observations from two
independent datasets. The selected OCTDL subset contains no repeated patient identifiers
or decoded-pixel hashes. External-cohort membership was fixed before predictions were
examined. Neither external dataset was used for parameter fitting, development valida-
tion, or checkpoint selection; external outcomes were subsequently used for architectural
comparison and configuration selection. The development-to-external pixel-hash check
found no exact image overlap.

Source–class association remains: CNV and DRUSEN occur only in CAVRI-H5, while
DME and NORMAL have 48 observations from each source. This composition creates po-
tential source confounding. Source-specific summaries specify their reference-label support
and macro-averaging set. DME and NORMAL permit direct source-stratified comparisons,
with the full four-category prediction rule maintained in both sources. The OCTDL subset
alone does not provide external evidence for CNV or DRUSEN recognition.

3.4. Reference Labels and Clinical OCT Characteristics

Dataset-provided labels form the reference standard. The retained OCT-C8 and
CAVRI-H5 categories are CNV, DME, DRUSEN, and NORMAL; OCTDL contributes DME
and NO, with NO renamed NORMAL. This mapping aligns names without establishing
identical diagnostic criteria across repositories. CNV and DRUSEN remain clinically re-
lated to age-related macular degeneration, and the four labels should be interpreted as
repository-defined image categories rather than an exhaustive, mutually exclusive clinical
disease taxonomy.

Two specialist ophthalmologists jointly assessed the repository labels in relation to
visible OCT morphology through a shared review. Review was conducted together rather
than as two independent readings. Separate reader–label sets were therefore not generated,
and Cohen’s kappa and initial disagreement counts were not calculated. The reference
categories reflect repository labels supported by this joint morphological review; the
procedure does not establish a diagnosis based on a complete clinical examination or
multimodal imaging. Figure 1 presents annotated CNV, DME, and drusen examples
together with normal B-scans. These illustrations are separate from the images used for
model inference.

3.4.1. Choroidal Neovascularization

CNV denotes pathological vessel growth from the choroid into the sub-RPE and/or
subretinal space and is commonly associated with neovascular AMD. Leakage can disturb
the outer retina and produce exudation [4]. The CNV source label is retained without
subdivision into neovascular subtypes or attribution of every case to a single etiology.

Structural OCT may show irregular RPE elevation, pigment epithelial detachment
(PED), subretinal fluid, hyper-reflective material, and sometimes intraretinal fluid. Figure 1
illustrates RPE- and fluid-related changes. PED and subretinal fluid are not specific to CNV;
their relationship to the RPE and surrounding retinal tissue is more informative than either
finding in isolation [4,52].

3.4.2. Diabetic Macular Edema

DME involves fluid accumulation in the macula in diabetes-associated retinal vascular
disease. Vascular leakage can produce diffuse thickening, cystoid spaces, and serous
detachment separately or together [7,8]. OCT depicts the anatomical distribution of fluid
and the associated deformation of the retinal layers.
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Figure 1. Representative OCT B-scans of the four study categories, with three examples per row.
From top to bottom: CNV, DME, DRUSEN, and NORMAL. Annotations indicate pigment epithelial
detachment (PED) and fluid-related changes in CNV, intraretinal cystic spaces and hyper-reflective
foci in DME, and focal retinal pigment epithelium (RPE) elevations in drusen. Normal examples
are unannotated. These illustrative images are separate from the evaluation cohort. OCT, optical
coherence tomography.

Representative appearances include retinal thickening and rounded or ovoid hypore-
flective intraretinal cavities; cysts may coalesce, and subretinal fluid can coexist. The illus-
trative examples show cavities and an altered macular contour. The fluid compartment
helps distinguish intraretinal edema from predominantly serous detachment, while con-
tinuity of the surrounding retina distinguishes a fluid-filled cavity from a full-thickness
foveal defect [7,53].

3.4.3. Drusen

Drusen are extracellular deposits beneath the RPE, classically between its basal lamina
and the inner collagenous layer of Bruch’s membrane [9]. Their significance depends on size
and associated changes: small drusen alone do not establish AMD, whereas larger deposits
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and pigmentary abnormalities contribute to risk classification [11]. Quantitative OCT
assessment has also been investigated in intermediate AMD [10]. The retained DRUSEN
label denotes a source-defined OCT phenotype and does not cover every form or stage of
non-neovascular AMD.

Drusen produce localized RPE elevations with underlying material of variable reflec-
tivity. Subretinal drusenoid deposits lie above the RPE and represent a different anatomical
lesion [9]. Figure 1 shows focal elevations along the RPE profile. Accompanying exudation,
RPE continuity, and surrounding outer-retinal changes are relevant to distinguishing this
appearance from neovascular pathology [4].

3.4.4. Normal Retina

NORMAL denotes the source repository’s normal-appearing B-scan category. Pre-
served retinal-layer organization, without the fluid compartments, pathological RPE de-
formation, or foveal tissue defects described above, provides the anatomical reference.
This image-level definition does not establish that the entire eye is disease-free or exclude
abnormalities outside the sampled scan.

The normal examples in Figure 1 retain their original source labels and have no
added lesion annotations. They illustrate continuous retinal layers and preserved foveal
anatomy. Clinical arrows and text in the pathological illustrations are not introduced into
development or external inference images.

3.4.5. Differential Diagnoses Outside the Retained Categories

Central serous chorioretinopathy (CSC) can cause serous separation of the neurosen-
sory retina from the RPE, sometimes with PED. Choroidal vascular hyperpermeability
and impaired RPE barrier function are implicated [54]. OCT can depict a hyporeflective
subretinal compartment, but subretinal fluid alone cannot establish CSC or distinguish it
conclusively from neovascular disease [4,52].

A full-thickness macular hole (MH) interrupts foveal neurosensory tissue and may
have elevated margins and adjacent cystoid changes. OCT-based classification distinguishes
this defect from vitreomacular traction, partial-thickness abnormalities, and cavities within
continuous retina [53]. CSC and MH are differential diagnoses outside the four-category
classification endpoint.

3.5. Image Preprocessing and Augmentation

Images are decoded as three-channel inputs for source-compatible pretrained models.
Grayscale OCT intensity is represented in three channels rather than interpreted as inde-
pendent color information. Network input size is 224 × 224 pixels. Validation and external
transforms are deterministic, with bicubic interpolation and a crop percentage of 1.0. Mean
and standard deviation match the training transform: ImageNet statistics are used for all
the principal models except EfficientNetV2-M and ViT-Base/16, which use mean and stan-
dard deviation 0.5 in every channel. Evaluation applies the same deterministic transforms
consistently. Normalization statistics are not estimated from external images. Harmo-
nization is limited to the declared label mapping, input geometry, and model-compatible
intensity normalization. Preprocessing includes no scanner-specific intensity calibration
or learned domain adaptation, and image quality was not independently adjudicated.
Accordingly, preprocessing does not imply that acquisition differences between repositories
have been removed.

The training transform uses random resized cropping with area scale [0.08, 1.0] and
aspect ratio [0.75, 4/3], horizontal flipping with probability 0.5, no vertical flipping, color
jitter of 0.4, and random training interpolation. The effect of these augmentations on
lesion preservation was not separately quantified. Cropping can reduce visible anatomical
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extent and intensity jitter can alter low-contrast cues. Mixup, CutMix, random erasing,
and label smoothing are disabled. External evaluation uses native, unannotated images
and introduces no stochastic training augmentation.

3.6. MCG-Net Architecture

MCG-Net uses a gated convolutional hierarchy with stage depths (3, 3, 9, 3) and
widths (96, 192, 384, 576) [27]. The stem contains two 3 × 3 stride-2 convolutions, with in-
termediate normalization, GELU activation, and a final channel-wise normalization. For a
224 × 224 × 3 input, the stem yields 56× 56× 96 features. Three native 3× 3 stride-2 convo-
lutional transitions produce the resolutions in Table 4. Each transition applies convolution
followed by normalization. The model contains 18 gated blocks and a global-average-
pooling classification head. Figure 2 shows the four-class network and its multiscale
context mixer.

Classification head
Four-category inference

GAP

LN 576

Linear 576  2304

GELU

LN 2304

Linear 2304  4

4 logits

Softmax (4 classes)

CNV

DME

DRUSEN

NORMAL

Figure 2. MCG-Net for four-class OCT classification. The gated CNN contains a convolutional stem,
four feature stages, convolutional transitions, and a global-average-pooling classification head. Local
DW7 processing is augmented by compressed separable context branches with kernels 11 and 23
and learned channel-wise residual scales. The final projection maps 2304 features to CNV, DME,
DRUSEN, and NORMAL logits. LN, layer normalization; DW, depthwise convolution; GAP, global
average pooling. Colors distinguish operation types (stem, downsampling, gated blocks, context
branches, classification head) and carry no quantitative meaning.
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Table 4. Stage geometry and four-output classification head of MCG-Net.

Component Output Shape Blocks Operation

Stem 56 × 56 × 96 – Two stride-2 3 × 3 convolutions
Stage 1 56 × 56 × 96 3 Gated blocks
Stage 2 28 × 28 × 192 3 Convolutional transition and gated blocks
Stage 3 14 × 14 × 384 9 Convolutional transition and gated blocks
Stage 4 7 × 7 × 576 3 Convolutional transition and gated blocks
Inference head 4 logits – Average pooling and 576 → 2304 → 4 MLP

3.6.1. Native Gated Feature Processing

Let X ∈ RB×H×W×C denote a block input and h = ⌊8C/3⌋. Normalization and a
channel projection produce three feature partitions:

Z = LN(X), [G, I, V] = Split(W1Z + b1), (1)

where W1 maps C channels to 2h, and the gate, bypass, and spatial partitions have h, h − C,
and C channels, respectively. Spatial operations act on V after conversion to a channel-first
layout. The processed spatial features are concatenated with the bypass partition, yielding
h channels, as follows:

T = Concat(I,M(V)). (2)

The block output is

Y = X + DropPath(LayerScale(W2[GELU(G)⊙ T] + b2)). (3)

LayerScale and DropPath are configured as identities for the matched ablation. GELU,
xΦ(x), is the native activation [55]. Its output is not a probability and need not lie in
[0, 1]; the term gate refers to element-wise feature modulation rather than a calibrated
lesion-attention score. The residual connection preserves a direct path for the block input.

3.6.2. Compressed Multiscale Context Mixer

The native local response is

L(V) = DW7×7(V). (4)

For k ∈ {11, 23}, the context branch first reduces channels to r = ⌈C/4⌉ with a bias-free
1 × 1 projection Pk. Separable depthwise operations preserve spatial dimensions using
same padding, and a bias-free projection Qk expands the result back to C channels, as
follows:

Rk(V) = Qk[GELU(DW1×k(DWk×1(PkV)))]. (5)

The two responses are added to the local path through learned channel-wise scales ak ∈ RC,
as follows:

M(V) = L(V) + tanh(a11)⊙ R11(V) + tanh(a23)⊙ R23(V). (6)

The scales are broadcast across batch and spatial dimensions. The tanh bound permits
positive or negative residual modulation; it is not a softmax competition between branches.
This context-scale mechanism is separate from the native GELU gate in Equation (3).

Compression precedes the spatial convolutions. Ignoring bias, the additional parame-
ter count of a branch, including its residual scale, is

Nk = 2Cr + 2kr + C. (7)
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The depthwise spatial part costs 2kr weights rather than k2r for a dense two-dimensional
depthwise kernel at the same reduced width. The 1 × 1 projections remain part of the cost;
separability alone is not taken as evidence of lower total cost than any other comparator.
At late stages, a kernel can extend beyond the feature-map dimensions, so its nominal
support is not interpreted as additional observed retinal area outside the image.

3.6.3. Pretrained Initialization and Residual Adaptation

The gated CNN hierarchy is initialized from ImageNet-1K pretrained weights of the
source architecture [27,56]. Its 1000-class source projection is replaced by a four-output task
head in the training protocol. The local source parameters provide the shared initialization
for the context-augmented network. The context down-projections initially select evenly
distributed channels, and their up-projections are initialized from a zero-mean normal
distribution with standard deviation 0.02. For each selected local depthwise kernel Kc,
a rank-one singular-value approximation provides separable factors:

Kc = UcΣcVT
c , vc =

√
σc,1 uc,1, hc =

√
σc,1 vTc,1. (8)

The seven-element factors are centered within the 11- or 23-element filters, with zero values
outside their support. These are source-derived initializations of new filters, distinct from directly
transferred backbone tensors. All matched variants use the same pretrained source state.

Both context scales are initialized to zero. Consequently,

M(V)|a11=a23=0 = L(V). (9)

This preserves the native block function at initialization when the shared backbone and
classifier states match. It does not imply equivalence after fine-tuning. Initially, the residual
scales can receive gradients while branch-weight gradients are suppressed by zero scaling;
branch weights can adapt once the scales move away from zero.

3.6.4. Four-Class Classification Head

Global average pooling aggregates the final 7 × 7 × 576 features. The classification
head applies LayerNorm, a 576 → 2304 linear layer, GELU, LayerNorm, and a 2304 → 4
output projection. With feature vector u ∈ R2304, the logits are z = Wu + b. The class order
is C4 = {CNV, DME, DRUSEN, NORMAL}. Probabilities and the predicted class are

qc =
exp(zc)

∑j∈C4
exp(zj)

, ŷ = arg max
c∈C4

qc. (10)

Reference labels and output indices are matched by semantic class name. Softmax scores
express relative model confidence within the four-category task; they are not assumed to
be calibrated clinical probabilities.

3.7. Optimization, Repeated Runs, and Checkpoint Selection

The training protocol comprised 300 epochs with batch size 16 and three independent
runs per model using seeds 0, 1, and 2. These settings apply to comparators, architectural
variants, and kernel variants (Table 5). AdamW uses initial learning rate 3 × 10−4, weight
decay 0.05, β1 = 0.9, β2 = 0.999, and ϵ = 10−8 [57]. A five-epoch warm-up starts at 10−6

and is followed by cosine decay to 10−6. All trainable layers are fine-tuned using four-class
cross-entropy, as follows:

L = − 1
B

B

∑
i=1

log qi,yi . (11)
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Classifier dropout, stochastic depth, exponential moving averages, label smoothing, mixup,
CutMix, and random erasing are disabled for the matched ablation. Evaluation and
profiling use FP32 with AMP disabled.

For each 300-epoch run, the checkpoint with the highest development validation Top-1
accuracy was selected for evaluation. External images were not used for epoch selection.

Table 5. Training and evaluation settings shared by all models.

Setting Configuration

Task/checkpoint criterion CNV, DME, DRUSEN, NORMAL/best validation Top-1
Epochs/batch size 300/16
Runs/seeds per model Three/0, 1, 2
Optimizer AdamW; LR 0.0003; weight decay 0.05
Warm-up/schedule 5 epochs from 0.000001; cosine minimum 0.000001
Input/external interpolation 224 × 224/deterministic bicubic
Evaluation precision FP32; AMP and test-time augmentation disabled
Disabled augmentation Mixup, CutMix, random erasing, label smoothing

3.8. Comparators and Matched Architectural Ablation

The comparison includes 12 alternatives: DenseNet-169 [58], RDNet-Base [59],
EfficientNetV2-M [21], StarNet-S3 [60], ConvNeXt-Base [61], PiT-B [62], InceptionNeXt-
Base [63], Swin-Base [23], RegNetY-16GF [64], SHViT-S3 [65], DeiT III-Base [66], and ViT-
Base/16 [22]. Models share the development partitions, 300-epoch AdamW schedule,
and external observations, with compatible pretrained initialization and model-specific
training normalization. Using one optimizer, schedule, training budget, and seed set con-
trols these factors across architectures. The comparison therefore evaluates performance
under a common protocol rather than each model’s individually optimized maximum.
Model-specific optimizer and schedule searches were not performed. All 13 models, in-
cluding MCG-Net, have three evaluated runs, yielding 39 checkpoint evaluations in FP32.

A1 contains native DW7; A2 adds context 11; A3 adds context 23; and Full contains
both context branches (Table 6). Within a seed, the common initialization begins with Full
and prunes unused branches, preserving shared backbone, classifier, and surviving context
tensors. The random state after common construction is restored to align subsequent
stochastic initialization behavior. A2 and A3 isolate the two individual context scales,
with native GELU gating and downsampling held constant.

Table 6. The four architectural variants. Native GELU gating, stem, stage transitions, and classifier
construction are shared; the task head has four outputs in every variant.

Variant Native DW7 Context 11 Context 23

A1 Yes No No
A2 Yes Yes No
A3 Yes No Yes
Full Yes Yes Yes

The four-variant experiment comprises 12 runs: seeds 0, 1, and 2 for each of A1, A2,
A3, and Full. A further kernel comparison fixes the first branch at 11 and sets the second to
7, 15, or 23. The 11/23 configuration is Full. The kernel experiment evaluates these three
configurations. These experiments retain the native gate, stage transitions, and pooling,
so their effect is attributed to added residual context rather than removal or replacement
of those operations. Full with kernels 11 and 23 was selected from these external ablation
and kernel results because it had the highest observed aggregate accuracy and macro-F1.
It was then compared with the 12 alternative architectures on the same external cohort.
Thus, the final configuration was not fixed before external outcomes were inspected. All
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reported benchmark, ablation, and kernel endpoints are external test results; development
validation was used only for checkpoint selection. No additional untouched cohort was
reserved to confirm the selected configuration.

3.9. Four-Category Predictions and External Endpoints

The assessment uses the same ordered 384-sample list for each model and seed. Each
prediction record associates a sample identifier with its source, reference label, model, run,
and four-class output mapping.

The principal descriptive endpoints are accuracy and macro-F1, with macro-precision,
macro-recall, multiclass Matthews correlation coefficient (MCC), one-versus-rest macro-averaged
area under the receiver operating characteristic curve (AUROC), and area under the precision–
recall curve (AUPRC) as complementary measures. AUROC/AUPRC use the four-class proba-
bilities; all four labels enter their macro-average. For class c, one-versus-rest counts define

Precisionc =
TPc

TPc + FPc
, Sensitivityc =

TPc

TPc + FNc
, Specificityc =

TNc

TNc + FPc
, (12)

and
F1c =

2TPc

2TPc + FPc + FNc
, Macro-F1 =

1
4 ∑

c∈C4

F1c. (13)

as the macro-precision and macro-recall average across the same four labels. A zero
denominator receives a zero contribution and is disclosed. Support-weighted recall equals
accuracy in single-label multiclass classification. In the balanced 384-image cohort, macro-
recall also equals accuracy because each reference class has equal support; macro-F1 need
not equal either. Confusion matrices have four reference rows and four prediction columns.

Accuracy, class-specific metrics, and macro metrics are calculated separately for each run,
followed by their arithmetic mean and sample standard deviation. These summaries describe
repeat-fit variability rather than the uncertainty of a population estimate. Source-specific
summaries retain four possible predictions but average class metrics over the reference labels
represented in that source: four for CAVRI-H5 and DME/NORMAL for OCTDL. Predicting
CNV or DRUSEN for an OCTDL DME/NORMAL observation remains an error. Source
comparisons do not replace the classifier with a binary DME-versus-NORMAL decision rule.

3.10. Run-Aware Uncertainty and Paired Comparisons

Two-sided 98% percentile intervals use 10,000 paired bootstrap replicates with resampling
seed 20261004. Each replicate samples 384 external indices with replacement and uses identical
indices for all models and fitted runs. Because the independent external datasets contribute
one B-scan per selected subject, resampling observation indices is subject-level resampling.
For metric m,

m̄ =
1
3

2

∑
r=0

mr, m̄(b) =
1
3

2

∑
r=0

mr(I (b)). (14)

Metrics are computed separately for each fit before averaging within a replicate; predictions
are not pooled into an enlarged independent sample. The 0.01 and 0.99 quantiles estimate
sampling uncertainty conditional on the available fits and complement the across-run
SD. Neither captures all uncertainty due to training choices or incompletely documented
development grouping. The bootstrap and Holm adjustments condition on the evaluated
configurations and do not account for selecting Full 11/23 from the same external results.
Paired intervals and adjusted tests are therefore exploratory; they do not provide selection-
adjusted confirmatory evidence for the chosen architecture.
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For comparator q, the paired differences are

∆(b)
q =

1
3

2

∑
r=0

[︂
mFull,r(I (b))− mq,r(I (b))

]︂
. (15)

Approximate two-sided bootstrap p-values compare absolute centered bootstrap differences
with the absolute observed difference, with Monte Carlo resolution 10−4. Holm adjustment
is applied across the 12 principal comparators separately for accuracy, macro-F1, and MCC,
at α = 0.02. Ablation comparisons form a separate family of five alternatives per metric.
Nominal 98% intervals are not simultaneous multiplicity-adjusted intervals; a positive nominal
interval does not guarantee that a Holm-adjusted test meets the threshold. These paired
comparisons are exploratory and apply to the evaluated cohort and repeated-run protocol.

Exact two-sided McNemar tests compare paired correctness separately for each
matched run. With n10 correct only for Full and n01 correct only for the comparator, the null
distribution is binomial with n10 + n01 trials and probability 0.5. Holm adjustment across
the 36 main model-and-run tests controls this distinct family at α = 0.02. Repeated pre-
dictions from the same subject are never treated as independent participants. The context
interaction, mFull − mA2 − mA3 + mA1, is reported descriptively, with an interval, to assess
whether the joint improvement exceeds the sum of the individual additions.

Prevalence scenarios estimate the positive predictive value (PPV) from one-versus-rest
sensitivity (Se) and specificity (Sp) derived from the aggregate confusion counts, as follows:

PPV(π) =
Se π

Se π + (1 − Sp)(1 − π)
. (16)

The calculation uses unrounded counts at hypothetical prevalences of 1%, 5%, 10%, and 25%.
It assumes stable sensitivity and specificity as prevalence changes; it is not a calibrated
probability model or an estimate from a clinical prevalence cohort.

3.11. Computational Efficiency and Visual Error Analysis

Computational reporting uses the instantiated four-output models. Parameter count,
the counted operation proxy, and measured timing are reported separately because they
describe different aspects of computational cost.

Input size is 224 × 224. Operation counts are obtained with THOP, counting one
multiply-and-accumulate operation as two FLOPs. Functional attention matrix prod-
ucts are excluded by that implementation, so estimates describe its counting conven-
tion rather than universally complete hardware costs. The GPU measurement proto-
col uses FP32, disables AMP and TF32, and runs without gradients. Batch-1 latency
uses 100 warm-up iterations followed by 500 measurements; batch-16 throughput uses
20 timing windows of 50 iterations after warm-up. CUDA synchronization bounds
timed regions, and measurements use an NVIDIA RTX 5090 GPU (NVIDIA Corpora-
tion, Santa Clara, CA, USA), Python 3.12.12 (Python Software Foundation, Wilming-
ton, DE, USA), PyTorch 2.9.0 (The Linux Foundation, San Francisco, CA, USA), CUDA
12.8 and cuDNN 9.10 (NVIDIA Corporation, Santa Clara, CA, USA), THOP (open-
source, https://github.com/Lyken17/pytorch-OpCounter, accessed on 6 September 2026),
and timm 1.0.29 (open-source, https://github.com/huggingface/pytorch-image-models,
accessed on 6 September 2026). Median latency is reported. These measurements concern
model inference rather than acquisition or clinical workflow.

Qualitative figures show selected correct predictions and errors drawn from the three
MCG-Net fits trained with seeds 0, 1, and 2. Each displayed probability is obtained from
the fitted model associated with that example. Grad-CAM++ is applied to that model’s
predicted-class score at stages.3.blocks.1 [50,51]. Maps are normalized per image and
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displayed with the corresponding B-scan. The prediction and attribution panels contain
different selected cases; displayed probabilities and maps are individual-run outputs,
not averages or ensemble outputs. The CAM rendering path includes image resizing
and can produce small probability differences from the metric inference path, so figure
probabilities are not used to recompute benchmark endpoints. Attribution remains a post
hoc localization without lesion-mask comparison, perturbation-based faithfulness testing,
or a new clinical reader adjudication.

3.12. Reproducibility and Interpretation

OCT-C8 supplied training images and development-validation images for checkpoint
selection. CAVRI-H5 and OCTDL supplied all reported external performance endpoints
for the comparator, ablation, and kernel experiments. External observations never entered
parameter fitting or epoch selection. Their outcomes nevertheless informed the selection of
Full 11/23, and the selected model was compared with the alternatives using those same
observations. This design is an external model comparison with subject-level separation
from fitting, not untouched external validation of a prespecified final architecture.

The clinical scope of this study was limited to four OCT image categories: CNV, DME,
DRUSEN, and NORMAL. The identification of other retinal diseases and the rejection of
previously unseen conditions were beyond the scope of the proposed framework.

OCT-C8 patient-level independence could not be verified because patient and volume
identifiers were unavailable. The selected external observations represent distinct subjects,
but reuse of their outcomes for architecture selection limits confirmatory interpretation. Dif-
ferences in imaging devices, clinical settings, and patient populations may also affect model
generalizability. Accordingly, the findings should be interpreted within the defined four-class
OCT classification task. Further validation using independent, multicenter datasets acquired
with different imaging systems is necessary to establish broader clinical applicability.

4. Results
4.1. External Performance and Paired Comparisons

On the same 384-image external cohort used for architectural selection, MCG-Net
achieved the highest mean accuracy (92.01 ± 0.60%), macro-F1 (91.99 ± 0.61%), and MCC
(89.47 ± 0.80%) among the 13 evaluated models (Table 7). Its run accuracies were 92.71%,
91.67%, and 91.67%. DenseNet-169 and RDNet-Base followed at 90.71% and 90.62% mean
accuracy. EfficientNetV2-M attained the highest macro-AUROC (98.94%) and macro-
AUPRC (97.35%), showing that the ranking of probability-based discrimination differed
from the argmax ranking.

The paired macro-F1 difference between MCG-Net and DenseNet-169 was 1.37 per-
centage points (98% interval, −0.48 to 3.35; Holm-adjusted p = 0.174). Corresponding
differences against RDNet-Base and EfficientNetV2-M were 1.43 (−0.18 to 3.15; p = 0.135)
and 1.57 (−0.59 to 3.76; p = 0.174). Differences against StarNet-S3, ConvNeXt-Base, and PiT-
B also failed to meet the adjusted α = 0.02 threshold. Six comparisons (InceptionNeXt-Base,
Swin-Base, RegNetY-16GF, SHViT-S3, DeiT III-Base, and ViT-Base/16) met that threshold
for accuracy, macro-F1, and MCC (Table 8). These exploratory paired comparisons identify
differences against part of the comparator set. The leading mean and adjusted tests remain
conditional on selection of MCG-Net using the same cohort; superiority to the strongest
alternatives remains uncertain.

The separate per-run McNemar analysis was more conservative: four of the 36 model-
and-run tests met the Holm-adjusted threshold, involving SHViT-S3 run 0, ViT-Base/16
runs 0 and 2, and RegNetY-16GF run 0 (Table 8, Panel B). These tests assess discrete
correctness within one fit, whereas the bootstrap compares the average metric across
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three fits; their distinct inferential targets and multiplicity families account for different
significance patterns. MCG-Net macro-F1 was 92.69%, 91.62%, and 91.65% for seeds 0, 1,
and 2, respectively; the corresponding accuracy values are reported above.

Table 7. Four-category external assessment (n = 384): mean ± sample SD over three fitted runs,
in percent. Parameter counts describe four-output models. Macro-recall equals accuracy because
reference classes are balanced.

Model Params (M) Accuracy Macro-P Macro-F1 MCC AUROC AUPRC

MCG-Net 26.82 92.01 ± 0.60 92.33 ± 0.63 91.99 ± 0.61 89.47 ± 0.80 98.57 ± 0.06 96.62 ± 0.24
DenseNet-169 12.49 90.71 ± 0.84 91.48 ± 0.64 90.62 ± 0.87 87.91 ± 1.04 98.72 ± 0.30 97.09 ± 0.37
RDNet-Base 85.70 90.62 ± 0.26 91.10 ± 0.25 90.55 ± 0.29 87.70 ± 0.33 97.88 ± 0.20 95.86 ± 0.26
EfficientNetV2-M 52.86 90.54 ± 0.60 91.01 ± 0.77 90.42 ± 0.59 87.60 ± 0.86 98.94 ± 0.06 97.35 ± 0.27
StarNet-S3 5.49 90.02 ± 0.84 90.50 ± 0.77 89.98 ± 0.83 86.87 ± 1.09 98.36 ± 0.38 95.99 ± 0.72
ConvNeXt-Base 87.57 89.76 ± 1.17 90.28 ± 1.01 89.69 ± 1.22 86.55 ± 1.49 98.20 ± 0.21 96.11 ± 0.45
PiT-B 72.74 89.41 ± 0.80 90.29 ± 0.94 89.29 ± 0.82 86.23 ± 1.10 98.41 ± 0.10 96.07 ± 0.21
InceptionNeXt-Base 83.61 89.24 ± 1.57 89.88 ± 1.25 89.18 ± 1.55 85.88 ± 1.99 98.42 ± 0.20 96.31 ± 0.60
Swin-Base 86.75 88.98 ± 0.54 89.86 ± 0.68 88.82 ± 0.60 85.66 ± 0.74 98.31 ± 0.28 96.26 ± 0.42
RegNetY-16GF 80.58 88.72 ± 1.92 90.03 ± 1.50 88.54 ± 1.98 85.48 ± 2.39 98.34 ± 0.57 96.34 ± 1.35
SHViT-S3 13.80 88.19 ± 1.67 89.22 ± 1.58 88.11 ± 1.70 84.64 ± 2.20 98.24 ± 0.34 95.83 ± 0.79
DeiT III-Base 85.82 88.19 ± 0.84 89.29 ± 0.92 87.95 ± 0.81 84.73 ± 1.13 97.62 ± 0.13 94.14 ± 0.35
ViT-Base/16 85.80 86.46 ± 1.14 87.75 ± 0.62 86.18 ± 1.15 82.49 ± 1.34 97.58 ± 0.41 94.29 ± 0.96

AUROC and AUPRC are macro one-versus-rest values from the four-class probabilities. MCG-Net
has the highest mean accuracy, macro-F1, and MCC; EfficientNetV2-M has the highest AUROC and
AUPRC. Ranking alone does not establish a significant difference.

Table 8. Paired bootstrap differences, MCG-Net minus comparator, in percentage points. Brackets
are nominal 98% intervals; p is Holm-adjusted separately across 12 comparisons per metric.

Panel A: Paired Bootstrap Differences and Adjusted Tests.

Comparator ∆Accuracy p (Holm) ∆Macro-F1 p (Holm) ∆MCC p (Holm)

DenseNet-169 +1.30 [−0.52, 3.21] 0.199 +1.37 [−0.48, 3.35] 0.174 +1.56 [−0.83, 3.98] 0.229
RDNet-Base +1.39 [−0.26, 3.12] 0.150 +1.43 [−0.18, 3.15] 0.135 +1.77 [−0.34, 3.96] 0.157
EfficientNetV2-M +1.48 [−0.69, 3.65] 0.199 +1.57 [−0.59, 3.76] 0.174 +1.87 [−0.92, 4.64] 0.229
StarNet-S3 +2.00 [0.17, 3.82] 0.040 +2.00 [0.20, 3.86] 0.040 +2.60 [0.23, 5.03] 0.042
ConvNeXt-Base +2.26 [0.52, 4.08] 0.023 +2.30 [0.54, 4.20] 0.022 +2.92 [0.65, 5.28] 0.023
PiT-B +2.60 [0.69, 4.77] 0.023 +2.70 [0.77, 4.90] 0.022 +3.24 [0.77, 5.99] 0.027
InceptionNeXt-Base +2.78 [1.04, 4.69] 0.004 +2.81 [1.07, 4.73] 0.004 +3.59 [1.31, 6.06] 0.004
Swin-Base +3.04 [0.95, 5.21] 0.009 +3.17 [1.02, 5.43] 0.009 +3.81 [1.09, 6.59] 0.011
RegNetY-16GF +3.30 [1.22, 5.56] 0.006 +3.45 [1.36, 5.70] 0.003 +3.99 [1.39, 6.75] 0.007
SHViT-S3 +3.82 [1.82, 6.08] 0.001 +3.88 [1.89, 6.17] 0.001 +4.83 [2.29, 7.70] 0.001
DeiT III-Base +3.82 [1.39, 6.42] 0.004 +4.04 [1.63, 6.70] 0.004 +4.74 [1.73, 7.90] 0.003
ViT-Base/16 +5.56 [2.86, 8.51] 0.001 +5.81 [3.07, 8.86] 0.001 +6.98 [3.54, 10.64] 0.001

Panel B: Exact McNemar Tests by Seed (MCG-Net-Only Correct/Comparator-Only Correct; Unadjusted p).

Comparator Run 0 Run 1 Run 2

DenseNet-169 17/8 (0.108) 12/6 (0.238) 14/14 (1.000)
RDNet-Base 15/6 (0.078) 12/9 (0.664) 10/6 (0.454)
EfficientNetV2-M 16/9 (0.230) 14/11 (0.690) 18/11 (0.265)
StarNet-S3 16/7 (0.093) 17/7 (0.064) 13/9 (0.523)
ConvNeXt-Base 16/9 (0.230) 16/9 (0.230) 21/9 (0.043)
PiT-B 24/8 (0.007) 16/10 (0.327) 16/8 (0.152)
InceptionNeXt-Base 26/7 (0.001) 13/3 (0.021) 14/11 (0.690)
Swin-Base 21/9 (0.043) 19/7 (0.029) 20/9 (0.061)
RegNetY-16GF 28/7 (<0.001) 11/8 (0.648) 26/12 (0.034)
SHViT-S3 27/5 (<0.001) 18/12 (0.362) 25/9 (0.009)
DeiT III-Base 26/11 (0.020) 22/5 (0.002) 24/12 (0.065)
ViT-Base/16 27/6 (<0.001) 30/12 (0.008) 36/11 (<0.001)

Panel A: 10,000 paired replicates; resampling seed 20261004; adjusted significance threshold 0.02.
The intervals are not simultaneous adjusted intervals. Accuracy, macro-F1, and MCC each form a
separate exploratory family. Panel B: Holm adjustment across all 36 tests at 0.02 leaves SHViT-S3
run 0 (pHolm = 0.004), ViT-Base/16 runs 0 and 2 (0.011 and 0.012), and RegNetY-16GF run 0 (0.017)
significant. Counts refer to paired correctness on the same 384 subjects per fit.
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4.2. Class-Specific Performance and Error Structure

CNV sensitivity was highest at 96.5%, with precision of 87.2% (Table 9). DME precision
and sensitivity were 96.0% and 92.0%; NORMAL sensitivity was 95.1%. DRUSEN had the
lowest sensitivity, 84.4% (98% interval, 76.6–91.4), despite 95.1% precision. This asymmetry
indicates that true drusen cases were more often missed than non-drusen cases were
assigned to DRUSEN. Class-specific AUROC ranged from 97.38% for DRUSEN to 99.46%
for NORMAL.

Table 9. Class-specific one-versus-rest endpoints for MCG-Net, averaged over three fitted runs.
Percentages in parentheses are nominal two-sided 98% subject-index bootstrap intervals; AUROC is
the point estimate.

Class Precision Sensitivity Specificity F1-Score AUROC

CNV 87.2 (79.8–93.6) 96.5 (92.6–99.4) 95.3 (92.4–97.7) 91.6 (87.1–95.4) 98.55
DME 96.0 (91.6–99.2) 92.0 (85.6–97.0) 98.7 (97.3–99.8) 94.0 (90.0–97.1) 98.88
DRUSEN 95.1 (90.8–98.4) 84.4 (76.6–91.4) 98.5 (97.2–99.5) 89.3 (84.2–93.6) 97.38
NORMAL 91.1 (84.8–96.3) 95.1 (91.0–98.5) 96.9 (94.7–98.7) 93.0 (89.1–96.3) 99.46

The aggregate confusion matrix summarizes 1152 predictions from the same 384 obser-
vations across three fits (Figure 3); these are not 1152 independent subjects. Of 288 repeated
DRUSEN predictions, 25 were assigned to CNV and 20 to NORMAL. DME-to-CNV er-
rors accounted for 15 of 288 DME predictions, compared with seven CNV-to-DME errors.
The row-normalized matrix places these error types beside class sensitivity and supports
inspection of the selected visual examples.
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Figure 3. MCG-Net confusion matrix summed over three fitted runs. Each reference row represents
96 unique B-scans evaluated three times (288 predictions). Cells show repeated prediction counts and
row percentages. The independent external sampling unit remains one of 384 represented subjects,
not one of 1152 predictions.
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4.3. Source-Specific Assessment

MCG-Net accuracy was 90.86 ± 0.20% on CAVRI-H5 (n = 288) and 95.49 ± 2.17% on
OCTDL (n = 96). Macro-F1 was 90.69% across the four represented CAVRI-H5 classes
and 96.81% across the DME/NORMAL reference support in OCTDL (Table 10). All
four predictions remained possible in both sources. The two source-level summaries
are not like-for-like four-class comparisons because OCTDL supplies no retained CNV or
DRUSEN references.

Within the shared categories, MCG-Net DME sensitivity was 91.7% in CAVRI-H5 and
92.4% in OCTDL; NORMAL sensitivity was 91.7% and 98.6%, respectively. These estimates
describe the observed source strata but do not isolate scanner, population, or acquisition
effects. EfficientNetV2-M had the highest OCTDL accuracy among the evaluated mod-
els (96.53%), whereas MCG-Net retained the highest aggregate and CAVRI-H5 accuracy.
Source-specific outcomes therefore add information beyond the pooled model ranking.

Table 10. Source-specific external endpoints (percent), mean ± SD across three fits. C/O denotes
CAVRI-H5/OCTDL; Se, sensitivity.

Model CAVRI Acc CAVRI F1 OCTDL Acc OCTDL F1 DME Se C/O NORMAL Se C/O

MCG-Net 90.86 ± 0.20 90.69 ± 0.26 95.49 ± 2.17 96.81 ± 1.85 91.7/92.4 91.7/98.6
DenseNet-169 89.00 ± 0.80 89.42 ± 0.64 95.83 ± 1.04 97.14 ± 0.83 90.3/91.7 97.2/100.0
RDNet-Base 88.89 ± 0.35 89.38 ± 0.26 95.83 ± 0.00 96.81 ± 0.00 93.8/91.7 91.7/100.0
EfficientNetV2-M 88.54 ± 0.60 89.10 ± 0.91 96.53 ± 0.60 97.03 ± 1.08 95.1/98.6 94.4/94.4
PiT-B 87.85 ± 0.35 88.69 ± 0.69 94.10 ± 2.17 95.53 ± 1.89 93.1/88.9 95.8/99.3
StarNet-S3 88.19 ± 0.92 88.60 ± 0.65 95.49 ± 0.60 96.98 ± 0.61 91.0/93.1 93.1/97.9
ConvNeXt-Base 88.08 ± 1.75 88.24 ± 1.58 94.79 ± 1.04 96.60 ± 0.82 92.4/91.0 90.3/98.6
InceptionNeXt-Base 87.96 ± 1.12 87.94 ± 1.00 93.06 ± 3.18 95.38 ± 1.83 93.1/86.1 91.7/100.0
RegNetY-16GF 86.23 ± 2.36 86.99 ± 2.38 96.18 ± 3.18 97.30 ± 2.51 88.2/92.4 95.8/100.0
Swin-Base 86.81 ± 0.60 86.96 ± 0.92 95.49 ± 0.60 97.14 ± 0.79 90.3/91.7 93.8/99.3
DeiT III-Base 86.11 ± 0.92 86.59 ± 0.79 94.44 ± 0.60 95.41 ± 0.28 91.7/91.0 93.8/97.9
SHViT-S3 85.88 ± 1.45 86.29 ± 1.44 95.14 ± 3.18 96.92 ± 2.23 90.3/91.0 89.6/99.3
ViT-Base/16 83.56 ± 0.87 83.51 ± 0.91 95.14 ± 2.62 96.62 ± 1.66 85.4/93.1 89.6/97.2

CAVRI-H5: n = 288, four reference classes. OCTDL: n = 96, DME/NORMAL reference classes.
OCTDL macro-F1 averages only the two represented reference labels, with all four predictions
allowed. Aggregate source scores have different class support and are not a matched four-class
source contrast.

4.4. Contribution of the Residual Context Branches

The native A1 backbone achieved 89.93 ± 0.60% accuracy and 89.81 ± 0.61% macro-
F1. Adding context 11 (A2) increased these means to 90.45% and 90.33%; context 23
alone (A3) reached 90.80% and 90.71%. Full reached 92.01% accuracy and 91.99% macro-F1
(Table 11, Figure 4). Relative to A1, the two context branches add approximately 2.58 million
parameters, or 10.6%. All four variants were evaluated using distinct seeds 0, 1, and 2.

Table 11. Architectural ablation on the external cohort. Mean ± SD over three fitted runs (percent),
using the same four-class prediction rule. A1: Native DW7; A2: DW7 + context 11; A3: DW7 + context
23; Full: DW7 + both context branches.

Variant Params (M) Accuracy Macro-P Macro-F1 MCC AUROC AUPRC

A1 (local baseline) ∼24.25 89.93 ± 0.60 90.81 ± 0.68 89.81 ± 0.61 86.91 ± 0.78 98.29 ± 0.34 96.14 ± 0.71
A2 ∼25.52 90.45 ± 0.15 91.30 ± 0.41 90.33 ± 0.17 87.61 ± 0.23 97.85 ± 0.22 95.21 ± 0.99
A3 ∼25.56 90.80 ± 0.54 91.24 ± 0.62 90.71 ± 0.58 87.92 ± 0.73 98.56 ± 0.05 96.85 ± 0.31
Full 26.82 92.01 ± 0.60 92.33 ± 0.63 91.99 ± 0.61 89.47 ± 0.80 98.57 ± 0.06 96.62 ± 0.24

Parameter counts describe the four-output specification. Each variant uses seeds 0, 1, and 2; gating,
transitions, and pooling remain shared.
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The paired Full-minus-A1 macro-F1 difference was 2.18 points (98% interval, 0.50–4.04;
adjusted p = 0.019). The accuracy difference was 2.08 points (0.43–3.91; p = 0.042), which
did not meet α = 0.02. Full-minus-A2 and Full-minus-A3 differences likewise did not
meet the adjusted threshold (Table 12). The macro-F1 interaction estimate was 0.75 points
(−2.00 to 3.58); therefore, the experiment does not establish a supra-additive interaction
between branches.

Table 12. Paired bootstrap differences, Full minus architectural alternative, in percentage points with
nominal 98% intervals and Holm-adjusted p within each five-comparison metric family.

Variant ∆Accuracy ∆Macro-F1 ∆MCC

A1 +2.08 [0.43, 3.91], p = 0.042 +2.18 [0.50, 4.04], p = 0.019 +2.56 [0.39, 4.95], p = 0.045
A2 +1.56 [−0.17, 3.47], p = 0.200 +1.66 [−0.12, 3.57], p = 0.151 +1.86 [−0.36, 4.23], p = 0.237
A3 +1.22 [−0.43, 2.95], p = 0.251 +1.27 [−0.38, 3.07], p = 0.197 +1.55 [−0.57, 3.82], p = 0.255
K7 +1.04 [−0.26, 2.43], p = 0.251 +1.06 [−0.23, 2.46], p = 0.197 +1.32 [−0.38, 3.17], p = 0.255
K15 +1.30 [−0.43, 3.13], p = 0.251 +1.37 [−0.32, 3.24], p = 0.197 +1.56 [−0.63, 3.93], p = 0.255

Only Full-minus-A1 macro-F1 meets the adjusted 0.02 threshold. Context interaction: Accuracy
+0.69 [−2.00, 3.47]; macro-F1 +0.75 [−2.00, 3.58]. The interaction intervals include zero. The separate
ablation McNemar family has no significant adjusted result.

Class-specific changes were largest for drusen sensitivity, from 75.3 ± 2.2% in A1 to
84.4 ± 2.1% in Full (a descriptive increase of 9.1 points). CNV F1 increased from 87.0%
to 91.6%. NORMAL F1 decreased from 94.3% to 93.0%, indicating that the aggregate
improvement was not uniform across categories.
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Figure 4. Accuracy and macro-F1 for native and context-augmented variants. Error bars show the
sample SD across three fitted runs, not confidence intervals. Full-minus-A1 macro-F1 meets the paired
adjusted threshold; numerical ordering of the other variants does not establish significant differences.

4.5. Second-Kernel Comparison

With context 11 fixed, second kernels 7, 15, and 23 produced mean macro-F1 scores of
90.93%, 90.62%, and 91.99%, respectively (Table 13, Figure 5). Kernel 23 had the highest
observed external mean, and the Full 11/23 combination was selected using these outcomes
together with the architectural ablation. Differences from kernels 7 and 15 remained uncer-
tain after paired adjustment, and the external trend was not monotonic. This numerical
selection does not establish an optimal kernel size or a significant advantage over every
tested configuration. Confirmation of the selected combination requires a further cohort
untouched by architectural selection.
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Table 13. Second-kernel comparison with the first context branch fixed at 11. External endpoints
describe CNV, DME, DRUSEN, and NORMAL. Means ± SD are percentages across three fitted runs.

Second Kernel Params (M) Accuracy Macro-F1 MCC AUROC

7 26.78 90.97 ± 0.54 90.93 ± 0.59 88.15 ± 0.65 98.42 ± 0.25
15 26.80 90.71 ± 0.84 90.62 ± 0.83 87.91 ± 1.08 98.06 ± 0.38
23 (Full) 26.82 92.01 ± 0.60 91.99 ± 0.61 89.47 ± 0.80 98.57 ± 0.06
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Figure 5. Second-kernel comparison with context 11 fixed. Accuracy and macro-F1 describe the same
four-class external assessment. Error bars show across-run SD; the largest kernel has the highest
observed external mean without a significant adjusted advantage over the alternatives.

4.6. Computational Profile

The instantiated four-output MCG-Net has approximately 26.82 million parameters,
9.97 GFLOPs under the declared THOP counting convention, 4.28 ms median batch-1
latency, and 1396 images/s batch-16 throughput on an RTX 5090 (Table 14). DenseNet-169
uses fewer parameters and a lower counted operation total, while MCG-Net has lower
batch-1 latency. StarNet-S3 and SHViT-S3 are substantially smaller and provide higher
throughput. ConvNeXt-Base has more parameters but lower batch-1 latency. The model
consequently occupies a performance and resource trade-off rather than achieving mini-
mum cost or maximum speed on every measure (Figure 6).

Table 14. Matched inference profile at 224 × 224 input on an RTX 5090. Macro-F1 is the external
mean (percent); parameter counts use the instantiated four-output models. Latency is median batch-1
inference; throughput uses batch 16.

Model Macro-F1 Params (M) Counted GFLOPs Latency (ms) Throughput (img/s)

MCG-Net 91.99 26.82 9.97 4.28 1396
DenseNet-169 90.62 12.49 6.72 5.24 1521
RDNet-Base 90.55 85.70 30.71 16.28 597
EfficientNetV2-M 90.42 52.86 10.44 28.23 752
StarNet-S3 89.98 5.49 1.52 1.35 5365
ConvNeXt-Base 89.69 87.57 30.71 3.37 1136
PiT-B 89.29 72.74 21.11 2.51 1505
InceptionNeXt-Base 89.18 83.61 29.72 4.91 828
Swin-Base 88.82 86.75 30.34 4.79 1055
RegNetY-16GF 88.54 80.58 31.82 7.14 785
SHViT-S3 88.11 13.80 1.22 2.66 5975
DeiT III-Base 87.95 85.82 33.70 2.98 1162
ViT-Base/16 86.18 85.80 33.70 2.93 1181

FP32, AMP/TF32 disabled, no gradients. Counted GFLOPs equal two times the THOP MACs and
exclude functional attention matrix products; they are not complete cross-family operation totals.
Hardware timing concerns model execution, not OCT acquisition or clinical workflow.
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The instantiated four-output MCG-Net contains 26,824,900 parameters. Parameter
count, the partial operation-count proxy, and measured timing are reported separately
because their rankings differ and their attention operators are incompletely covered by
the profiler.
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Figure 6. External macro-F1 versus parameter count (left) and measured batch-1 latency (right).
Points summarize the evaluated models, and the labeled models illustrate distinct resource and
performance choices. Timing uses the matched RTX 5090 FP32 protocol; parameter count alone does
not determine latency. MCG-Net is shown in red; all comparator models are shown in blue.

4.7. Hypothetical Prevalence and Predictive Value

At the artificially balanced 25% class prevalence, the count-derived one-versus-rest
PPV is 87.1% for CNV and 96.0% for DME. Under a hypothetical 1% prevalence, these
values decrease to 17.0% and 42.2%, respectively (Figure 7). At 1% prevalence, DRUSEN
and NORMAL PPV are 36.2% and 23.5%, compared with 94.9% and 91.0% at the balanced
25% prevalence. These scenarios illustrate the consequence of nonzero false-positive rates;
they are neither empirical clinical PPV estimates nor a validation of probability calibration.
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Figure 7. Hypothetical one-versus-rest positive predictive value as prevalence changes. Curves use
unrounded aggregate confusion counts and assume stable sensitivity and specificity. Marked points
correspond to 1%, 5%, 10%, and 25% prevalence. These are scenario calculations, not observed clinical
prevalences or calibrated model probabilities.
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4.8. Selected Predictions and Grad-CAM++ Localizations

Figure 8 presents four correctly classified B-scans, one per category, and four errors
with four-class probabilities. Examples were selected from the fits trained with seeds 0, 1,
and 2. The illustrated errors include DRUSEN assigned to CNV or NORMAL and DME
assigned to CNV. All four errors have a predicted-class probability of at least 92.6%. High
softmax confidence therefore does not exclude error, and this figure cannot be interpreted
as evidence of calibrated uncertainty.

Figure 8. Selected external MCG-Net predictions drawn from the fits trained with seeds 0, 1, and 2.
Top row: One correct prediction per category. Bottom row: Four misclassifications. Labels show
reference and predicted category, source, and four-category probability bars. Each probability vector
belongs to the fitted model used for that example; vectors are not averaged across seeds and are not
calibrated diagnostic risk estimates.

Figure 9 shows different selected B-scans and Grad-CAM++ overlays for the predicted
class. In correct cases, highlighted regions overlap the RPE elevation and fluid-related CNV
appearance, intraretinal spaces in DME, focal RPE elevations in DRUSEN, and organized
parafoveal retina in NORMAL. In the DRUSEN-to-CNV error, localization includes irreg-
ular RPE elevations; in the DRUSEN-to-NORMAL error, it is more diffuse around subtle
deposits. The DME-to-CNV and CNV-to-DME examples show emphasis near the outer
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retina and RPE–choroid band. These appearances are compatible with morphological over-
lap between categories, but they do not establish which clinical finding caused a prediction.
No lesion-mask agreement or attribution-faithfulness endpoint was measured.

Figure 9. Grad-CAM++ localizations for external B-scans selected from MCG-Net fits trained with
seeds 0, 1, and 2. Each overlay is generated from the corresponding fitted model at target layer
stages.3.blocks.1. Left: Correct predictions, one per category. Right: Misclassifications selected
across the three fits. Each example pairs an input with its predicted-class overlay and gives its
reference-to-prediction label, displayed probability, and source. Maps are normalized per image and
are post hoc localizations rather than lesion segmentations. The cases differ from Figure 8; CAM-path
resizing can change displayed probabilities relative to benchmark inference.

5. Discussion
The external comparison suggests that compressed multiscale residual context

can improve the observed OCT classification mean under the assessed protocol. Be-
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cause these outcomes also informed architecture selection, the magnitude of improve-
ment may be optimistic for a future independent cohort. MCG-Net attains the leading
mean accuracy and macro-F1 in the principal comparison, and the Full-minus-native
macro-F1 difference meets the adjusted threshold. Differences against DenseNet-169,
RDNet-Base, and EfficientNetV2-M remain compatible with sampling uncertainty, while
EfficientNetV2-M has stronger probability-based discrimination. The Full-minus-native
macro-F1 difference is the clearest exploratory architectural result, but its interval and
adjusted test do not correct for external-data-informed configuration selection.

5.1. Spatial Context and the Limits of the Architectural Evidence

The context branches supplement an already effective local path. Compression con-
trols their parameter growth, separable kernels expand spatial support, and bounded
residual scales regulate how the new responses enter the native GELU-gated hierarchy.
The contribution lies in bounded additive context within the retained gated hierarchy,
distinct from multiplicative attention-map construction and separate CNN–Transformer
streams [25,43,46,47].

The ablation supports the combined context extension most clearly for macro-F1.
Single-branch variants improve the observed mean, but their adjusted differences from
Full are uncertain. The interaction interval includes zero, so synergy is not established.
Similarly, kernel 23 has the highest external mean without a significant advantage over the
tested smaller kernels. These outcomes informed the selection of Full 11/23 and require the
cautious interpretation of that selected configuration. A further external cohort excluded
from architecture selection is needed to confirm the improvement and assess whether the
apparent ordering persists.

5.2. Class-Specific Errors and Clinical Interpretation

Drusen are the main residual weakness. Their shallow RPE elevations can resemble
normal contours or elements of neovascular disease, particularly after spatial resizing.
The shift in drusen sensitivity from A1 to Full suggests that wider context may help distin-
guish these appearances, but the remaining 84.4% sensitivity leaves a substantial miss rate.
CNV has high sensitivity with lower precision, consistent with drusen and edema images
being assigned to it. Intraretinal and subretinal fluid, RPE changes, and surrounding-layer
continuity are relevant anatomical distinctions, yet repository labels cannot determine
whether a network uses these distinctions appropriately in each image [4,7,9].

The attribution examples make this limitation visible. Highlighting near an RPE eleva-
tion may be anatomically plausible in a correct CNV case and in a DRUSEN-to-CNV error.
A plausible map therefore does not validate a diagnosis. The selected errors also show that
probabilities close to one can accompany incorrect classifications. Grad-CAM++ provides
localization of score-associated features; it supplies neither a segmentation of disease tissue
nor causal evidence of biomarker reliance [50,51]. Quantitative lesion agreement, perturba-
tion tests, probability calibration, and a prospectively selected referral threshold remain
necessary for a clinically interpretable system.

5.3. External Assessment and Prevalence

Using external repositories separates model fitting from the assessment images,
and within-source subject identifiers support paired subject-index uncertainty estimates.
However, CNV and DRUSEN references appear only in CAVRI-H5. The better OCTDL
aggregate score cannot be interpreted as uniformly better transfer because that subset
contains only DME and NORMAL references. The shared-category sensitivities offer a
more appropriate source contrast but do not separate patient mix from acquisition effects.
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Finally, equal category counts facilitate comparison but differ from most clinical
populations. The PPV scenarios demonstrate how the same sensitivity and specificity
can yield many false-positive referrals at low prevalence. They assume a fixed operating
behavior and cannot model all changes in disease spectrum, acquisition, and diagnostic
practice. The benchmark consequently supports comparison of retrospective classifiers, not
a population-screening claim or a deployment-ready triage pathway.

5.4. Relationship to Recent OCT Studies and Resource Requirements

Published OCT systems report high within-dataset results and increasingly exam-
ine external transfer, calibration, and uncertainty [26,36,41,48,49]. Table 1 places selected
original results beside their task and evaluation scope. Differences in category definitions,
pretraining sources, subject grouping, and external selection make raw percentages un-
suitable for cross-study ranking. In particular, binary AMD-versus-normal self-supervised
evaluation, four-category classification, and eight-category OCT-C8 assessment address dif-
ferent endpoints. Here, CAVRI-H5 is an external resource released in 2026 that is excluded
from parameter fitting but contributes to configuration selection through the reported
external comparisons [29]. Published results on other OCT cohorts are therefore used for
methodological context; the repeated comparator experiment establishes performance on
the same external observations.

MCG-Net’s contribution is assessed most directly through its matched native-
backbone ablation and shared external comparator experiment. It uses fewer parameters
than several large Transformer and modern convolutional alternatives, but compact StarNet
and SHViT models are faster and smaller. DenseNet-169 is also smaller while remaining sta-
tistically close in external performance. Measured latency is therefore necessary alongside
parameter count, and the incomplete THOP attention coverage prevents an unqualified
cross-family FLOP-efficiency claim. These measurements identify an operating trade-off on
the specified GPU; they do not establish throughput on a clinical scanner, mobile device,
or CPU workflow.

5.5. Limitations and Future Work

OCT-C8 was used only for training and validation, but its missing patient and vol-
ume identifiers prevent verification of patient-disjoint development. Exact-match and
perceptual-similarity exclusions address image overlap without resolving unidentified
within-patient dependence. CAVRI-H5 and OCTDL are separate external data sources
with one selected observation per subject. Their outcomes informed the selection of Full
11/23 before the comparator analysis on the same cohort, introducing a risk of selection-
related optimism. No additional untouched external cohort was used, and the reported
bootstrap intervals and multiplicity adjustments do not correct for configuration selection.
Accordingly, the numerical ranking and paired differences require confirmation on new
external subjects. Cohort selection preceded predictions and used random subject sampling
within fixed class and source quotas; however, the CAVRI-H5 sampling seed was not
retained. Its manifest preserves the selected membership, while class balancing and incom-
plete random-draw provenance limit representativeness and exact regeneration. The two
ophthalmologist reviewers reviewed images jointly, so inter-reader reliability cannot be
estimated from independent ratings. Source and class remain associated, and conditions
outside the four-category task have no validated rejection mechanism.

MCG-Net classifies individual B-scans and does not integrate information from adja-
cent slices within an OCT volume. This may limit detection of small or eccentric abnormali-
ties that are poorly represented in a selected scan, so volume-level aggregation requires
separate evaluation before the model can support comprehensive clinical assessment.
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The three-seed runs characterize a limited range of training variability. Exact repro-
duction of the training environment is limited by the absence of documented training
hardware and numerical precision. The common AdamW protocol supports comparison in
a controlled optimization setting, but it does not establish the best achievable configuration
for every architecture. The present analysis also does not establish calibrated uncertainty,
prospective scanner robustness, attribution faithfulness, or reader benefit. The external
sample size and category balance limit prevalence-sensitive conclusions. Further validation
should use identifiable patient/volume-disjoint development, independent cross-center
reference assessment, prospectively defined operating thresholds, and representative clini-
cal sampling.

Future work should use prospectively assembled cohorts with complete patient and
volume identifiers, independent blinded readers, and representative disease prevalence.
Validation-only model-specific optimizer and schedule selection should be followed by
repeated evaluation on untouched external cohorts, alongside controlled retraining of
recent OCT-specific methods. Volume-level aggregation, calibrated confidence and absten-
tion, lesion-level attribution validation, and acquisition-stratified assessment should be
evaluated before clinical deployment.

6. Conclusions
MCG-Net augments a gated CNN with compressed residual context at kernels 11 and

23. On the 384-image external cohort comprising CNV, DME, DRUSEN, and NORMAL,
the selected configuration achieved 92.01% mean accuracy and 91.99% macro-F1 across
three fitted runs. The exploratory Full-minus-native macro-F1 difference was 2.18 points,
while advantages over the strongest comparator models remained uncertain. This cohort
also informed configuration selection, so these results do not constitute untouched valida-
tion of the final architecture. Source-specific results, prevalence scenarios, and visual errors
delimit this finding. The evidence supports further investigation of multiscale residual
context for OCT representation; it does not yet establish unrestricted, calibrated clinical
diagnosis or prospective deployment.
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