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Early detection of dementia through
retinal imaging and trustworthy AI
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Alzheimer’s disease (AD) is a global healthcare challenge lacking a simple and affordable detection
method. We propose a novel deep learning framework, Eye-AD, to detect Early-onset Alzheimer’s
Disease (EOAD) and Mild Cognitive Impairment (MCI) using OCTA images of retinal microvasculature
and choriocapillaris. Eye-AD employs a multilevel graph representation to analyze intra- and inter-
instance relationships in retinal layers. Using 5751 OCTA images from 1671 participants in a multi-
center study, our model demonstrated superior performance in EOAD (internal data: AUC = 0.9355,
external data: AUC = 0.9007) and MCI detection (internal data: AUC = 0.8630, external data:
AUC = 0.8037). Furthermore, we explored the associations between retinal structural biomarkers in
OCTA images and EOAD/MCI, and the results align well with the conclusions drawn from our deep
learning interpretability analysis. Our findings provide further evidence that retinal OCTA imaging,
coupled with artificial intelligence, will serve as a rapid, noninvasive, and affordable dementia
detection.

Dementia affects approximately 50 million individuals worldwide, and the
number of patients is increasing due to the aging population1. The devel-
opment of new methods for studying dementia’s early pathophysiology is
imperative. Current tests, such as magnetic resonance imaging (MRI), and
biochemical quantification of proteins in cerebrospinal fluid are expensive,
either time-consuming or invasive, and cannot be used on a large
population.

The retina has been postulated to be a window to the brain and
hence may provide an opportunity for the study of neurodegeneration
and microvascular changes in the early pathophysiology of dementia2,3.
Histopathological reports from post-mortem cases have confirmed
retinal microvascular changes in patients with Alzheimer’s disease
(AD)4. Several clinical studies have supported this theory, confirming
changes in retinal vasculature, vessels of different calibers, and struc-
tural changes around the optic nerve head and retinal structure in AD

patients5–8. These changes can be detected with ophthalmic imaging
modalities such as color fundus photography (CFP), optical coherence
tomography (OCT), and OCT angiography (OCTA). Currently, accu-
mulating evidence suggests that retinal imaging tools may provide
useful biomarkers for the study and management of the early patho-
biology of dementia.

CFP imaging has advantages in accessibility and cost. However, its
analysis detects retinal microvasculature changes mainly confined to
arterioles and venules (60–300 μm in diameter) due to limited image
resolutions9 and finds it challenging to detect more subtle vascular changes
at the very early stages of the disease, such as mild cognitive impairment8,9.
OCTA is a novel imaging modality that noninvasively and quickly images
the retinal microvasculature including capillaries with high resolution
(5–6μm in diameter). Moreover, this technique provides in-depth infor-
mation, allowing the visualization and representation of the retinal
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microvascular network and structure of the foveal avascular zone, in dif-
ferent retinal layers and the choroid.

Recent advances in artificial intelligence (AI), especially deep learning,
have enabled new approaches for AD detection utilizing ocular imaging. A
pioneer study using a machine learning model10 for the analysis of CFP
demonstrated significant differences in retinal vascular networks between
AD patients and controls. Tian et al.11 developed a multi-stage machine
learningpipelineusing vesselmaps extracted fromCFP images and reported
an AD classification result with an AUC of 0.87. Kim et al.12 designed an
end-to-end, attention-based convolutional neural network (CNN) model
forCFP-basedADclassification.Most recently,Cheung et al.7 trained adeep
learning algorithm on CFP datasets from multi-centers for AD detection,
obtaining an AUC of 0.93. Xie et al.8 used a two-stage CNN network to
extract the vessels inOCTAimages andproposed12parameters to study the
association of retinal structure changeswithAD.While thesemethods show
promise,most of themrely onCFP images, there is a lackof end-to-enddeep
learning detection models using large-scale OCTA data. Additionally, the
multi-dimensional aspect of OCTA data necessitates algorithms that can
effectively handle and integrate multi-layered information. Precise feature
extraction and mining from OCTA images require careful attention to the
interrelationships and complementarity between different projection layers.
Algorithms developed for CFP data are not well-suited for this task due to
their design focus on the characteristics of CFP images. More importantly,
most existing end-to-end deep learning approaches lack interpretability.
This makes it challenging to provide clinicians and researchers with infor-
mative disease insights.

On the other hand, there has been very little work that is focused on the
early detection of dementia. For example, early-onset AD (EOAD) - diag-
nosed in those under 65 years old - offers a promising avenue for identifying
diagnostic indicators potentially applicable to sporadic AD. Mild cognitive
impairment (MCI) can be an early stage of memory or cognitive ability loss
and is an intermediate stage between cognitive normalcy andADdementia,
with a high likelihood of regression toADdementia. Cheung et al.7 designed
an AI model to distinguish AD patients from controls using CFP and
achievedpromisingdetection resultswithanAUCof 0.93.However, it is not
clear whether their approach can be used to detect EOAD andMCI. Several
studies observed that EOAD and MCI patients exhibit significant micro-
vascularmorphological changes in thedeepvascular complex, butCFP lacks
sufficient resolution to capture the subtle microvascular changes associated
with early pathology. In consequence, A tool that can detect dementia such
asEOADorMCIwill lead to enormousbenefits topatientswhen treatments
can be more effective against dementia.

In this work, we propose a novel interpretable graph-based deep
learning model named Eye-AD, to identify EOAD and MCI individuals
through the unique characteristics of OCTA images. This tailored model
explores intra- and inter-instance relationships across diverse retinal and
choroidal layers, leveraging the unique capabilities of OCTA data. We
combine this innovative AI approachwith conventional biomarker analysis
methods. This enables a comprehensive, interpretable evaluation of the
model’s decision-making and reinforces its credibility. Such a combination
offers further insight into the impact of dementia on retinal and choroidal
vasculature. The workflow of our study is illustrated in Fig. 1. Experimental
results confirm that Eye-AD has outperformed other approaches in iden-
tifying EOAD and MCI from healthy controls. The results from visualiza-
tion and interpretability analysis show that Eye-AD has demonstrated
decision-making patterns consistent with prior clinical findings. Our Eye-
AD may therefore provide a useful tool for quick identification and rapid
screening of dementia-related disease in large populations.

Results
Demographic characteristics
The OCTA images used in this study are from a multi-center case-control
study that involved four centers for EOAD and MCI detection. The inclu-
sion and exclusion criteria for participants are shown in Fig. 2. Details of the
study data are described in the “Methods” section.

The demographic details of the cohort participants are presented in
Table 1. Our final data for EOADdetection includes 1192 eyes from the 870
participants. There is amarginally significant age difference betweenEOAD
and controls (p = 0.049), with EOAD patients being slightly older on
average. The EOAD patients have a higher prevalence of hypertension and
diabetes (p < 0.001), as well as fewer years of education (p = 0.021), com-
pared to controls. The data for MCI detection include 725 eyes from 551
participants. The MCI patients were significantly older than the controls
(p = 0.002). Additionally, MCI patients have a higher prevalence of hyper-
tension (p < 0.001).

Performance of EOAD detection
We first evaluate the Eye-AD for EOAD detection over the internal dataset
ROAD-I, and thequantitative results are shown inTable 2. Five state-of-the-
art CNN-based methods and three GNN-based methods were selected for
comparison. These methods all require multiple inputs for different sce-
narios, including early fusion13, middle fusion14, late fusion15, MCC16,
MUCO17, GCN18, GAT19, and UG-GAT20. We also selected two ViT-based
methods for comparison, including ViT21 and SwinV2-T22.

As shown in Table 2, the performance of our Eye-AD on ROAD-I
exceeds those of all the compared methods in terms of five evaluation
metrics: accuracy of 0.8885, precision of 0.8862, F1-score of 0.8867, Kappa
of 0.7018 and AUC of 0.9355. Notably, our method achieves a statistically
significant improvement on AUC over all the other methods, when eval-
uated by the pairwise Delong’s test. We can also see that CNN-based and
GNN-based approaches perform better than ViT-based methods for our
task, given the limited dataset size. ViTmodels have a very large number of
parameters and require substantial training data to reach peak performance.
With our current dataset scale, ViT was prone to overfitting and achieved
inferior results compared to CNNs. The MCC method exhibits poor per-
formance compared with other multi-input methods, which may be due to
the fact that the method is specifically designed for multi-weight magnetic
resonance imaging (MRI). The structures of the different MRI inputs are
similar, while the structures of the multiple OCTA en face inputs vary
widely, which makes MCC perform poorly in this task. In addition, the
GNN-based methods achieve better performance than those employing a
CNN. This is likely to be because GNNs are better at modeling and mining
relationships between regions and instances, and exploiting the correlation
and complementarity between different en face images for classification.

The generalization performance of the Eye-AD model is validated on
the external dataset ROAD-II. The quantitative results are shown inTable 2.
Compared to the internal dataset ROAD-I, while the overall performance of
all the compared methods on ROAD-II is lower, as expected, the proposed
Eye-ADachieves again thebest performance, outperforming all competitors
in terms of accuracy (0.8176), precision (0.8429), F1-score (0.8291), kappa
(0.5865) and AUC (0.9007). This indicates that the proposed method can
effectively extract discriminative features for reliable EOAD detection and
that the model is stable over the datasets captured by different hospitals.

Performance of MCI detection
Wealso train and evaluate the Eye-AD for theMCI detection: the results are
shown in Table 2. The Eye-AD achieves the highest accuracy (0.8487),
precision (0.8506), F1-score (0.8410), Kappa (0.6229), and AUC (0.8630)
scores when compared with the other methods. The images in ROAD and
ROMCI were acquired using different OCTA systems. This allows us to
evaluate the generalization performance of the model under various tasks
andmachine settings. In addition, ROMCI utilizes a smaller amount of data
comparedwithROAD,whichmakes themodel trainingmore susceptible to
overfitting problems.

The overall performances of all the methods on ROMCI-II are worse
than those on ROMCI-I, while the proposed Eye-AD achieving the best
performance in terms of accuracy (0.8444), precision (0.8392), F1-score
(0.8339), kappa (0.5489) and AUC (0.8037). The GNN-based methods
achieve better performance than the CNN-based ones. This implies that
consideration of the relationships between different regions and instances is
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crucial for MCI detection. The results validate the effectiveness and gen-
eralization capability of our model for the task of MCI detection over the
datasets captured by different hospitals.

Interpretability analysis
To understand the decision-making process of the Eye-AD model and
identify discernible patterns in its ability to detectAD, we perform extensive
visualization and statistical analyses. We compare Eye-AD’s decision pat-
terns with those obtained through conventional parameter analysis8.
Through these comparisons, we aim to evaluate the consistency of the Eye-
AD’s decision-making process with the findings of previous studies and to
determine whether it offers any significant advantages over conventional
parametric statistical approaches. Specifically,We first train the Eye-AD on
the ROADdataset and obtain the importance distribution at the image level
and pixel level for each OCTA case. We also compute the average impor-
tance distribution of all the samples, allowing us to identify general trends
and patterns in the Eye-AD’s decision-making process. The same pre-
processing steps are also applied to the ROMCI dataset. Results are pre-
sented in Fig. 3.

In addition, we also extract eight different parameters characterizing
both retinal microvasculature and foveal avascular zone (FAZ)8, including
vascular length density (VLD), vascular area density (VAD), vascular
bifurcation number (VB), vascular fractal dimension (VFD), FAZ Area
(FA), FAZCircularity (FC), FAZ roundness (FR) andFAZSolidity (FS).We
then investigate the difference between EOAD/MCI and control groups.
The results are shown in Fig. 4.

Regarding image-level importance, it can be observed that the DVC
generally contributes more than either the SVC or the CC, obtaining an
average importance score of 40% and 49% for EOAD and MCI cases,
respectively, as shown in Fig. 3. The global parameter statistical analysis
shows a similar pattern, as shown in Fig. 4. For the ROAD dataset, three of
the eight parameters in SVC showed significant differences between the
EOAD and control groups, while five parameters in the DVC showed sig-
nificant differences. Parameter statistical analysis between the MCI and
control groups further supports these conclusions, as illustrated in Fig. 4.
The DVC showed more parameters with significant differences (two
parameters) than the SVC (one parameter). This study demonstrates strong
and consistent associations between the interpretability of Eye-AD and

Fig. 1 | A schematic illustration of the Eye-AD model and the model’s inter-
pretability analysis. aThree en face images of a retina are fed into a feature extractor
to obtain initial features for constructing a multilevel graph. Then an importance-
aware graph neural network (GNN) module is used to obtain the prediction results.
bWe conducted visualization and parameter analysis for the trained Eye-AD, and
compared the significant patterns (image- and pixel-level) learned by Eye-AD, with

the conventional statistical analysis of handcrafted features (global and regional).
Multiple global vascular and foveal avascular zone (FAZ) parameters were analyzed
to compare the importance of different en face. A sub-sector parametric analysis for
the vasculature surrounding the FAZ was also performed to determine if there were
significant differences between the EOAD/MCI and control groups in these regions.

https://doi.org/10.1038/s41746-024-01292-5 Article

npj Digital Medicine |           (2024) 7:294 3

www.nature.com/npjdigitalmed


feature analysis of retinal microvasculature and FAZ, indicating that the
DVC plays a more important role in EOAD and MCI detection. Addi-
tionally, the most significant difference in the interpretable analyses of
EOAD and MCI is that EOAD exhibits greater between-group differences
thanMCI in both the SVC andDVC layers. This implies that EOAD causes
more substantial alterations to the fundus structure thanMCI. The primary
reason for this could be that although EOAD develops in individuals
younger than 65 years of age, its symptoms canbe as severe as other formsof
AD, leading to a greater impact on the fundus structure. On the other hand,
MCI represents an early stage of dementia withmilder symptoms, resulting
in less pronounced changes in the fundus. This suggests that the effect of
dementia on the fundus structure becomes more evident as symptoms
worsen. Furthermore, there are also similar patterns in the interpretable
results of EOAD and MCI. For both conditions, the between-group dif-
ferences in the DVC layer are larger than those in the SVC layer. This
consistency indicates that certain changes in the deeper layers of the retina
might bemore sensitive indicators of early dementia stages, regardless of the
specific type.

Figure 3 shows the attention maps of each en face image of both
EOAD/MCI and control cases. It reveals that in the SVC, the areas of
activation for control cases are mainly around the FAZ and large vessels;

while in theEOADcases, regions of small vessels between the larger ones are
activated. In theDVC, the activation area ismainly concentrated in the FAZ
and its surrounding vessels. Compared to control cases, the activation area
in EOAD cases is larger. The degree of activation of the CC differs greatly
between AD and control cases, withmore activation areas in AD cases. The
average activation maps of all the samples indicate that the FAZ and its
surrounding vessels have the highest probability of being activated, sug-
gesting that EOAD ismost likely to cause changes in capillaries surrounding
the FAZ. To confirm this, we perform a sub-sector parametric analysis for
themicrovasculature surrounding the FAZ, as presented in the bottom row
in Fig. 4. We find that for the parameters of microvasculature in both the
SVC and the DVC, several sub-sectors demonstrate significant differences
between the EOAD and control groups, indicating that the micro-
vasculature surrounding the FAZ undergoes detectable alterations in
EOAD. The results of the ROMCI analysis are similar to those of ROAD,
except that fewer parameters and regions are significantly different in
ROMCI than in ROAD, as shown in Fig. 4.

Discussion
We proposed a novel deep learning-based model namely Eye-AD, by
leveraging OCTA images for the detection of both EOAD and MCI. Our

Table 1 | Demographic data for all the subjects involved in this study

Data for EOAD detection Data for MCI detection

Control EOAD P-value Control MCI P-value

Subject-level variables 631 239 - 455 96 -

Age, years (SD) 58.79 (7.34) 66.42 (8.58) 0.049 63 (15.48) 72.16 (9.73) 0.002

Number of females (%) 411 (65.1%) 155 (64.8%) 0.446 268 (58.9%) 59 (61.4%) 0.643

Hypertension (%) 84 (13.3%) 93 (38.9%) <0.001 210 (46.1%) 27 (28.1) <0.001

Diabetes (%) 35 (5.5%) 52 (21.7%) <0.001 79 (17.3%) 11 (11.4%) 0.807

Education level, year (SD) 10.61 (4.88) 8.51 (4.61) 0.021 9.63 (4.04) 6.17 (3.16) 0.057

MMSE (SD) 28.75 (1.55) 18.81 (6.80) <0.001 27.44 (3.13) 21.09 (3.90) 0.044

MoCA (SD) 24.79 (3.75) 13.52 (8.23) <0.001 23.77 (4.61) 16.17 (2.74) 0.007

The p-value of age, education level, Mini-Mental State Examination (MMSE), and Montreal Cognitive Assessment (MoCA) were calculated using the t-test, and the p-values of gender, hypertension, and
diabetes were calculated using the chi-square test.

Fig. 2 | Patient flow diagram for the inclusion and exclusion of participants for the analysis. The study data consists of data for Retinal OCTA-based EOAD detection
(ROAD-I, ROAD-II), and Retinal OCTA-based MCI detection (ROMCI-I and ROMCI-II). I and E denote the internal and external datasets, respectively.
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method has demonstrated its potential to bridge the gap in accurate iden-
tification and rapid screening of EOAD/MCI for large-scale populations.
Furthermore, it provides a trustworthy interpretable result, leveraging the
rich spatial information in OCTA data for improved analysis. Previous
works have reported a correlation between biomarkers found in OCTA

images and AD8,23, thus the utilization of retinal OCTA images may prove
advantageous in expeditingAD screening. Retinal imaging is less expensive,
simpler, and faster, and has greater feasibility for smaller hospitals or
community screening programs, when compared with a conventional AD
diagnosis protocol, which relies on a series of complicated and expensive

Table 2 | The detection results of EOAD and MCI using different methods

Dataset Method Accuracy Precision F1-score Kappa AUC (P-value)

ROAD-I ViT 0.6254 0.6431 0.6302 0.2376 0.6958 (<0.001)

SwinV2-T 0.6615 0.6702 0.6645 0.2990 0.7278 (<0.001)

Early fusion 0.8047 0.7924 0.7930 0.4361 0.7470 (<0.001)

Middle fusion 0.8126 0.8013 0.7969 0.4399 0.7313 (<0.001)

Late fusion 0.8179 0.8074 0.8053 0.4660 0.7761 (<0.001)

MCC 0.7744 0.7524 0.7514 0.3109 0.6902 (<0.001)

MUCO 0.8284 0.8256 0.8089 0.4688 0.8256 (<0.001)

GCN 0.8545 0.8522 0.8438 0.5765 0.9135 (<0.001)

GAT 0.8508 0.8482 0.8390 0.5627 0.9029 (<0.001)

UG-GAT 0.8610 0.8578 0.8529 0.6036 0.9154 (<0.05)

Eye-AD 0.8885 0.8862 0.8867 0.7018 0.9355

ROAD-II ViT 0.6133 0.6337 0.6185 0.2168 0.6747 (<0.001)

SwinV2-T 0.6024 0.6169 0.7930 0.4361 0.7470 (<0.001)

Early fusion 0.6806 0.6744 0.6752 0.3125 0.6982 (<0.001)

Middle fusion 0.7356 0.7318 0.7398 0.4315 0.7906 (<0.001)

Late fusion 0.7853 0.8021 0.7991 0.5169 0.8525 (<0.001)

MCC 0.7303 0.7373 0.7116 0.3909 0.7052 (<0.001)

MUCO 0.6178 0.5942 0.6771 0.0940 0.8173 (<0.001)

GCN 0.7696 0.7732 0.7598 0.4906 0.8197 (<0.001)

GAT 0.7670 0.7921 0.7867 0.4682 0.8301 (<0.001)

UG-GAT 0.7382 0.7628 0.7642 0.3971 0.7988 (<0.001)

Eye-AD 0.8167 0.8429 0.8291 0.5865 0.9007

ROMCI-I ViT 0.7242 0.7538 0.7370 0.1869 0.6349 (<0.001)

SwinV2-T 0.7610 0.7320 0.7443 0.1156 0.6168 (<0.001)

Early fusion 0.8051 0.8156 0.8098 0.3925 0.6773 (<0.001)

Middle fusion 0.7830 0.8222 0.7970 0.3933 0.6769 (<0.001)

Late fusion 0.8308 0.8236 0.8267 0.4186 0.7267 (<0.001)

MCC 0.7904 0.7731 0.7803 0.2500 0.6742 (<0.001)

MUCO 0.8051 0.7757 0.7843 0.2401 0.6593 (<0.001)

GCN 0.8103 0.8056 0.8063 0.5438 0.8490 (<0.05)

GAT 0.8240 0.8211 0.8166 0.5662 0.8579 (<0.05)

UG-GAT 0.8209 0.8194 0.8114 0.5524 0.8558 (<0.05)

Eye-AD 0.8487 0.8506 0.8410 0.6229 0.8630

ROMCI-II ViT 0.7333 0.7436 0.7383 0.0769 0.6390 (<0.001)

SwinV2-T 0.7250 0.7406 0.7324 0.0660 0.6385 (<0.001)

Early fusion 0.5583 0.7868 0.6131 0.1263 0.5717 (<0.001)

Middle fusion 0.5416 0.7464 0.5997 0.0517 0.5040 (<0.001)

Late fusion 0.5833 0.7693 0.6363 0.1071 0.5080 (<0.001)

MCC 0.7333 0.7333 0.7333 0.0400 0.5585 (<0.001)

MUCO 0.7666 0.7935 0.7782 0.2500 0.6830 (<0.001)

GCN 0.7851 0.7735 0.7768 0.4018 0.7574 (<0.001)

GAT 0.7851 0.7796 0.7819 0.4246 0.7637 (<0.001)

UG-GAT 0.7703 0.7643 0.7669 0.3850 0.7760 (<0.001)

Eye-AD 0.8444 0.8392 0.8339 0.5489 0.8037

The best performance is highlighted in boldface. P-value is calculated using Delong’s test.
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Fig. 3 | Visualization and interpretability analysis of the Eye-AD model.We
present both image and region-level importance for different inputs. The image-
level importance is presented as a percentage (in red) at the top-left of each image.

The last row shows the average importance distribution of all cases, where we may
identify general trends and patterns in the Eye-AD's decision-making process.
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Fig. 4 | The results of the global and regional statistical analysis of the parameters,
adjusted for factors such as age, gender, hypertension, diabetes, and education
level, were obtained utilizing Generalized Estimation Equation. a shows the

results of comparison between EOAD and the control group: b illustrates the result
between MCI and the control group.

https://doi.org/10.1038/s41746-024-01292-5 Article

npj Digital Medicine |           (2024) 7:294 7

www.nature.com/npjdigitalmed


procedures, such as cognitive assessments, neuroimaging, and cerebrospinal
fluid biomarker evidence. The distinct layers of the retina contain different
types of information, together providing a relatively complete picture of
retinal changes. The SVCconsists of amixture of large and small vessels and
has a centripetally branching pattern that terminates at the capillary ring
around the FAZ. The DVC consists of thin layers of capillaries arranged in
lobular patternswithout directional preference. TheCCcontains awealth of
vascular information on the choroidal circulation24. The proposed Eye-AD
model incorporates a novel multilevel graph method to model and utilize
the intra- and inter-instance relationship of different retinal layers and fully
exploits and fuses this layer information for the improvement of the
detection performance in AD. Rapid identification of potential AD patients
in community settings would enable timely patient referral for further
examination, and early treatments for the best outcomes. To this end, it is
feasible andmore valuable to identify patients with prodromal AD orMCI.
In this work, we evaluated our Eye-AD on the MCI dataset. Our results
suggest that the MCI detection shows satisfactory results (internal:
AUC= 0.8630; external: AUC = 0.8037). However, compared with the
results of the EOAD detection, MCI detection is more challenging, possibly
because detectable changes in the retinal microvascular system accumulate
only slowly as dementia develops. Future research could improve the Eye-
AD model’s sensitivity and specificity in MCI detection: combine bio-
markers extracted from retina scanning with other noninvasive, accessible
modalities such as blood tests or cognitive tests as a potential solution.

Eye-ADprovides a reliable and interpretable detection result. Previous
studies have explored the retinal change in AD patients by analyzing a
variety of potentially relevant microvasculature parameters5,6,8,25–27. The
conclusions drawn from these studies exhibit poor consistency and even
contradict each other. For example, several studies8,25,26 suggested that AD
patients exhibited a significant decrease in the microvasculature in the SVC
compared to control, while no significant difference was observed in the
DVC between the two groups. Contrarily, other reports5,6 found that the
DVC showed a significant difference betweenADand control groups, while
no significant difference was found in the SVC. The conflicting conclusions
of previous studies may be due to any of several causes. Firstly, the sample
sizes employed in most studies were relatively small, with the majority
utilizing fewer than 100 participants: this may have rendered the results
susceptible to inherent biaseswithin the datasets. Furthermore, these studies
relied on handcrafted features, requiring the prior extraction of the retinal
structures before the calculation of the relevant parameters. The chosen
parametersmaynotbe sufficient for a comprehensive assessmentof changes
in themicrovasculature andmay be affectedby variations in the precision of
the prior structure extraction, leading to inconsistent results between stu-
dies.Our study involved 1671 participants, forming by far the largestOCTA
dataset in the investigation of OCTA’s predictive capability for EOAD and
MCI. Analysis of the interpretability of Eye-AD indicates that retinal
changes associated with EOAD/MCI impact both the SVC and DVC, with
potentially greater effects on the DVC. This is evidenced by the differing
contributions of each en face to the model’s predictions. To further
strengthen the credibility of our interpretability results, we conducted a
statistical analysis, which revealed that more parameters of the DVC were
significantly associated with EOAD/MCI than the SVC. The interpretative
results of Eye-AD suggest that the FAZ and its surrounding micro-
vasculature aremore sensitive biomarkers forEOADdiagnosis. Thisfinding
is further supportedby the statistical analysis of the sub-sector parameters of
themicrovasculature. Regarding image-level importance, ourfindings show
that the DVC consistently exhibited higher importance scores (40% for
EOAD and 49% for MCI) compared to the SVC and CC. This observation
aligns with our parameter analysis, where more parameters in the DVC
showed significant differences between the EOAD/MCI and control groups
than those in the SVC. In terms of region-level importance, attentionmaps
reveal that EOADcases displaymore activation in smaller vessels within the
SVC and larger activation areas in the DVC around the FAZ compared to
control cases. Additionally, a sub-sector analysis of the microvasculature
around the FAZ revealed significant differences between the EOAD and

control groups, particularly in theDVC, supportingourmodel’s interpretive
results. These results underscore the strong and consistent association
between the interpretive outputs of Eye-AD and traditional morphological
parameter analysis, highlighting the DVC’s crucial role in detecting EOAD
and MCI.

Our study provides an aid to understanding the effects of AD on the
retina. The interpretable results obtained from Eye-AD offer valuable novel
insights. Our findings suggest that changes in the DVC were more sig-
nificantly associated with EOAD/MCI compared to changes in either the
SVC or the CC. The DVC is made up of capillaries and has a thin cross-
section, which makes it more sensitive to the progression of the disease
cascade28. Importantly, theDVC is responsible for the venular circulation in
the retina29. Recent reports30–32 have highlighted the role of cerebral venular
degeneration in AD; given the retinal microvasculature reflects the cerebral
microcirculation, it is plausible to suggest that these retinal changes reflect
underlying cerebral changes. Parameter statistics on both the ROAD and
ROMCI datasets reveal fewer parameters with significant differences
between MCI and control groups than between EOAD and controls. Spe-
cifically, five parameters in DVC (VLD, VAD, VB, VFD, and FR) show
significant differences between EOAD and control, while only two para-
meters (VAD and FR) exhibit a significant difference between MCI and
controls. These findings suggest that the vascular alterations in the retina
may be subtle during the early stages of cognitive decline, and the dete-
rioration of the retinal microvasculature increases with the progression of
dementia. In addition, the ablation experiments demonstrate that by har-
nessing complementary informationof SVC,DVC, andCC,wemayachieve
more accurate detection of both EOAD and MCI. Moreover, our study
identifies a critical association between EOADand the choroid, as indicated
by the differences in the pixel-level importance distribution of the CC
between EOAD cases and controls. Although earlier studies were limited by
image resolution and did not fully explore the role of the choroid inAD, our
study reveals that the choroid could serve as a potential diagnostic bio-
marker for the disease, as previously suggested33. With advances in OCTA
technology, future studies must place greater emphasis on investigating the
role of the choroid in facilitating rapid screening for AD. Such research has
the potential to enable early detection of AD, providing significant benefits
in the field of AD diagnosis and intervention.

TheproposedEye-ADmodel not only provides a solution for the rapid
detection and screening of EOAD and MCI but also offers a proof-of-
concept, interpretable deep learning model for understanding the associa-
tion between biomarkers in the retina and dementia. However, it is
important to acknowledge the limitations of our study. First, although our
dataset is larger than previous OCTA studies on EOAD and MCI, the
sample size is still relatively small for deep learning. In particular, our dataset
lacked diversity in ethnic groups. As our study was limited to Chinese
populations, its generalizability to other ethnicities is unclear. The difficulty
of obtaining retinal imaging from EOAD patients currently limits sample
sizes. Additionally, our exclusion of patients unable to cooperate could
further bias results. Because recognizing EOAD fromMCI is a valuable task,
we also performed a multi-label recognition task on samples from EOAD,
MCI, and controls using ourmodel and dataset. The results were as follows:
Accuracy: 0.8758 and AUC: 0.9320. However, as the reviewer pointed out,
detecting MCI and EOAD is a more difficult task and we believe that these
results obtained may be largely due to the heterogeneity of the data, speci-
fically the different models of OCTA devices used to detect the MCI and
EOAD cohorts. This discrepancy may allow the model to learn disease-
irrelevant information. In futurework, wewill establishmore homogeneous
cohorts to further investigate the effects of different stages of dementia on
the fundus. Second, the current model focuses solely on retinal OCTA
images, which, while valuable, may not capture the complete picture of AD
pathology. Integrating multimodal data, such as blood biomarkers, genetic
information, and cognitive assessments, could enhance the model’s pre-
dictive power and generalizability. Third, the real-life deployment of Eye-
AD in clinical settings faces several challenges. These include the standar-
dization of imaging protocols across different devices and institutions,
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ensuring data privacy and security, and obtaining regulatory approvals.
Addressing these issues requires collaborative efforts among researchers,
clinicians, and policymakers. Lastly, longitudinal studies are necessary to
validate the utility of retinal biomarkers for predicting the progression of
cognitive decline over time. Such studies would provide insights into the
temporal dynamics of retinal changes inAD andMCI and could inform the
development of intervention strategies aimed at halting or slowing disease
progression. In short, larger longitudinal studies are needed to assess the
utility of retinal biomarkers for diverse populations. Future work should
focus on standardizing retinal imaging and cognitive assessments for early
AD detection.

In conclusion, we have proposed a novel multilevel graph-based
deep learning model, Eye-AD, to detect EOAD and MCI through the
unique characteristics of OCTA images. This model allows for sig-
nificant exploration and understanding of both intra- and inter-instance
relationships across diverse retinal layers. Eye-AD achieves state-of-the-
art performance in distinguishing AD patients from healthy controls.
The model also shows its generalizability when validated on an external
dataset. Our interpretability analysis reveals that Eye-AD can identify
meaningful patterns related to EOAD/MCI. We find that changes in the
DVC are more significantly associated with EOAD/MCI compared to
those in either the SVC or the CC. We also find that vascular alterations
in the retina may be subtle during the early stages of cognitive decline,
and the deterioration of the retinal microvasculature increases with the
progression of dementia. Our findings provide evidence that retinal
OCTA imaging coupled with artificial intelligence may serve as a rapid
and noninvasive approach for EOAD andMCI detection and screening.
Although our study has made progress in understanding the association
between retinal changes and EOAD/MCI, further research is still nee-
ded. By combining multiple data modalities and expanding datasets, the
proposed model has the potential for use in large-scale community
screening and longitudinal monitoring of AD.

Methods
Study data
The study data consists of data for Retinal OCTA-based EOAD detection
(ROAD-I, ROAD-II), and Retinal OCTA-based MCI detection (ROMCI-I
and ROMCI-II). This study was approved by the Ethics Committee of the
Laboratory of Advanced Theranostic Materials and Technology, Ningbo
Institute of Materials Technology and Engineering, Chinese Academy of
Sciences, andWestChinaHospital of SichuanUniversity EthicsCommittee
(Ethics number 2020[922]). All the OCTA images acquired are centered on
the fovea, and the en face images of the superficial vascular complex (SVC),
deep vascular complex (DVC), and choriocapillaris (CC) are used for the
analysis24. Imagesof any subjectwill only beusedeither in the trainingor test
sets to avoid information leakage.TheOCTA imaging device includes built-
in correction algorithms that remove artifacts from the images. To address
potential data bias, we ensured that the same models of collection equip-
ment were used for the same tasks. Additionally, we applied the same data
inclusion and exclusion criteria across different institutions when building
the cohort.

Retinal OCTA data of the EOAD study (ROAD) contains an internal
(ROAD-I) and an external (ROAD-II) subset. ROAD-I was used for the
development and internal test of the proposed Eye-AD model for the
detection of EOAD, and ROAD-II for its external test only. ROAD-I
comprises 810 OCTA volumes from the Affiliated People’s Hospital of
NingboUniversity, China, including 199OCTAvolumes of EOADsubjects
and 611 OCTA volumes of controls (one volume per eye per patient).
EOAD patients met the National Institute on Aging and Alzheimer’s
Association (NIA-AA) criteria34 and were diagnosed before the age of 65.
The inclusion criteria are as follows: have the capacity to consent, or, if
cognitively impaired, have a legally authorized representative who can
provide consent; can complete OCTA imaging; and be willing and able to
complete all study procedures. The exclusion criteria are as follows: not be
pregnant or lactating; not have a history of other brain disorders (both

neurologic and psychiatric, except for seizures thought to be related to
EOAD or headaches); have not participated in therapeutic trials; have no
history of substance abuse, or suicidal behaviors in the past 12 months.
Individuals with MRI evidence of infection, focal lesions such as strokes,
multiple or strategic lacunae, and/or space-occupying lesions are also
excluded. Controls are subjects without dementia or cognitive impairment,
defined as no objective impairment on the neuropsychological assessment.
These participants do not have any neurological diseases.We use a five-fold
cross-validation approach to train and evaluate themodels. Each individual
fold of the data (20%) is used in turn as the internal testing set, whilst the
other 4 folds (80%) are set as the training set. ROAD-II is an independent
dataset acquired from a different hospital (the West China Hospital,
Sichuan University, Chengdu, China), with a view to further evaluation of
the generalization ability of our Eye-AD model. The inclusion/exclusion
criteria were the same as those in ROAD-I. This dataset contained 382
OCTA volumes, including 150 OCTA volumes of EOAD subjects and 232
OCTA volumes of controls.

Retinal OCTAdata ofMCI study (ROMCI) also comprises an internal
(ROMCI-I) and an external subset (ROMCI-II) for the validation of the
proposed model for the detection of MCI. ROMCI-I participants were
selected from the Second Affiliated Hospital of Zhejiang University,
Hangzhou, China. Initially,MCI participants were evaluated and diagnosed
clinically by an experienced neurologist, following the diagnostic guidelines
and recommendations of the Petersen criteria35. Clinical history, cognitive
testing, and neuroimaging were reviewed for diagnostic accuracy by an
experienced neurologist with a specialization in memory disorders. Exclu-
sion criteria were: (1) significant sensory impairment, e.g., verbal or hearing
impairment, etc; and (2) presence of major depression or other psychiatric
disorders. A total of 545 OCTA volumes were used to construct the dataset,
including104OCTAvolumes of subjects ofMCIand441OCTAvolumesof
control. We use a five-fold cross-validation approach for the development
and evaluation of the performance of the model. ROMCI-II subjects are
selected from theAffiliatedPeople’sHospital ofNingboUniversity,Ningbo,
China. Their inclusion criteria forMCI patients and controls are the same as
those used inROMCI-I. This seconddataset contained 180OCTAvolumes,
including 35 OCTA volumes of MCI subjects and 145 OCTA volumes of
control.

Model architecture
Eye-AD includes two main components: CNN for embedding extrac-
tion, and multilevel GNN for final prediction, as illustrated in Fig. 5. We
apply ResNet1836 as the encoders, which retain the first four blocks. The
input en face image Xk∈ X of size h ×w is partitioned into n × n non-
overlapping regions. k∈ [1, K], and K is the total number of en face
images of a patient.

We devise a hierarchical multilevel graph, consisting of instance-level
and subject-level graphs to model the inter- and intra-instance relationship
of different en face angiograms, as shown in Fig. 6. We construct the graph
set from bottom-level (i.e., level 1 in Fig. 6) to top-level (i.e., level 2 in Fig. 6).
An instance-level graph is constructed based on an en face image, and a
subject-level graph is constructed based on the instance-level graph. Each
region is considered as a node of an instance-level graph in which node
features are obtained from the last layer of the encoder, which is the output
of the fourth block of ResNet18. Undirected edges are assigned between
node pairs according to the adjacency between regions in the image. We
describe G ¼ ðV;EÞ as a instance-level graph, with jVj ¼ n2 nodes and
jEj edges. ∣ ⋅ ∣ represents the cardinality of a set. For each vi 2 V, hi is the
corresponding F-dimensional feature vector. Let H 2 Rn2 × F be the node
featurematrix, andAadj 2 Rn2 × n2 be the sparse adjacencymatrix, encoding
the edge connections between thenodes. The instance-level graph is fed into
the importance-aware graph attention layer to obtain the aggregated
embeddings, which are used to construct subject-level graphs. The subject-
level graph includes the relationship among different en face images. It is
represented as G ¼ ðV; EÞ. The subject-level graph is a fully connected
graph, where each node represents an en face image instance, and there is an
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edgebetweenevery two instances, the kthnode feature ofG is the aggregated
embedding ofGk.

The ICM consists of multiple convolutional layers with down-
sampling operations, a final convolutional layer with a pooling, and a
sigmoid activation layer, used to map the features into the form of a
probability map with a size of n × n × K that can be treated as the
importance. The ICM takes the features of the different layers from the
encoders as input, and the corresponding output is the obtained
importance for each en face image. As shown in Fig. 5, the outputs of the
ICM are first applied for importance aggregation during the CNN

module pretraining process. Specifically, the different importance maps
are separately multiplied with the corresponding encoded features, and
the results are then fed into a fully connected layer for classification. This
operation ensures that the ICM can be trained during the CNN pre-
training stage. Additionally, the importance matrix is then used during
the graph convolution operation, as shown in Equations (1)–(4).

Specifically, given an instance-level graph Gk ¼ ðV;EÞ with a set of

node featuresh ¼ ~h1;~h2; :::;~hn2
n o

; ~hi 2 RF , the IAGAT layer updates the

node features and obtains the new embedding, i.e., h0 ¼ ~h
0
1;
~h
0
2; :::;

~h
0
n2

n o
;

Fig. 5 | The design of Eye-AD. a Architecture illustration of Eye-AD, consisting of an Embedding Extraction module and a Diagnosis module. b Details regarding the
regularization of sub-graph consistency. c The neural network structure of the Importance Calculation Module (ICM).

Fig. 6 | Construction of multilevel graph. Level 1 is
the instance-level graph, and level 2 is the subject-
level graph. An instance-level graph is constructed
based on an en face image, and a subject-level graph
is constructed based on the instance-level graph.
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~h
0
i 2 RF0 , and F0 is the dimension of the updated node feature. The details

for the update are as follows. Firstly, a linear transformation para-

meterized by a shared weight matrix W 2 RF0 × F is employed for each
node. Then we calculate the attention coefficients eij using the self-
attention operation:

eij ¼ LeakyReLUð~aT ½W~hi k W~hj�Þ; ð1Þ

where eij ∈ E indicates the attention value of node j to node i, and E 2
Rn2 × n2 is the attention coefficient matrix. ∥ is the concatenation operation:
~aT 2 R2F 0

is a learnable weight vector implemented by a fully connected
layer, followed by the LeakyReLU activation (with a negative input
slope α = 0.2).

Considering the importance of each region, i.e., the node of the
instance-level graph, during the disease diagnosis, we re-weight the atten-
tion coefficients using the importance value obtained by the ICM. We
denote the importance matrix of Gk as Mk, whose size is n2 × 1. The
re-weighting operation is defined as:

E0 ¼ EðDiagðMkÞÞ; ð2Þ

where Diag( ⋅ ) is the diagonalization operation. Then we normalize the
coefficient e0ij using the softmax function to make it comparable across
different nodes:

αij ¼ Softmaxjðe0ijÞ ¼
expðe0ijÞP
l2Ni

expðe0ilÞ
; ð3Þ

whereNidenotes theneighborhoodofnode i in the graph, showing that only
e0ij for neighboring node j∈Ni is considered during the update of the node
feature to avoid involving irrelevant nodes. Finally, we use the normalized
attention coefficients αij to calculate a weighted sum of the involved node
features to obtain the updated features for each node:

~h
0
i ¼ ELU

X
j2Ni

αijW~hj

 !
; ð4Þ

whereELUrepresents the exponential linearunit (ELU)nonlinearity. In this
way, the proposed IAGAT layer can extract instance embedding by cas-
cading the updated node features of Gk, which are used to construct the
subject-level graph G. Then, we employ the GAT layer19, a popular GNN
method with an attentionmechanism, as the extractor to obtain the subject
features. Finally, the subject feature is fed into a fully connected layer
followed by a softmax activation layer for the final subject classification.

To improve generalization and capture the subtle differences between
different subgraphs of the same subject, we design a sub-graph consistency
regularization (SCR)-based loss function. The SCR randomly samples two
subgraphs from the same subject-level graph and minimizes their squared
L2 distance after passing through a two-layerMLP network. Specifically, for
each input, a graph consisting of different projection layers is generatedwith
n nodes. During training, two graphs consisting of different n-1 nodes, i.e.,
subgraphs, are sampled from n nodes through random sampling. We aim
for the features related to disease prediction represented by these two sub-
graphs to be consistent, achieved through the consistency constraints of the
SCR loss function. This SCR encourages themodel to learnmore robust and
discriminative representations that can capture the subtle differences
between different subgraphs of the same subject, thus improving the gen-
eralization ability of the model. This regularization term is particularly
effective for small datasets, where overfitting is a major concern, and has
been shown to improve classification performance in our experiments.

Training strategy
Eye-AD is an end-to-end framework. We have found in practice that a
proper training strategy is critical to obtaining a well-trained model. To

extract more discriminative disease-related embeddings and speed up
convergence, we add an intermediate objective LCEðŷCNN ; yÞ for the CNN
component, as shown in Fig. 5. The total loss in Eye-AD includes CNN loss
LCEðŷCNN ; yÞ, consistency loss LSCR and final prediction loss LCEðŷ; yÞ.
Since CNN and GNN have different convergence properties, simulta-
neously training CNN and GNN by minimizing the sum of these three
lossesmay lead themodel to fall into a local optimumor even cause gradient
vanishing. Therefore, we adopt an alternating strategy to update the model.
To accelerate convergence, we first pre-train theCNNand then perform the
joint alternating training. In the first step, we only optimize the CNN by
minimizing LCEðŷCNN ; yÞ. Then we update the parameters of the GNN
model by minimizing the sum of LCEðŷ; yÞ and LSCR. Finally, CNN is
optimized by minimizing the final prediction loss LCEðŷ; yÞ. The above
alternating process is repeated with training iterations. We summarize the
training strategy in Supplementary Algorithm 1. The effectiveness of the
proposed training strategy is shown in Fig. 7.

Implementation details
All the experiments were implemented using PyTorch and run on a
workstationwith 4NVIDIAGeForce 3090GPUs.We usedResNet18 as the
backbone of the embedding extractor in theCNNbranch. The level-1 graph
block consists of an IAGAT layer and a GAT layer. The level-2 graph block
consists of a GAT layer and a fully connected layer, followed by a softmax
activation layer for subject classification. The IAGAT andGAT layers in the
GNN branch both have two attention heads computing 512-dimensional
features.

AnAdamoptimizer is used to optimize themodel, with aweight decay
of 0.0005 and a batch size of 16. The initial learning rates of CNN andGNN
are set to 0.0001 and 0.00001 respectively, which are gradually decayed to
zerousing a cosine annealing scheduler. The trade-off factor λ is set to 2. The
iteration numbers for different steps, i.e.,K1,K2, andK3, are set to 1, 4, and 1
respectively. In addition, data augmentation is employed including random
horizontal and vertical flips to expand the training dataset. For the trained
model, the image-level importance is calculated as in ref. 37, while the pixel
level is calculated using Grad-cam38.

We calculated theparameter size andFLOPSof differentmodels. From
the Table 3, it is evident that the parameter sizes and FLOPs vary sig-
nificantly across different methods. For instance, the MCCmethod has the
highest parameter size at 94.37M, indicating a more complex model with
potentially higher computational demands. In contrast, the Early Fusion
method has the lowest parameter size at 11.87M, which suggests a simpler
model with lower computational requirements. When it comes to FLOPs,
UG-GATexhibits the highest computational complexitywith 54.19 GMacs,
while Early Fusion again shows the least complexity with 5.36 GMacs. Our
proposedmethod has a parameter size of 66.32M and 33.83 GMacs, which

Fig. 7 | Effectiveness of the proposed training strategy for Eye-AD. By using the
proposed training strategy, themodel canmore easily converge to the global optimal
solution, thereby achieving better performance.
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positions it as a balanced approach between model complexity and com-
putational efficiency. This balance is crucial for applications requiring both
high performance and manageable resource usage.

Ablation study
We carry out ablation studies to investigate the effects of different compo-
nents over the internal ROADdataset. In Eye-AD, an instance-level graph is
constructed by dividing an image into n × n patches. To investigate the
influence of the patch size on the results, we divided the image into 3 × 3,
5 × 5, 7 × 7, and 9 × 9 patches, respectively, corresponding to 9, 25, 49, and
81 nodes in the instance-level graph.As shown inTable 4, it can be seen that
the 5 × 5 configuration achieves the highest AUC, while the 9 × 9 config-
uration results in a slightly lower score compared to the other configura-
tions. One possible reason is that if a region in one node is too small, it will
contain fewer pixels, and thus yield less information for the detection of the
disease.

Table 5 shows the results of the proposed Eye-AD with and without
some proposed components. It can be seen that the use of an ICM improves
F1-score from 0.8539 to 0.884. We also investigate the effectiveness of the
SCR. After it was removed, Eye-AD performance declined across all the
metrics, especially in terms of kappa, from 0.6943 to 0.6322.

We then investigate the importance of exploiting the correlation
and complementary between different en face images. Specifically, we
compare the performances when using each of the SVC, DVC, and CC
only, by replacing different inputs with three identical ones. Table 6

shows the performance of Eye-ADwith different inputs from the ROAD
dataset. It is easy to observe that multi-input outperforms every single
input in terms of all the metrics, indicating that multiple inputs can
provide more information to the model, leading to more accurate and
reliable results. In addition, we can see that the DVC, when used as the
only input, produces overall better results than either the SVC or
the CC.

Furthermore, we conducted experiments to investigate the influence of
different encoders on the performance, including ResNet18, ResNet50,
DenseNet, EfficientNet, ConvNeXt, and ViT. As shown in Table 7, the
performance gap between the different CNN-based feature extractors is not
significant, with ConvNeXt leading by a narrow margin. This suggests that
the key to classification performance lies in the fusion of features between
different layers, and general feature extractors are sufficient for our needs.
Additionally, the ViT-based encoder performed poorly, likely because ViT
models require substantial training data to reach peak performance. With
our current dataset, ViT was prone to overfitting and achieved inferior
results compared to CNNs.

Statistical analysis
To analyze the parameters of interest of microvasculature and FAZ, we
first extract the retinal structures, i.e., microvasculature, FAZ, and
vascular bifurcations, using a multi-task learning method39. The final
vessel and FAZ detection results were obtained using the OTSU auto-
matic thresholding method. Then eight parameters were calculated,
including vascular length density (VLD), vascular area density (VAD),
vascular bifurcation number (VB), vascular fractal dimension (VFD),
FAZ Area (FA), FAZ Circularity (FC), FAZ roundness (FR) and FAZ
Solidity (FS).
• VAD is defined as the total length in millimeters of perfused retinal

microvasculature per unit area of the analyzed image.
• VLD is defined as the ratio of the total number of pixels on micro-

vascular centerlines to the measurement area.
• VFD is a measure of the global branching complexity of the

vasculature.
• VB is the total number of bifurcations in the analyzed area.
• FA is defined as the total number of pixels in the FAZ region.
• FC measures the degree of roundness of the FAZ, calculated as: FC =

4π*FA/FP2. FP is the perimeter of FAZ. A larger FC indicates a more
circular shape. A value of 1.0 denotes a perfect circle.

• FR is similar to FC but is less sensitive to irregular borders along the
perimeter of the FAZ, and is calculated as: FR ¼ 4π � FA=L2major .
/Lmajor is the major axial length of FAZ.

• FS describes the extent to which the FAZ is convex or concave: it is
defined as the ratio between the area of the FAZ, and the area of the
convex hull covering the FAZ. The farther the solidity deviates from 1,
the greater the concavity of the structure.

We explore the differences of these parameters between AD and
healthy control groups in thewhole image aswell as in sub-sectors. The sub-
sectors include the superior inner, temporal inner, inferior inner, nasal
inner, superior outer, temporal outer, inferior outer, and nasal outer8. We
use amultiple linear regressionmodelwith generalized estimating equations
to correlate AD and retinal microvasculature and FAZ measurements,
adjusting for age, gender, hypertension, diabetes, and education level. We
perform the analyses using standard statistical software (SPSS, v.24.0, IBM,
US). The results are presented in Table 8.

Table 4 | Performance of Eye-AD on the ROAD-I dataset for
various patch sizes (i.e., 3 × 3, 5 × 5, 7 × 7 and 9 × 9)

Methods Accuracy Precision F1-score Kappa AUC

3 × 3 0.8859 0.8835 0.8840 0.6948 0.9341

5 × 5 0.8885 0.8862 0.8867 0.7018 0.9355

7 × 7 0.8938 0.8915 0.8914 0.7130 0.9302

9 × 9 0.8872 0.8856 0.8823 0.6851 0.9123

Table 5 | Analysis of the efficiency of different components in
Eye-AD on the ROAD-I dataset

Methods Accuracy Precision F1-score Kappa AUC

Eye-AD w/o ICM 0.8584 0.8537 0.8539 0.6948 0.9018

Eye-AD w/o SCR 0.8715 0.8703 0.8637 0.7018 0.9297

Eye-AD 0.8885 0.8862 0.8867 0.7018 0.9355

Table 6 | Impact of different inputs on classification
performance on the ROAD-I dataset

Methods Accuracy Precision F1-score Kappa AUC

SVC 0.8440 0.8459 0.8448 0.6001 0.9056

DVC 0.8610 0.8578 0.8588 0.6288 0.9119

CC 0.8532 0.8606 0.8366 0.5523 0.8966

Multi-input 0.8885 0.8862 0.8867 0.7018 0.9355

Table 3 | Comparison of Parameters and FLOPs for Different Methods

Early fusion Middle fusion Late fusion MCC MUCO GCN GAT UG-GAT Eye-AD

Parameters (M) 11.87 34.22 35.61 94.37 60.18 65.53 65.43 35.97 66.32

FLOPs (GMac) 5.36 16.09 19.08 13.31 24.5 33.05 32.96 54.19 33.83
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Data availability
Restrictions apply to the availability of the developmental and validation
datasets, which were used with the permission of the participants for the
current study. De-identified data may be available for research purposes
from the corresponding authors upon reasonable request.

Code availability
All algorithms used in this study were developed using libraries and scripts
in PyTorch. The source code is publicly available at https://github.com/
iMED-Lab/Eye-AD.
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