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Abstract

INTRODUCTION: Foundational models suggest Alzheimer’s disease (AD) can be diag-

nosed using retinal images, but the specific structural features remain poorly under-

stood. This study investigates retinal vascular changes in individuals with cognitive

impairment in three East Asian regions.

METHODS: Amulticenter study was conducted in Shanghai, Hong Kong, and Ningxia,

collecting retinal images from 176 patients with mild cognitive impairment (MCI) or

AD and 264 controls. The VC-Net deep learning model segmented arterial/venous

networks, extracting 36 vascular features.

RESULTS: Significant reductions in vessel length, segment number, and vascular den-

sity were observed in cognitively impaired patients, while venous structure and

complexity were correlated with the level of cognitive function.

DISCUSSION: Retinal vascular changes may serve as indicators of cognitive impair-

ment, requiring validation in larger cohorts and exploration of the underlying

mechanisms.
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Highlights

∙ A deep learning segmentationmodel extracted diverse retinal vascular features.

∙ Significant alterations in the structure of retinal arterial/venous networks were

identified.

∙ Partitioning vessel-rich retinal zones improved detection of vascular changes.

∙ Decreases in vessel length, segment number, and vascular density were found in CI

individuals.

1 INTRODUCTION

Traditionally, diagnosing Alzheimer’s disease (AD) and other forms

of dementia relies on a combination of medical history, neurologi-

cal exams, cognitive assessments, and neuroimaging techniques like

magnetic resonance imaging (MRI) and positron emission tomography

(PET) scans.1 Amyloid PET imaging and the measurement of amyloid

and tau deposits in cerebrospinal fluid (CSF) or blood have become

increasingly accepted in diagnostic practices, supported by clinical

evidence.2–4 However, these methods are often invasive, costly, and

resource-intensive, limiting their practicality for widespread screen-

ing. According to the World Alzheimer Report 2022, approximately

75% of individuals with dementia remain undiagnosed globally. This

percentage is estimated to climb even higher, potentially reaching up

to 90% in some low- and middle-income nations.5 Notably, over half

of the global dementia population is expected to reside in Asia by

2050,6 despite Asians being historically underrepresented in dementia

research and typically constituting less than3%of participants inmajor

AD datasets.7,8 Thus, there exists an urgent need for cost-effective

and efficient diagnostic tools for detecting and monitoring cognitive

impairment, especially in East Asia.

Pathological changes, predominantly related to AD like amyloid-

beta plaques and tau neurofibrillary tangles, often progress slowly and

can remain undetected for years.9 Identifying these changes when

cognitive symptoms are mild or emerging is crucial for timely inter-

vention and slowing disease progression. The retina, as an extension of

the central nervous system, offers a unique, non-invasive window into

microvascular health and brain-related pathology.10–12 Previous stud-

ies have shown patients with mild cognitive impairment (MCI) and AD

exhibit reduced arteriovenous differences in oxygen saturation, reti-

nal blood flow, and arterial vessel diameter.13 In addition, Asanad et al.

found changes in retinal nerve fiber layer thickness were able to pre-

dict individualswithCSF biomarkers indicative of ADpathology before

the onset of symptomatic cognitive impairment.14 These findings sug-

gest various retinal imaging technologies hold promise inmonitoring or

detecting cognitive impairment and its associated pathophysiological

changes.

Recent studies have also suggested retinal vascular features may

serve as valuable biomarkers for cognitive impairment and related

neurological conditions.15 Structural optical coherence tomography

(OCT) imaging can reveal hyperreflective deposits in AD associated

with disruptions in the outer retina, while OCT angiography (OCTA)

can detect microvascular alterations in AD patients, potentially serv-

ing as valuable criteria for differential diagnosis.16–18 These findings

support the potential of retinal imaging as a viable and accessible

option for conducting large-scale screening initiatives, particularly in

resource-constrained communities.19

Digital retinal fundus imaging remains a low-cost, easily accessible

technique in primary care settings that can capture retinal vascular

features. It offers a comprehensive view of the retina and detailed

structural information that complements OCT data, particularly when

assessing overall retinal vascular structures.20,21 Cheung et al. con-

ducted a proof-of-concept study to illustrate the validity of using a

deep learning model in detecting AD using retinal fundus images.22

The study concluded that an unsupervised domain adaptation deep

learning technique using retinal fundus images alone can detect AD

in diverse clinical populations with common risk factors and comor-

bidities such as diabetes, hypertension, and other concomitant eye

diseases. Zhou et al. took this a step further and pretrained a founda-

tional deep learning model using 1.6 million retinal images finetuned

to detect various diseases.23 These deep learningmodels have demon-

strated the feasibility of learning the discriminative features from

retinal images for detecting AD and cognitive impairment, but what

these discriminative features are, and their underlying physiological or

pathological interpretations remain poorly understood.

Here, we aimed to identify statistically significant alterations in reti-

nal vascular features extracted from fundus images of normal cognitive

(NC) individuals compared to those cognitively impaired (CI) including

MCI and AD across three medical centers in China. Notably, we used

an interpretable deep learning model to segment and analyze vascular

features in these images. By comparing NC and CI groups, we aimed to

uncover specific retinal vascular changes, including diameters, densi-

ties, and number of bifurcation points, that may be correlated with the

degree of cognitive impairment.
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2 METHODS

2.1 Participants and data acquisition

We recruited study participants from Huashan Hospital in Shanghai,

Prince of Wales Hospital in Hong Kong, and General Hospital of

Ningxia Medical University in Yinchuan. Inclusion criteria were as

follows: (1) aged ≥ 65 years; (2) cooperated to physical examinations,

neuropsychological tests, and retinal fundus imaging; and (3) had

detailed medical records of clinical data. Exclusion criteria included:

(1) history of psychiatric disorders or dementia due to Lewy body

disease, Parkinson’s disease, frontotemporal lobar degeneration,

traumatic brain injury, or multiple sclerosis; (2) history of ophthal-

mological disorders including age-related macular degeneration,

retinal vascular disease such as hypertensive or diabetic retinopathy,

glaucoma, or increased intraocular pressure, severe myopia, optic

neuropathy, or other optic nerve disorders and anterior segment

diseases such as ocular trauma or cataract that interfered with the

fundus examination; and (3) retinal fundus imaging did not pass quality

examination.

The cognitive function of each participant was determined by a

neurologist based on neurological symptoms, cognitive performance

(includingMontreal Cognitive Assessment (MoCA), Mini-Mental State

Examination (MMSE), and other domain-specific neuropsychological

tests), activities of daily living, and medical histories. The presence or

absence of dementia was defined by Diagnostic and Statistical Manual

of Mental Disorders, Fourth Edition (DSM-IV) criteria,24 while ADwas

diagnosed with National Institute of Neurological and Communicative

Disorders and Stroke and Alzheimer’s Disease and Related Disorders

Association (NINCDS-ADRDA) criteria.25 Only those who were not

diagnosedwith dementiawere considered for a diagnosis ofMCI based

onPetersen’s criteria.26 Studyparticipantswere further separated into

two groups, NC and CI, which included MCI and AD. Those given a

probable or possible AD diagnosis according to the NINCDS-ADRDA

criteria have a91%rate of postmortempathological confirmation ofAD

with 83% sensitivity and 84% specificity.27,28

This study was approved by the Joint Chinese University of Hong

Kong-New Territories East Cluster Clinical Research Ethics Commit-

tee, General Hospital of Ningxia Medical University, and the Medical

Ethics Committee of Huashan Hospital, Fudan University, Shanghai.

Informed consent was obtained from all participants. For each partic-

ipant, macula-centered fundus images were captured in a dark room

(with all lights off) without pupillary dilation using different imaging

devices at the three study centers. In Huashan Hospital, Shanghai,

images were captured using the AFC-330 (NIDEK). In the General

Hospital of Ningxia Medical University, images were captured using

the CLARUS500 (ZEISS). In the Prince of Wales Hospital in Hong

Kong, images were captured using the TRC-NW400 (TOPCON). The

imaging procedures were carried out by experienced technicians,

ensuring consistency, and accuracy across all sites. Only images that

passed quality examination of two physicians were included in this

study.

RESEARCH INCONTEXT

1. Systematic review: We conducted a thorough literature

review on retinal imaging and Alzheimer’s disease (AD),

suggesting anassociationof fundus vascular changeswith

AD. Developments in deep learning highlight retinal fun-

dus imaging as a non-invasive alternative, reflecting AD

pathology through changes in specific structures in the

retinal vasculature.

2. Interpretation: Our study identifies specific retinal vas-

cular changes in patients with mild cognitive impairment

(MCI) and AD using retinal fundus imaging. We observed

significant differences in vascular density, length, and

morphology between normal cognitive (NC) and cogni-

tively impaired (CI) individuals. These changes may serve

as early biomarkers for cognitive impairment.

3. Future directions: Future research should validate these

findings in larger, diverse cohorts and explore mecha-

nisms linking structural vasculature changes to AD in

longitudinal studies. Investigating regional retinal differ-

ences and accounting for comorbidities may enhance AD

detection andmonitoring.

2.2 Retinal vessel segmentation

Retinal vessel segmentation identifies and isolates the vasculature

within the original retinal fundus images, producing binary images that

exclusively represent the blood vessels while excluding any extraneous

retinal information.29 Various vascular features are calculated based

on these binary vessel images. Previous studies that identified reti-

nal vascular biomarkers for early detection of AD found biomarkers

related not only to overall retinal blood vessels but also to retinal

arteries and veins separately.30,31 Consequently, to accurately identify

these retinal arteries and veins, a deep learning model called VC-Net

was used and adjusted in this study.32,33 This model was trained on

the DRIVE-AV dataset, which consists of 40 retinal fundus images

annotated to distinguish arteries and veins. The model produces three

binary vessel images, corresponding to all vessels, arterial vessels, and

venous vessels.

AlthoughVC-Netachieveshighaccuracy invessel segmentation, it is

important to note that the classification of arteries and veins can some-

timesbechallengingdue to the complexanddiverse structuresof blood

vessels. For example, as shown in the green areas of Figure 1A, the

occasional overlapping of arteries and veins may make separation dif-

ficult. Furthermore, microvessels on the tail end of vessel branches are

also challenging to recognize. To address this, in addition to analyzing

retinal vascular structures as a whole, two zones were also partitioned

from the full fundus images to analyze vessel-rich areas, as depicted in

Figure 1B. Starting from the center of the optic disc, Zone B is the area
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F IGURE 1 Example images of retinal vessel segmentation and zone division of retinal vascular area. (A) Left, original retinal fundus image;
middle, binary vessel image; right, binary segmentation of arteries and veins. Red: arteries. Blue: veins. Green: overlaps of arteries and veins. (B)
Left, the radius of the optic disc is used as a unit to define areas of the retinal fundus image; middle, Zone B is the area 2x to 3x radii away from the
disc margin; right, Zone C is the area 2x to 5x radii away from the disc margin.

between2x and3x the optic disc radius andZoneC is the area between

2x and 5x the optic disc radius (Figure 1B).

2.3 Feature extraction

Drawing from prior research on biomarkers associated with AD,32,34

we selected features to characterize vessel richness, distribution, and

morphology across distinct retinal zones. All extracted features and

their corresponding abbreviations can be found in Table 1.

The calculation of density is determined by the count of pixels

corresponding to all vessels on the image, with all images standard-

ized to the same size. This measurement assesses the overall area

occupied by the vasculature in the retinal image. Skeleton_len repre-

sents the number of pixels in the skeletonized representation of the

fundus image, which is a measure of the extent of the vascular net-

work while considering the reduced vessel width. N_cross indicates

the number of points where the skeletonized vascular tree splits into

smaller branches. Counting the number of bifurcation points provides

an indicator of the morphological richness or complexity of the vessel

network.

The number of vessel segments and the skeleton length are char-

acterized for Zone B and Zone C, respectively. After calculating the

diameter of each skeletonized pixel for each vessel segment, the

mean and standard deviation of the diameter are then computed as

Zb_width, Zb_width_std, Zc_width, and Zc_width_std. In addition, the

fractal dimension in Zone C is calculated separately, characterizing the

distribution of vessel density in Zone C. Utilizing vascular segmenta-

tion images of veins, arteries, and all vessels, the aforementioned 12

features are computed three times. Therefore, a total of 36 vascular

features are extracted from the original retinal fundus images.

2.4 Statistical analysis

Statistical analysis of retinal vascular features in both NC and CI (MCI

and AD) patients was carried out using R (v4.3.2) and Python (v3.10.6).

Demographic variables were compared using the chi-squared test for

categorical variables (gender, hypertension, and diabetes) and analysis

of variance (ANOVA) for continuous variables (age, education) via scipy

(v1.12.0) (p< 0.05 considered significant).

To account for confounding demographic variables including age,

education, gender, hypertension, and diabetes, a multivariate general

linearmodel (GLM)wasemployed for analysis of covariance (ANCOVA)

of each vascular feature between the NC and CI groups using rstatix

(v0.7.2). This adjustment allowed for comparison of group variances

while adjusting for confounders. For comparison between features,

effect sizes were calculated as partial eta-squared with 0.01 being

small, 0.06 being medium, and 0.14 being large effect sizes. Partial

eta-squared (ηp2) is the proportion of variance in a dependent vari-

able explained by a specific independent variable while accounting for

confounders. To minimize the likelihood of false-positive results, we

adjusted the p-values using the Benjamini-Hochberg false discovery

rate (FDR)method using statsmodels (v0.13.2). p-valueswere adjusted

separately for left and right eyes as the underlying data for each eye

was different and the sample sizes were different due to exclusion

criteria (left = 363, right = 390). To achieve a balance between discov-

ery and false positive rates, we selected an FDR (Q-value) threshold
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TABLE 1 Extracted retinal vascular features.

Parameter Retinal vascular feature Abbreviation

Overall Total density of retinal fundus blood vessels Density

Total length of retinal fundus blood vessels Skeleton_len

Total number of bifurcation points of retinal fundus blood vessels N_cross

Total density of retinal fundus arteries DensityA

Total length of retinal fundus arteries Skeleton_lenA

Number of bifurcation points of retinal fundus arteries N_crossA

Total density of retinal fundus veins DensityV

Total length of retinal fundus veins Skeleton_lenV

Number of bifurcation points of retinal fundus veins N_crossV

Zone B Number of effective vascular segments in Zone B Zb_num

Total length of blood vessels in Zone B Zb_len

Average diameter of blood vessels in Zone B Zb_width

Standard deviation of diameters of blood vessels in Zone B Zb_width_std

Number of effective arterial segments in Zone B Zb_numA

Total length of arteries in Zone B Zb_lenA

Average diameter of arteries in Zone B Zb_widthA

Standard deviation of diameters of arteries in Zone B Zb_width_std

Number of effective venial segments in Zone B Zb_numV

Total length of veins in Zone B Zb_lenV

Average diameter of veins in Zone B Zb_widthV

Standard deviation of diameters of veins in Zone B Zb_width_stdV

Zone C Number of effective vascular segments in Zone C Zc_num

Total length of blood vessels in Zone C Zc_len

Average diameter of blood vessels in Zone C Zc_width

Standard deviation of diameters of blood vessels in Zone C Zc_width_std

Fractal dimension of blood vessels in Zone C Zc_fd

Number of effective arterial segments in Zone C Zc_numA

Total length of arteries in Zone C Zc_lenA

Average diameter of arteries in Zone C Zc_widthA

Standard deviation of diameters of arteries in Zone C Zc_width_std

Fractal dimension of arteries in Zone C Zc_fdA

Number of effective venial segments in Zone C Zc_numV

Total length of veins in Zone C Zc_lenV

Average diameter of veins in Zone C Zc_widthV

Standard deviation of diameters of veins in Zone C Zc_width_stdV

Fractal dimension of veins in Zone C Zc_fdV

of 0.1. Retinal vascular features were compared for the left and right

eyes separately to mitigate potential participant-specific correlations

and identify the most robust alterations in the retinal vasculature.

For the comparison between three groups, we performed ANCOVA

analysis as described above. We stratified the patients into three

groups, NC (MoCA > 25), MCI (MoCA 19-25), and severe dementia

(SD,MoCA<18) usingMoCAscores. P-valueswere first adjustedusing

Tukey post-hoc after ANCOVA for multiple comparisons between the

three groups. Then, these pairwise p-values were further adjusted

using the Benjamini-Hochberg method for the left and right eyes sep-

arately. Estimated marginal means, also known as covariate-adjusted

means, were obtained using emmeans (v1.10.2).

To explore the association between retinal vascular features and

cognitive performance (MoCA scores), we performed GLM regression

analyses for each featurewhile including age, education, gender, hyper-

tension, and diabetes as covariates using statsmodels (v0.13.2).We did
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not construct a single model for all the vascular features as they all

come from the same underlying data and have high multicollinearity.

Separate models were constructed for the left and right eye features.

Each model was fitted twice, once with unstandardized variables to

obtain the regression coefficients and once with z-scored variables

to obtain beta coefficients which can be compared between models.

To minimize the likelihood of false positives due to multiple hypothe-

sis testing, we performed the same p-value adjustment procedure as

above. We chose to use MoCA scores as opposed to MMSE scores as

it is considered a better measure of cognitive function due to its supe-

rior detection of cognitive heterogeneity (MCI especially) and lack of

ceiling effect.35,36

To visualize significant retinal features, we calculated their pair-

wise Pearson correlation coefficients using scipy (v1.12.0). We also

performed hierarchical clustering on the heatmap to identify similar

features. The heatmap was ordered using the order of features in the

dendrogramwith a cutoff at 1 for clustering. Volcano plotswere gener-

ated to visualize the magnitude and significance of changes, with log2

fold changes on the x-axis and -log10Q-values on the y-axis. Dots that

are higher and further to the sides represent more significant features

in the volcano plot. All plots were generated using seaborn (v0.11.0).

2.5 Classification models

To evaluate the effectiveness of the identified vascular features in

distinguishing between NC and CI individuals, we conducted clas-

sification analyses using logistic regression, support vector machine

(SVM), and random forest models from scikit-learn (1.4.2). Data from

both eyes were combined for classification. Each model was trained

using different sets of features: demographics alone, significant vas-

cular features alone (Q-value < 0.05), a combination of demographics

and vascular features, DINOv2 features alone, and a combination of

demographics and DINOv2 features. DINOv2 (self-distillation with

no labels version 2) is a self-supervised learning technique to train

deep learning models.37 We used a pretrained DINOv2 model (specif-

ically, ‘dinov2_vitb14_reg’) to embed retinal fundus images into a 768

dimension feature space.38 DINOv2models can transform images into

features that can be directly used by classifiers as simple as linear

layers on various classification tasks. The extracted features are typ-

ically robust and perform well across domains without the need for

fine-tuning. These features served as uninterpretable deep-learning

features that we could compare the performance of in contrast to our

identified vascular features.

To avoid data leakage between pairs of patients and to obtain more

reliable metrics, we performed five-fold cross-validation using Strati-

fiedGroupKFold on patient IDs. This ensured a patient with data from

both the left and right eye ended up fully in the train or test set

and not split up. Classification performance metrics, including accu-

racy, area under the receiver operating characteristic (ROC) curve

(AUC), and Brier score were calculated for each fold using scikit-learn

(1.4.2). The 95% confidence intervals were calculated using the stan-

dard error from the folds. The Brier score is a strictly proper scoring

rule unlike accuracy that takes into account the accuracy of the prob-

abilities predicted by the models. This is a useful metric for diagnostic

and screening tools as different users may have different risk thresh-

olds for action. A lower Brier score is better with 0 being the best score

and 1 being the worst.

3 RESULTS

3.1 Multicenter clinical characteristics

In total, 440 individuals participated in the study across three medical

centers including Huashan Hospital in Shanghai, Prince of Wales

Hospital in Hong Kong, and General Hospital of Ningxia Medical

University in Yinchuan, including 264 NC individuals and 176 with

MCI or AD, collectively categorized as the CI group. The demographic

characteristics of the study participants are shown in Table 2. Rele-

vant comorbid medical conditions with known impact on the retinal

vasculature included hypertension and diabetes. No significant differ-

ences in age (p = 0.256), gender (p = 0.586), or diabetes prevalence

(p = 0.368) were found between NC and CI groups. However, the

CI group exhibited a significantly lower prevalence of hypertension

(p = 0.042) and a significantly lower number of years of education

(p= 0.003).

Due to the exclusion criteria, not all participants provided fundus

images for both eyes. Thus, 363 images of left eyes (222 from NC and

141 from CI) and 390 images of right eyes (237 fromNC and 153 from

CI) were used for the final analysis. To accurately extract retinal vas-

cular features for comparison between CI and NC groups, wemodified

a deep learning model called VC-Net to segment retinal arteries and

veins. In total, 36 retinal vascular features were extracted by binariz-

ing the identified vessels (Figure 1A,middle) to calculate vessel density

and skeletonizing them to calculate crossing points and vessel length

(Figure 2A). The skeletonwas segmented based on crossing points, and

the width of each segment was calculated (Figure 2B). Additionally, we

analyzed two subzones within the fundus images: Zone B and Zone C

(Figure 1B and 2C).

3.2 Significant differences between NC and CI
groups

ANCOVA analysis adjusted for age, education, gender, hyperten-

sion, and diabetes revealed significant differences in various retinal

vascular features between the CI and NC groups. After FDR adjust-

ment, 7 features in the left eye and 15 in the right eye showed

significant changes (Q-value < 0.1). In the overall fundus images,

the CI group demonstrated notable reductions in the total den-

sity and total length of both retinal arteries and veins compared

to the NC group (densityA, densityV, skeleton_lenA, skeleton_lenV)

(Figure 2). Although the total number of retinal vascular bifurcation

points (n_cross, Figure 2H) significantly increased overall, the total

number of retinal venous bifurcation points (n_crossV, Figure 2I) in
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TABLE 2 Demographic characteristics of study participants.

CI

Parameter NC MCI AD p-value

Total number of participants (N) 264 109 67

HuashanHospital (N) 39 30 19

Prince ofWales Hospital (N) 216 62 31

NingxiaMedical University (N) 9 17 17

Age, years (mean (s.d.)) 72.62 (5.35) 73.53 (5.38) 73.42 (5.65) 0.256a

Education, years (mean (s.d.)) 9.88 (4.33) 8.27 (4.80) 8.45 (5.27) 0.003**a

Gender, male (N (%)) 79 (29.92%) 37 (33.94%) 18 (26.87%) 0.586b

Hypertension (N (%)) 138 (52.27%) 49 (44.95%) 24 (35.82%) 0.042*b

Diabetes (N (%)) 50 (18.94%) 24 (22.02%) 9 (13.43%) 0.368b

MoCA score (mean (s.d.)) 25.55 (3.12) 19.84 (4.50) 12.67 (5.64) <0.001***a

MMSE score (mean (s.d.)) 28.71 (1.25) 25.40 (2.70) 16.28 (5.47) <0.001***a

aStudent’s t-test for continuous clinical variables (age, education,MoCA score, MMSE score).
bChi-squared test for categorical clinical variables (gender, hypertension, diabetes).

*p< 0.05; **p< 0.01; ***p< 0.001. All statistical tests are performed betweenNC and CI.

the right eye significantly decreased in the CI group. These findings

indicate unique changes in arterial and venous retinal vasculature

compared to the overall vasculature. Additionally, the left and right

eyes exhibited unique differences despite overall features not show-

ing significant changes between the left and right eyes. Full ANCOVA

results for the left and right eyes are provided in Tables S1 and S2,

respectively.

In Zone B of the fundus images, the CI group showed a signifi-

cant reduction in the total length of vessels (zb_len, Figure 3A) and

veins (zb_lenV, Figure 3B) in the right eye, indicating a shortening of

the retinal vascular network. Additionally, the number of effective

vascular segments (zb_num, Figure 3C) and the number of effective

venous segments (zb_numV, Figure 3D) significantly decreased for

the right eye. In contrast, the average width of vessels (zb_width,

Figure 3E) significantly increased. Interestingly, all significant changes

identified in Zone B were only found in the right eye; although the

left eye exhibited similar trends, the changes were not statistically

significant.

In Zone C of the fundus images, the CI group demonstrated sig-

nificant, though less pronounced, changes in retinal vascular features

compared to Zone B (Figure 4A and 4B). For the right eye, the CI group

exhibited significant reductions in the total length of vessels (zc_len,

Figure 3F) and the number of effective venous segments (zc_numV,

Figure 3I). In the left eye, there was a significant reduction in the

total length of arteries (zc_lenA, Figure 3G). Additionally, both eyes

showed significant reductions in the total length of veins in the CI

group (zc_lenV, Figure 3H). Conversely, the average width of vessels

in Zone C (zc_width, Figure 3E) significantly increased for both eyes.

Notably, when looking at both left and right eyes, the only zone-

specific vascular features with significant changes were total length of

veins and average width of vessels (zc_lenV and zc_width) (Figure 3H

and 3J).

Overall, the 15 combined significant features have moderate

correlation and form approximately five clusters with higher corre-

lation (Figure 4A and 4B). These clusters were relatively consistent

between the left and right eyes, with related vascular features grouped

together, suggesting a systemic pattern in vascular alterations asso-

ciated with cognitive impairment. The most significant and robust

features in the CI group included decreased total length of venous

vessels and density of venous vessels for the left eye (skeleton_lenV,

densityV) (Figure 4C) and decreased total length of venous vessels

and total number of venous bifurcation points for the right eye

(skeleton_lenV, n_crossV) (Figure 4D). Similarly, the features with

the largest effect sizes included decreased total length of venous

vessels (skeleton_lenV, ηp2 = 0.041) and density of venous vessels

(densityV, ηp2 = 0.032) for the left eye and decreased total length

of venous vessels (skeleton_lenV, ηp2 = 0.039) and total number of

venous bifurcation points (n_crossV, ηp2 = 0.029) for the right eye

(Table S1 and S2).

3.3 Association between retinal vascular features
and cognitive performance

We explored the relationship between retinal vascular features and

cognitive performance using regression analyses adjusted for age,

education, gender, hypertension, and diabetes. The analyses revealed

significant associations between several retinal vascular features,

particularly venous structure and complexity, and cognitive perfor-

mance, asmeasuredbyMontrealCognitiveAssessment (MoCA) scores

(Figure 5B).

After FDR adjustment, three vascular features showed a signifi-

cant inverse relationship with cognitive function, while eight features

demonstrated a significant direct relationship (-value < 0.1). A higher
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F IGURE 2 Comparison of data distribution of overall retinal vascular features showing significant changes. (A) Schematic diagram of the
vascular skeleton (gray) and crossing points (green) in a processed fundus image. (B) Schematic diagram showing the differentiation of each
vascular segment in the vascular skeleton and the calculation of themeanwidth of each segment. (C) Schematic diagram showing the
differentiation of each vascular segment in the vascular skeleton in Zone B. DensityA (C), densityV (D), skeleton_lenA (E), and skeleton_lenV (F)
decreased significantly in the CI group compared to the NC group. n_cross (H) in both eyes increased significantly in the CI group compared to the
NC group. n_crossV (I) for the right eye decreased significantly in the CI group compared to theNC group. Data are presented using violin plots and
box plots withmedian (line) and quartiles (box). ANCOVA p-values adjusted for FDR are reported as Q-values: *Q< 0.1; **Q< 0.01; ***Q< 0.001.

number of vascular bifurcation points (n_cross, Left β = −0.191, Right
β = −0.131) correlated with lower cognitive function, while increased

venous density (densityV, Left β = +0.212, Right β = +0.158) and
venous length (skeleton_lenV, Left β = +0.192, Right β = +0.180) were
linked to better cognitive function. In addition, vessel width in spe-

cific zones was associated with cognitive decline, with wider vessels

in Zone C (zc_width, Right β = −0.167) and Zone B (zb_width, Right

β = −0.129) of the right eye correlating with poorer cognitive per-

formance. Notably, although more retinal vascular bifurcation points

(n_cross) were correlated with lower cognitive performance, more

retinal venous bifurcation points (n_crossV, Right β = +0.156) were
correlated with better cognitive performance. This implies there exist

unique changes in arterial and venous retinal vasculature compared to

theoverall vasculature. Together, the results suggest that retinal vascu-

lar alterations are not only present in cognitively impaired individuals

but are also correlated with the degree of cognitive dysfunction. Full

MoCA score regression results for the left and right eyes are provided

in Tables S3 and S4, respectively.

3.4 Significant differences between groups
stratified by cognitive performance

Since retinal vascular features were correlated with the degree of

cognitive dysfunction in both regression analyses, we compared

patients stratified by MoCA score into NC, MCI, and SD. ANCOVA

analysis revealed graded changes from NC to MCI to SD, indicating

significant progressive alterations in vascular structure (Figure 6). For

instance, the density of veins (densityV) shows significant reductions

from NC to SD, with MCI displaying intermediate values (Figure 6A).

Notably, the total number of bifurcation points (n_cross) was sig-

nificantly higher in SD compared to both MCI and NC, suggesting

specific vascular changes distinct to SD (Figure 6B). The remaining

significant differences are consistent with those identified when

comparing only NC and CI (Figure 6C–I). Taken together, these

findings underscore the potential of retinal vascular metrics as

biomarkers for detection and monitoring of cognitive impairment

level.
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F IGURE 3 Comparison of data distribution of retinal vascular features with significant changes in Zone B and Zone C. For Zone B, zb_len (A),
zb_lenV (B), zb_num (C), and zb_numV (D) for the right eye decreased significantly in the CI group compared to the NC groupwhile zb_width (E) for
the right eye increased significantly. For Zone C, zc_len (F), zc_lenA (G), zc_lenV (H), and zc_numV (I) in some eyes decreased significantly in the CI
group compared to the NC groupwhile zc_width (J) for both eyes increased significantly. Data are presented using violin plots and box plots with
median (line) and quartiles (box). ANCOVA p-values adjusted for FDR are reported as Q-values: *Q< 0.1; **Q< 0.01; ***Q< 0.001.

3.5 Classification performance of retinal vascular
features

Finally, using the significant retinal vascular features identified, we

conducted classification analyses to evaluate their effectiveness in

distinguishing between NC and CI individuals with logistic regres-

sion, SVM, and random forest models. The models were trained using

different sets of features: demographics alone, significant vascular fea-

tures alone, a combination of demographics and vascular features,

DINOv2 features alone, and a combination of demographics and

DINOv2 features (Table S5). The DINOv2 features offer a point of

comparison for our extracted vascular features to non-interpretable

deep-learning features extracted directly from fundus photographs via

self-supervised learning.

The five-fold cross-validation results demonstrate that mod-

els utilizing significant vascular features alone outperform those

utilizing demographics alone across all metrics and model types

(Figure 5C, 5D, and 5E). The logistic regression model utilizing signifi-

cant vascular features alone achieved an accuracy of 62.11% ± 3.61%,

AUC of 0.642± 0.030, and a Brier score of 0.231± 0.010, outperform-
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(A) (B)

(C) (D)

F IGURE 4 Significantly different vascular features in the left and right eyes. Heatmaps depict the pairwise Pearson correlation between
extracted vascular features with significant differences in both eyes for the left (A) or right (B) eyes. Features are hierarchically clustered and a
dendrogramwith cutoff at 1 for clustering is shown. Volcano plots show the significance andmagnitude of change in the extracted vascular
features for the left (C) and right (D) eyes separately. The red dotted line indicates an FDR cutoff of 0.1, with features elevated in the CI group
compared to the NC group further to the right (positive logFC).

ing the demographics-only model (accuracy: 59.87% ± 3.29%; AUC:

0.625 ± 0.036; Brier score: 0.239 ± 0.009). Incorporating both demo-

graphics andvascular features yielded a slight improvement suggesting

complementary information between these feature sets. The SVM

model showed comparable performance using vascular features alone

and when combined with demographics, the SVM model’s accuracy

improved to 63.34% ± 1.14%. Notably, the SVM model incorporat-

ing DINOv2 features demonstrated higher accuracy (67.31%± 3.24%)

and AUC (0.695 ± 0.042), suggesting that deep learning features

capture additional information relevant to cognitive impairment. The

random forest model exhibited the highest classification performance

among the testedmodels. Using vascular features alone, it achieved an

accuracy of 65.99%±2.17%andanAUCof 0.634±0.038, outperform-

ing the demographics-only model (accuracy: 63.62% ± 1.82%; AUC:

0.647 ± 0.040). Combining demographics and vascular features led to

the highest accuracy model tested (accuracy: 69.40% ± 2.44%), indi-

cating that vascular features provide additive diagnostic value. These

results suggest that the identified retinal vascular featuresmay be use-

ful for identifying cognitive impairment. Full metrics for classification

performance are provided in Table S5.

4 DISCUSSION

Our analysis examined retinal vascular features from both the left and

right eyes, extracted using a deep learning model, focusing on Zones
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F IGURE 5 Correlation of vascular features with cognitive performance and classification results of NC and CI. (A) Bar plot of Pearson
correlation coefficients between each feature (demographic and vascular) andMoCA scores. (B) Forest plot of beta coefficients of GLM regression
models, demographics and one additional vascular feature, assessing their association withMoCA scores. Only models where theQ-value of the
vascular feature coefficient is less than 0.1 are included. The forest plot shows each regressors’ standardized beta coefficient, with 95% confidence
interval, enabling the effect size of variables to be compared. Five-fold cross-validation results for classification betweenNC and CI are reported
asmean (C) accuracy, (D) AUC, and (E) Brier score with 95% error bars. Performancemetrics are compared across models (logistic regression,
SVM, and random Forest) and different feature sets (legend right). The dotted gray line indicates the performance of a dummy classifier that
always guesses themajority class (NC).

B and C. The CI group exhibited statistically significant changes com-

pared to the NC group among several vascular features. Specifically,

compared to NC, patients with CI showed significant changes in total

length, bifurcation points, and vascular width of arteries and veins in

both Zones B and C. These findings suggest that structural changes in

retinal vessel segments may play a role in early cognitive decline.

Overall, the CI group exhibited a significant increase in number of

bifurcationpoints anddecrease in total vessel length,whichmay reflect

an adaptive mechanism or pathological change in the local microvas-

culature. The increased bifurcation points may reflect a compensatory

response to inadequate blood supply by increasing vessel branching

to maintain normal brain function. Notably, the number of bifurca-

tion points is one of only two features that increase in the CI group

for both eyes. On the other hand, the reduction in vessel lengths

could indicate microvascular rarefaction or loss, commonly associated

withmicrovascular pathology and local hypoperfusion.39 Furthermore,

both venous and arterial densities significantly decreased in the CI

group. The reduction in venous density could indicate venous dilation,

blood flow stasis, and microvascular pathology, which are associated

with neurodegenerative diseases and cognitive decline. The decrease

in arterial density may reflect arteriosclerosis, vascular narrowing, or

reduced perfusion capacity, which would affect brain blood supply and

contribute to cognitive decline.40

Stratifying patients by MoCA scores revealed graded changes in

some features from NC to MCI to SD. This suggests existing underly-

ingmechanismsmay drive progressive alterations in vascular structure

that change along with cognition. However, the total number of bifur-

cation points significantly increased only in SD, suggesting specific

vascular changes distinct to dementia. While graded changes in vas-

cular features may correlate with general cognitive decline, features

unique to SD are likely driven by more extensive neurodegenera-

tion. Increased bifurcation points could signify an attempt to maintain

adequate blood supply and compensate for degeneration in the local

microvasculature that does not occur inMCI.
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F IGURE 6 Comparison of data distribution of retinal vascular features with significant changes in NC,MCI, or SD groups. Statistically
significant differences were found in at least one pairwise comparison for densityV (A), n_cross (B), n_crossV (C), skeleton_lenV (D), zb_len (E),
zb_lenA (F), zb_num (G), zb_numA (H), zc_width (I). Data are presented using violin plots and box plots withmedian (line) and quartiles (box).
ANCOVA Tukey post-hoc p-values adjusted for FDR are reported as Q-values: *Q< 0.1; **Q< 0.01; ***Q< 0.001.
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While the overall changes were largely significant in both eyes,

region-specific features were more frequently significant in the right

eye (15 vs. 7 in the left). The reason for this asymmetry is unclear

and may simply be due to data variations or potentially fundamental

physiological differences between the eyes. This is entirely possible

as researchers have found accelerated asymmetric cortical thinning

in AD and retinal asymmetry in macular layer thickness in Multiple

Sclerosis.41,42 Nonetheless, both eyes typically exhibited the same

trends, even if one did not reach statistical significance.

In Zone B, statistically significant features included a decrease

in total length of vessels and number of effective segments. These

changes were exclusively observed in venous features, with none

detected in arterial ones. Moreover, there were only three arterial

related features compared to seven venous related features across all

zones. This suggests venous changes may be more sensitive indica-

tors of cognitive decline in Zone B. Additionally, the reduction in vessel

length and the number of effective segments could indicate a com-

promised venous network, potentially leading to hypoperfusion and

subsequent neurodegeneration characteristic of AD.43,44

In ZoneC,wemainly observed significant reductions in the length of

overall, venous, and arterial retinal vessels. This indicates a generalized

shortening of the vascular network within this zone associated with

cognitive impairment. Moreover, Zone C exhibited significant changes

in both eyes. Specifically, the total length of vessels and average width

of vessels were the only zone-specific features showing significant

alterations bilaterally. This consistency suggests these features may

serve as robust biomarkers for detecting vascular changes linked to

cognitivedecline. Finally, theonly feature that significantly increased in

bothZoneBandZoneCwas average vesselwidth. An increase in vessel

width may be associated with structural damage to small vessels, lead-

ing to reduced blood flow, hypoperfusion, and inflammation, which can

contribute to neuronal damage and cognitive decline.43

Our study further demonstrated that retinal vascular features are

not only altered in CI individuals but also correlate with the degree of

cognitive decline. Regression analyses revealed that decreased venous

density and length, as well as increased vessel width and number

of bifurcation points, were significantly correlated with lower MoCA

scores. Notably, out of the 11 significant coefficients 7 were venous

features, with no arterial ones. Again, this suggests venous changes

may better explain changes in cognitive function.

In terms of classification, models trained on significant vascular

features alone outperformed models trained on demographics alone

across all models and metrics, indicating their potential utility in dis-

tinguishing CI individuals. Although the improvements in classification

were modest at best, they were monotonic in nature and consistently

highlighted the additive diagnostic value of vascular features. In fact,

the performance of models utilizing only 16 significant vascular fea-

tures were comparable and sometimes even superior to those utilizing

768 non-interpretable deep-learning features from DINOv2. Thus,

retinal vascular features could potentially add useful information to a

practical, non-invasive tool for identifying cognitive impairment.

Recently, several deep-learning models have been reported for

detecting ADusing retinal imaging techniques (Table S6). Among them,

Eye-AD achieved an AUC of 0.90 for early AD and 0.80 for MCI detec-

tion using 5751 OCTA images.45 Similarly, Cheung et al. developed a

model using 12,949 retinal fundus photographs that could classify AD

with 83.6% accuracy and an AUC of 0.93.22 While previous studies

such as these report markedly higher accuracies, they were all trained

on larger-sampled datasets and generally lacked interpretability. In

contrast, our approach prioritizes interpretability by extracting physio-

logically meaningful vascular features altered in cognitive impairment.

Our relatively modest performance can be attributed to the relatively

small sample size, the absence of AD-specific biomarkers for well-

defined groups, and our focus on interpretability. Still, our baseline

deep learning approach (DINOv2) yielded similar accuracy, suggest-

ing data constraints rather than model choice are likely limiting

performance.

Overall, these results underscore the potential specificity of vas-

cular structural changes as early indicators of cognitive impairment.

The current AD diagnostic framework, AT(N), is adaptable, allowing

for the inclusion of new biomarkers in the existing three groups and

adding new biomarker categories as they emerge.46 Although retinal

vascular biomarkers are promising due to their economic affordability

and clinical accessibility, their application to AD diagnostics is subject

to scrutiny due to mixed research results.47,48 Our findings suggest

potential regional differences in structural changes of specific retinal

vascular features. Future research of retinal vasculature should pay

close attention to possible differences in different areas or dimen-

sions of the retinal fundus and potential asymmetries between eyes.

While the potential specificity of changes in vessel length and density

is promising, it should be integrated into a comprehensive diagnostic

framework that considers multiple factors andmarkers.

Progress in explainable artificial intelligence (AI) emphasizes

the importance of interpretable models, particularly in medical

diagnostics.49 Developing interpretable models is important because

they provide transparency and trust vital for clinical acceptance and

integration into patient care.50,51 Here, by identifying statistically sig-

nificant retinal vascular features associated with cognitive impairment

using a deep learning segmentation model, we provide clear, quantifi-

able changes in retinal vasculature that may guide the development of

interpretable models for early diagnosis and monitoring of cognitive

decline.

This study has several limitations. Despite our efforts to collect data

frommultiple medical centers, we faced limitations due to clinical data

availability. Importantly, we did not use AD-specific biomarkers (e.g.,

PET imaging, CSF, or plasma p-tau) to confirmADpathology in our par-

ticipants. As such, we cannot attribute the observed retinal vascular

changes specifically to AD. Future studies incorporating AD-specific

biomarkers are necessary to determine whether these changes are

specific to AD or are indicative of cognitive impairment more broadly.

Additionally, considerable overlap between AD and age-related eye

diseases or cerebrovascular diseases is expected, as these conditions

often co-occur due to shared risk factors.22,52 Although we excluded

participantswith concomitant eyediseases,wedidnot account for con-

comitant cerebrovascular diseases due to lack of access to such clinical

information. Some of the recruited patients from Prince ofWales Hos-
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pital had small vessel disease, which may have been a confounding

factor in our results. Finally, only one-third of the retinal features

showed differences between NC and MCI. This suggests that while

most retinal features might be useful in identifying more advanced

stages of cognitive impairment, their effectiveness in detecting early-

stage impairment remains unclear. Further investigation with larger

sample sizes is needed to determine the sensitivity of these features

for early-stage detection and to establish the necessity of retinal image

features as a screening tool in the community population.

In conclusion, the potential specificity of retinal vascular structural

changes in CI individuals found in our study contributes to the grow-

ing body of knowledge on the potential of retinal vascular features as

biomarkers for cognitive impairment. Further studies and clinical val-

idations are needed to fully understand the utility of these markers

and their role in clinical practice, which may lead to the development

of novel interpretable models for identifying or monitoring cognitive

decline.
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