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Cerebral small vessel disease (SVD) involves ischemic white matter damage and choroid plexus (CP)
dysfunction for cerebrospinal fluid (CSF) production. Given the vascular and CSF links between the eye and
brain, this study explored whether retinal vascular morphology can indicate cerebrovascular injury and CP
dysfunctionin SVD. We assessed SVD burden using imaging phenotypes like white matter hyperintensities
(WMH), perivascular spaces, lacunes, and microbleeds. Cerebrovascular injury was quantified by WMH
volume and peak width of skeletonized mean diffusivity (PSMD), while CP volume measured its dysfunction.
Retinal vascular markers were derived from fundus images, with associations analyzed using generalized
linear models and Pearson correlations. Path analysis quantified contributions of cerebrovascular injury
and CP volume to retinal changes. Support vector machine models were developed to predict SVD severity
using retinal and demographic data. Among 815 participants, 578 underwent ocular imaging. Increased
SVD burden markedly correlated with both cerebral and retinal biomarkers, with retinal alterations equally
influenced by cerebrovascular damage and CP enlargement. Machine learning models showed robust
predictive power for severe SVD burden (AUC was 0.82), PSMD (0.81), WMH volume (0.77), and CP volume
(0.80). These findings suggest that retinal imaging could serve as a cost-effective, noninvasive tool for
SVD screening based on vascular and CSF connections.
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Introduction

Cerebral small vessel disease (SVD) is a leading cause of neuro-
logical disorders, responsible for approximately 25% of ischemic
strokes and 45% of dementia cases [1,2]. Magnetic resonance
imaging (MRI) is the gold standard for diagnosing SVD, with
white matter hyperintensities (WMHs) as the primary marker.
The prevalence of SVD is particularly high among older adults,
affecting up to 90% of individuals over the age of 80 [3], and
timely diagnosis and intervention may reduce the risk of stroke
and dementia [4]. However, due to its high costs, long scan time,
and the need for specialized expertise, MRI is limited in its use
for large-scale screening.

Humans are complex organisms with coordinated multi-
organ systems [5]. The eye provides a unique opportunity to
directly observe the body’s microvascular system, making it a
valuable “window” into brain health. Fundus photography,
being cost-effective and noninvasive, shows great potential as
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an alternative for diagnosing SVD and related brain pathologies
[6]. However, the mechanisms linking retinal vascular changes
to cerebral abnormalities in SVD remain unclear. Specifically,
itis not yet fully understood which cerebral pathologies can be
reflected by retinal imaging.

The retina is an extension of the diencephalon, with a close
anatomical relationship and similar vascular regulatory mecha-
nisms shared between the blood supply of both organs [7].
Decreased retinal vascular density (VD) was associated with
severe WMH in the brain [8], indicative of macrostructural
white matter damage caused by chronic ischemia.

Beyond the vascular connections, researchers have demon-
strated cerebrospinal fluid (CSF) circulation around the optic
nerve in rodent models using CSF tracers [9], offering new
insights into the role of CSF dynamics in ocular diseases. For
instance, glaucoma patients exhibit lower intracranial pressure
compared to nonglaucoma controls, which is maintained by
the balance between CSF production and outflow [10]. The
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choroid plexus (CP) is a network of blood vessels and epithelial
cells located within the brain’s ventricles, which not only pro-
duces CSF but also supplies micronutrient, clears the waste, and
maintains hemostasis by CSF circulation [11]. CP enlargement
has been associated with WMH growth [12] and cognitive
decline [13]. However, the relationship between CP dysfunction
and retinal vascular morphology remains largely unexplored.

Integrating artificial intelligence with retinal imaging holds
the potential to transform the detection and monitoring of
SVD, providing a rapid, accessible, and cost-effective solution
for large-scale screening and early diagnosis of cerebrovascular
disease. Although there have been attempts to utilize deep
learning with retinal imaging to predict the severity [14] and
locations [15] of WMH, it remains uncertain whether more
interpretable retinal vascular features can simultaneously pre-
dict SVD burden and its underlying mechanisms, particularly
CP dysfunction.

In this study, we hypothesize that retinal vascular abnor-
malities in SVD patients are influenced by, and can predict,
both cerebrovascular injury and CP dysfunction, based on the
vascular and CSF connections between the eye and brain (illus-
trated in Fig. 1A). To test this, we compared cerebral and retinal
imaging biomarkers (showed in Fig. 1B) across different SVD
burden levels, examined correlations between them, quantified
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the contributions of cerebrovascular injury and CP enlarge-
ment to retinal vascular changes, and constructed machine
learning models using retinal features and demographic data
to predict the severity of SVD and cerebral imaging markers.

Results

Participant characteristics
After excluding 299 participants due to insufficient clinical data
(N'=235) and incomplete MRI scans (N = 64), 815 participants
(mean age was 56.02 + 10.85 years, 54% was female) were
included in the cerebral imaging analysis, with 578 of them also
included in the ocular imaging analysis based on available fundus
photography data. The detailed flowchart was depicted in Fig. S1.
Among 815 participants, 254 (31.2%) had an SVD burden
score of 0, 258 (31.7%) had a score of 1, 163 (20.0%) had a score
of 2, and 140 (17.2%) had a score of 3 or 4 (Table). Higher SVD
burden scores were associated with older ages (F = 194.20,
P <0.001), lower proportions of females (y* = 66.77, P < 0.001),
fewer years of education (F = 70.79, P < 0.001), lower Montreal
Cognitive Assessment scores (H = 150.28, P < 0.001), and
higher body mass index (BMI) (F = 3.77, P = 0.01). Manually
assessed SVD markers, including numbers of WMH burden
(x> = 440.55, P < 0.001), lacunes (x> = 442.35, P < 0.001),
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Fig. 1. Overview of eye—brain markers and hypothesized pathological connections in this study. (A) Schematic representation of the vascular and cerebrospinal fluid (CSF)
connection between the eye and brain. (B) Imaging modalities, analyses, and potential pathologies of the markers in this study. We hypothesize that retinal vascular changes
in cerebral small vessel disease (SVD) patients are influenced by cerebrovascular damage and enlarged choroid plexus (CP) through the vascular and CSF connection. SVD
burden scores were manually assessed using 4 imaging phenotypes: white matter hyperintensities (WMHs), enlarged perivascular spaces in basal ganglia (BG-EPVS), lacunes,
and cerebral microbleeds (CMBs). For cerebral imaging markers, CP volume was segmented from T1-weighted images to reflect CSF dynamics. Both WMH and peak width of
skeletonized mean diffusivity (PSMD) serve as markers of SVD driven by chronic ischemia; WMH volume was calculated on fluid-attenuated inversion recovery (FLAIR) images,
while PSMD value was derived from skeletonized mean diffusivity in diffusion tensor imaging (DTI). Ocular imaging markers were derived from fundus photography, including
artery/vein labeling, and the calculation of fractal dimension (FD), vessel vascular density (VD), and vessel caliber.
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Table. Clinical characteristics according to cerebral small vessel disease burden scores. Continuous variables are determined with ANOVA
or Kruskal-Wallis test as appropriate; Categorical variables are determined with y° test. BG-EPVS, enlarged perivascular spaces in basal
ganglia; BMI, body mass index; CMBs, cerebral microbleeds; MoCA, Montreal Cognitive Assessment; SVD, cerebral small vascular diseases;

WMH, white matter hyperintensities.

SVD burden scores

Characteristics 0 (N =254) 1(N =258) 2(N=163) >3 (N =140) P value
Age (years), mean + SD 470+ 81 56.0 +86 61.3 +8.2 66.3+8.0 <0.001
Female, no. (%) 154 (60.6) 127 (49.2) 63 (38.7) 27 (19.3) <0.001
Education (years), mean + SD 158+24 141+33 125+ 33 116+33 <0.001
MoCA, median (IQR) 270 (25-28) 25.0 (23-27) 24.0 (21-27) 22.5(19-25) <0.001
Vascular risk factors
Hypertension, no. (%) 57 (22.4) 85(32.9) 74 (454) 87(62.1) <0.001
Diabetes, no. (%) 22 (8.7) 46 (17.8) 42 (25.8) 46 (32.9) <0.001
Dyslipidemia, no. (%) 154 (60.6) 172 (66.7) 117 (71.8) 88 (62.9) 0.110
BMI (kg/m?), mean + SD 248 +32 251+32 256+31 258 +3.0 0.010
Current drinking, no. (%) 47 (18.5) 69 (26.7) 44 (270) 37(26.4) 0.090
Current smoking, no. (%) 33(13.0) 42 (16.3) 43 (26.4) 31(22.1) 0.003
SVD markers, no. (%)
High WMH burden 0(0) 22 (8.5) 82(50.3) 123 (87.9) <0.001
Prescence of lacunes 0(0) 2(0.8) 26 (16.0) 104 (74.3) <0.001
Prescence of CMBs 1(0.4) 40 (15.5) 65 (39.9) 111(79.3) <0.001
Moderate to severe BG-EPVS 2(0.8) 195 (75.6) 155 (95.1) 139(99.3) <0.001

cerebral microbleeds (X2 = 314.96, P < 0.001), and enlarged
perivascular spaces in basal ganglia (x> = 571.99, P < 0.001)
were all significantly increased with SVD burden scores.

Cerebral and retinal imaging markers varied across
SVD burdens

We assessed the differences in cerebral and retinal imaging
biomarkers across varying SVD burden levels compared to
individuals with a burden of 0, as shown in Fig. 2. For cerebral
imaging biomarker, significant increases were observed in CP
volumes (P = 0.001 in model 1 and P = 0.006 in model 2 at
burden 3), WMH volumes (both P < 0.001 at burden 3; P =
0.037 in model 1 at burden 2), and peak width of skeletonized
mean diffusivity (PSMD) values (P < 0.001 in model 1 and
P =0.03 in model 2 at burden 2; both P < 0.001 at burden 3).

For retinal imaging markers, we found significantly decreased
fractal dimension (FD; both P=0.001 at burden 3), VD (P=0.001
in model 1 and P = 0.002 in model 2 at burden 3), arteriolar FD
(P=0.042 in model 1 and P = 0.048 in model 2 at burden 2; P =
0.001 in model 1 and P =0.002 in model 2 at burden 3), and arte-
riolar VD (both P < 0.001 at burden 3; P = 0.036 in model 1 at
burden 2), along with an increase in venular averaged width (VAW;
P =0.004 in model 1 and P = 0.003 in model 2 at burden 3).

Correlation between cerebral and retinal

imaging markers

Figure 3 illustrates the significant correlations between cerebral
and retinal imaging biomarkers (all P < 0.001). WMH volume,
PSMD value, and CP volume showed negative correlations with
retinal FD, VD, arteriolar FD, and arteriolar VD, and positive
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correlations with VAW. Specifically, WMH volume correlated
with FD (r = —0.366), VD (r = —0.323), arteriolar FD (r =
—0.344), arteriolar VD (r = —0.320), and VAW (r = 0.225).
PSMD value showed correlations with FD (r = —0.343), VD
(r = —0.329), arteriolar FD (r = —0.336), arteriolar VD (r =
—0.337), and VAW (r = 0.192). CP volume correlated with FD
(r = —0.235), VD (r = —0.228), arteriolar FD (r = —0.217),
arteriolar VD (r = —0.229), and VAW (r = 0.218). These find-
ings demonstrate a consistent relationship between retinal
vascular morphology and SVD markers or CP volume.

Partial least squares structural equation modeling
Figure 4 illustrates the results of partial least squares structural
equation modeling, which evaluate the influence of cerebro-
vascular injury and CP dysfunction on retinal vascular mor-
phology. Two models were constructed based on different
cerebrovascular imaging biomarkers (WMH in model A and
PSMD in model B). Both models demonstrated a good fit, with
standardized root mean square residual values of 0.075 and
0.070, respectively.

In model A, WMH explained 48.2% and CP volume 51.8%
of the variance in retinal vascular morphology, respectively. In
model B, PSMD explained 63.1% and CP volume 36.9% of the
variance in retinal vascular morphology, respectively. All reti-
nal imaging markers showed strong contribution to the vari-
ance in retinal vascular morphology (all P < 0.001).

Prediction models and external validation
Figure 5 presents the predictive results and performance
parameters of the machine learning models based on 5 retinal
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Fig. 2. Changes in cerebral and retinal imaging markers across different SVD burden levels compared to burden 0. Generalized linear models were used, adjusting for age, sex,
and years of education in model 1, with additional adjustments for hypertension, diabetes, dyslipidemia, body mass index (BMI), and current smoking and drinking status in
model 2. Markers on the green background were derived from cerebral imaging, and those on the blue background were from retinal imaging. CPV, choroid plexus volume;
EMMD, estimated marginal mean difference; AFD, arteriolar FD; AVD, arteriolar VD; VAW, venular averaged width. *+##P < 0.001; **P < .01; *P < 0.05.
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Fig. 3. Correlation analysis between cerebral and retinal imaging markers in SVD patients. Scatter plots depict the relationships between cerebral imaging markers (WMH
volume, PSMD value, and CPV) and retinal vascular biomarkers (FD, VD, AFD, AVD, and VAW). The top and right margins of the figure show histograms representing the

distribution of each imaging marker.

imaging biomarkers and demographic data. The highest
mean area under the curve (AUC) from the 5-fold cross-
validation was observed for the prediction of SVD burden
(0.82 + 0.07), followed by predictions for the upper quartile
of PSMD (0.81 + 0.06), CP volume (0.80 + 0.03), and WMH
(0.77 + 0.01).

In terms of other model performance, the prediction of SVD
burden achieved the highest overall accuracy (0.77 = 0.05) and
specificity (0.78 + 0.05) while maintaining balanced sensitivity
(0.72 +0.12). The PSMD and WMH prediction models showed
comparable results, with accuracies of 0.71 + 0.08 and 0.72 +
0.02, and specificities of 0.71 + 0.10 and 0.74 + 0.04, respectively.
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The model for CP volume achieved the highest sensitivity
(0.89 + 0.05) with relatively lower accuracy (0.67 = 0.04) and
specificity (0.61 + 0.05).

Additionally, we validated the reliability of the prediction
model using the UK Biobank (UKB) dataset, receiver operat-
ing characteristic curves of which were provided in Fig. S2.
The average AUC for the WMH prediction model was 0.76 +
0.01, with mean accuracy, specificity, and sensitivity of 0.67 +
0.02, 0.64 + 0.02, and 0.75 + 0.02, respectively. For the CP
volume prediction model, the average AUC, accuracy, specific-
ity, and sensitivity were 0.81 + 0.01, 0.74 + 0.01, 0.74 + 0.02,
and 0.73 + 0.02, respectively.
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Fig. 4. Results of partial least squares structural equation modeling showing the
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CP volume

Discussion

This study provides the first imaging evidence of a CSF connec-
tion between the eye and brain, complementing the established
vascular link. It further demonstrates that CP volume, respon-
sible for CSF secretion, has an effect on retinal vascular changes
comparable to that of cerebral vascular damage biomarkers
(including WMH volumes and PSMD values). Additionally,
using the same limited retinal imaging biomarkers, lightweight
machine learning models were developed to accurately predict
SVD score, cerebral vascular biomarkers, and CP volume.

Our study’s findings that WMH volumes and PSMD markedly
increased with SVD severity were consistent with prior research,
highlighting their roles as markers of cerebrovascular damage.
WMH reflected ischemic injury in white matter due to chronic
hypoperfusion, leading to demyelination, axonal loss, and gliosis,
processes strongly associated with SVD progression and cognitive
decline [16]. Meanwhile, PSMD captures microstructural changes
in the white matter, which are similarly linked to prolonged isch-
emic damage from small vessel dysfunction [17] and were closely
correlated with WMH score and volume [18].

Impaired CSF waste clearance is a key factor in the develop-
ment of SVD, as the glymphatic system, responsible for remov-
ing metabolic waste from the brain, becomes less effective. This
dysfunction leads to the accumulation of harmful proteins like
amyloid-p, contributing to neuroinflammation and further
vascular damage [19,20]. Our finding of a marked association
between increased CP volume and SVD severity supported the
role of CSF dysregulation in SVD progression. CP enlargement
may reflect compensatory changes due to impaired CSF clear-
ance, indicating a disrupted glymphatic system [21]. Previous
research has also linked CP volume to cognitive decline and
cerebrovascular damage, reinforcing the idea that CP enlarge-
ment was closely related to SVD pathophysiology through its
influence on CSF dynamics [22].

Our findings demonstrate a marked correlation between
retinal vascular metrics and SVD burden, as well as its imaging
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markers, consistent with previous studies. Reduced arterial FD
has been associated with deep WMH scores in patients with
minor ischemic stroke [23], and decreased VD in specific reti-
nal regions correlates markedly with SVD burden and severe
WMH [8]. Measures such as FD and VD reflect the complexity
of the retinal vascular network; reductions in these measures
may indicate vascular rarefaction or remodeling due to chronic
ischemic damage in both the brain and eyes [24]. Although
Tkram et al. [25] did not find a direct association between venu-
lar dilation and SVD burden in the Rotterdam Scan Study, they
reported a link between venular dilation and marked SVD
progression, possibly due to relatively mild white matter dam-
age at baseline. This suggests that venular dilation may serve
as a compensatory mechanism in response to increased intra-
cranial pressure or impaired venous drainage, contributing to
vascular stress without directly affecting specific markers of
white matter damage.

We found that PSMD correlated with retinal vascular metrics
comparable to those linked with WMH, but with higher signifi-
cance. As a novel biomarker for SVD, this study is the first to
investigate relationship of PSMD with retinal imaging metrics,
extending previous findings that PSMD is markedly correlated
with WMH and consistently outperforms conventional imaging
biomarkers in explaining variance in cognitive processing speed
[17]. This strengthens the evidence for a shared vascular injury
mechanism between the eye and brain, suggesting that SVD may
have a systemic impact on both organs.

CP plays a vital role in CSF production and immune surveil-
lance, making it a key player in neuroinflammatory processes.
Previous studies have shown CP enlargement in patients with
optic neuritis, indicating its involvement in such conditions [26].
Our study presents an innovative finding by identifying a marked
correlation between increased CP volume and reduced FD and
VD of retina, suggesting a new link between CP dysfunction and
retinal vascular changes. To the best of our knowledge, this is the
first in vivo imaging study in humans that demonstrates the con-
nection between the CP and retinal blood vessels, although pre-
vious research has proposed the hypothesis that CSF flows into
the optic nerve and optic disc along the perivascular spaces of
the central retinal vessels in a microgravity environment [27]. A
potential mechanism for this association may involve impaired
CSF clearance or disruption of the blood-CSF barrier, leading
to the accumulation of neurotoxic substances, neurovascular
inflammation, and endothelial dysfunction, which in turns nega-
tively impact retinal vascular integrity [28-30].

Through structural equation modeling, we confirmed that
retinal vascular morphology was almost equally influenced by
both cerebrovascular injury and CP dysfunction in SVD patients.
Each independent pathway aligned with our previous results
from traditional statistical analysis. Importantly, we found that
neither factor fully substitutes for the other, highlighting the dis-
tinct and complementary roles of CSF dysfunction and brain
vascular damage in shaping retinal vascular changes.

Using retinal imaging to predict brain changes has become an
emerging area of research. Zee et al. [15] utilized retinal images
and extracted vascular features to estimate the probability of age-
related WMH in specific brain regions. Ji et al. [31] incorporated
patient demographic data with fundus photography and optical
coherence tomography to predict SVD diagnosis, achieving AUC
values of 0.72 and 0.73, respectively. Our study used 5 retinal
vascular markers and basic demographic data to consistently
achieve higher accuracy in predicting not only severe SVD
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Fig. 5. Receiver operating characteristic curves of support vector machine models for predicting severe SVD burden (A), upper quartile of PSMD (B), WMH (C), and CP volume
(D). Each panel presents the receiver operating characteristic (ROC) curves for 5-fold cross-validation, with the area under the curve (AUC) values for each fold and their mean
value. The shaded area represents the standard deviation of the ROC curves across the 5 folds. Performance metrics, including mean accuracy, sensitivity, and specificity, are
displayed below each panel. Severe SVD burden was defined as a burden score of 3 or above.

burden (AUC =0.82 + 0.07) but also the upper quartiles of WMH
volumes (0.77 + 0.01), PSMD values (0.81 + 0.06), and CP vol-
umes (0.80 + 0.03). By additionally utilizing the UKB dataset,
which includes participants from diverse ethnic backgrounds, we
demonstrated the reproducibility of the selected 5 retinal imaging
biomarkers for predicting both WMH and CP volumes across a
heterogeneous population. In the UKB cohort, the WMH predic-
tion model achieved an AUC of 0.76 + 0.01, closely aligning with
the META-KLS (MEdical imaging sTudy bAsed on KaiLuan
Study) cohorts 0.77 + 0.01, while the CP volume prediction
model showed an AUC of 0.81 + 0.01, consistent with the
0.80 + 0.03 in META-KLS. This consistency across datasets
underscores the robustness and reliability of the model’s predic-
tive performance. In conclusion, external validation using the
UKB dataset further confirmed the lightweight retinal vessel-
based model’s effectiveness in predicting neuroimaging markers
associated with SVD. The prediction models in this study suggest
the potential of retinal imaging to clinically predict not only cere-
bral vascular impairment but also disruptions in CSF clearance.

There are still several limitations in this study. First, the SVD
score, derived from Wardlaw’s scale, offers a comprehensive
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assessment of overall SVD-related damage. While specific imag-
ing markers such as PSMD and WMH were employed to assess
white matter microstructural integrity and microvascular injury,
the inherent heterogeneity among participants underscores the
need for future studies to specifically investigate the associations
between ocular and cerebral parameters across distinct SVD
imaging characteristics. Second, we selected 5 retinal imaging
features from an initial set of 30 based on their correlation with
SVD burden. While these features were carefully chosen to
ensure a robust analysis, the relationship may vary depending
on specific brain markers. To improve the accuracy of future
prediction models, customizing the selection of retinal markers
to specific brain imaging biomarkers could be considered. Third,
age and sex distribution showed marked differences across dif-
ferent SVD burden scores, which can be attributed to the under-
lying mechanisms of SVD and the fact that the original dataset
was not filtered. Future studies should include more diverse
ethnicities to enhance generalizability.

In conclusion, changes in retinal vascular morphology are
influenced by both cerebrovascular injury and CP dysfunc-
tion. Retinal markers can effectively predict SVD burden, and
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SVD-related imaging markers such as WMH and PSMD, and
CP volume. These findings offer new imaging evidence of the
connection between the eye and brain, underscoring the poten-
tial of retinal imaging as a noninvasive tool for large-scale SVD
screening and diagnosis.

Materials and Methods

Study design and participants

The participants of this study were from META-KLS at Hebei,
China, details of which were previously depicted by Sun et al. [32].
In brief, META-KLS is a prospective, community-based cohort
study, which recruited primarily the employees of Kailuan (Group)
Co. Ltd. and local residents. Multi-modality imaging examinations
were performed to assess the association of imaging phenotypes
between eye and brain in the preclinical diseases. A total of 1,114
participants from December 2020 to August 2022 who performed
atleast one modal MRI scan was included, and those with unquali-
fied clinical assessment and incomplete MRI or fundus photogra-
phy data were excluded. This study follows the Strengthening the
Reporting of Observational Studies in Epidemiology initiative [33]
and has been approved by the Medical Ethics Committee of the
Kailuan General Hospital. Written informed consent was acquired
from each participant.

Clinical measurement

The clinical measurement was conducted via face-to-face survey
and examination at KaiLuan Hospital by trained researchers.
Demographic characteristics (age, sex, and years of education)
and vascular risk factors (hypertension, diabetes, dyslipidemia,
BMI, and drinking and smoking status) were collected. Cognitive
function was evaluated using the Beijing version of the Montreal
Cognitive Assessment scale with a maximum score of 30 points
and 7 cognitive domains [34].

Imaging acquisition

Brain MRI examinations were performed at 3.0-T scanner with
an 8-channel phase-array coil (MR750w; GE, USA) following a
standardized protocol. The protocol included a 3-dimensional
brain volume for high-resolution T1-weighted imaging [repeti-
tion time (TR)/echo time (TE) = 6.7/2.6 [ms], flip angle = 15°,
field of view = 25.6 x 25.6 cm’], which was utilized to analyze
CP volume. Diffusion tensor imaging (8,000/97.9 [ms], 90°,
24 x 24 cm’, 15 directions, b = 1,000 mm”/s) was employed to
calculate PSMD value. Three-dimensional fluid-attenuated inver-
sion recovery imaging (FLAIR; 5,000/1,147 [ms], 90°, 25.6 X
25.6 cm”) was used for the automated quantification of WMH
volume, as well as manual evaluation of WMH and lacune scores.
Two-dimensional T2-weighted imaging (5,842/103 [ms], 142°,
24 X 24 cm®) was acquired for manual assessment of perivascular
spaces. Susceptibility-weighted imaging (39.7/23.9 [ms], 16°,
24 X 24 cm®) was performed for the manual evaluation of cere-
bral microbleeds. Bilaterally macula and optic disc-centered
retinal fundus photographs (imaging size, 2,576 X 1,934 pixels)
were captured by a Topcon Deep Range Imaging OCT Triton
Device (Triton; Topcon, Japan).

Assessment of cerebral SVD

SVD burden scores were evaluated on a scale of 0 to 4 based
on Wardlaw’s scale [35] by experienced radiologists with
12 years of expertise in brain MRI, with any discrepancies resolved
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through consensus or adjudication by a senior radiologist
possessing over 15 years of experience. Points were assigned as
follows: 1 point for the presence of lacunes, defined as one or
more lacunes, and 1 point for any cerebral microbleeds. Enlarged
perivascular spaces in the basal ganglia were assigned 1 point
if graded as moderate to severe (grades 2 to 4, N > 10). WMH
received 1 point if characterized by either confluent deep WMH
(Fazekas score 2 or 3) or irregular periventricular WMH extend-
ing into the deep white matter (Fazekas score 3).

Cerebral imaging marker analysis

The CP, responsible for approximately 80% of the daily CSF pro-
duction [36], was segmented by FastSurfer (version 2.0.4), a fully
convolutional neural network trained on extensive manually
labeled datasets to segment brain structures. The CP volume was
calculated as a biomarker for CSF dynamics, with an enlargement
indicating potential dysfunction in CSF circulation [37].

The WMH volume for each participant was computed using
the “Lesion Prediction Algorithm” [38], an unsupervised method
within the Lesion Segmentation Toolbox of the SPM12 software
package [39]. This algorithm uses a probabilistic model to detect
and segment lesions in the brain by leveraging both FLAIR
images and the underlying tissue probabilities. After segmenta-
tion, the total WMH volume was calculated by summing the
volumes of the identified lesions across all brain regions.

The PSMD value was automatically calculated following
a well-established protocol [17] using FSL (version 6.0). In brief,
PSMD is derived based on skeletonized mean diffusivity from
diffusion tensor imaging and serves as a reliable indicator
of SVD severity [17]. Higher PSMD values generally corre-
spond to more severe SVD.

All analysis results were subjected to manual quality control
to ensure the absence of errors in the analysis.

Ocular imaging marker analysis

ED quantifies the complexity of retinal vascular branching, with
higher values reflecting a more intricate network structure. VD
measures the proportion of the retinal area occupied by blood
vessels, indicating the extent of vascularization. VAW represents
the mean caliber of venules, providing insight into venous vessel
characteristics. Additionally, arteriolar FD captures the complex-
ity of the arteriolar network, while arteriolar vessel density quan-
tifies the density of arterioles in the retina. These biomarkers
were extracted from fundus photography using AutoMorph [40],
following steps that included background removal, image quality
grading to exclude poor images, anatomical segmentation of
arterioles and venules, and measurement of vascular morphology
feature. The segmentation results of retinal vessels were reviewed
by experienced analysts to ensure accuracy and reliability. All
biomarkers were analyzed within the annulus 0.5 to 2 optic disc
diameter from the disc margin in optic disc-centered images of
each participant’s right eye.

Prediction models

We developed support vector machine models to evaluate the
predictive ability of retinal imaging markers for cerebrovascular
damage, CP enlargement, and SVD burden. All participants were
included in the analysis, with those having WMH volumes in
the upper quartile or higher classified as the target group and
marked as 1, while the remaining participants were classified as
nontargets and marked as 0. A similar approach was applied for
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PSMD and CP volume. For SVD burden prediction, participants
with a score of 3 or 4 were classified as the target group and
marked as 1. Input features included 5 retinal biomarkers (FD,
VD, arterial FD, arterial VD, and VAW) and demographic vari-
ables (age, sex, and education). Feature scaling was applied using
StandardScaler to standardize the data to a mean of 0 and a stan-
dard deviation of 1, enhancing the performance of the machine
learning models. Considering the class imbalance in the dataset,
RandomOverSampler was employed to balance the training
samples by oversampling the minority class. The training and
evaluation were performed using a 5-fold stratified cross-
validation strategy to ensure that both classes were proportionately
represented in each fold. Linear kernel support vector machine
models were implemented to predict the targets. The models
were trained on the training data in each fold and evaluated on
the corresponding test set. Key performance metrics included
accuracy, AUC value, sensitivity, and specificity, which were cal-
culated for each fold. Confusion matrices were generated to
derive sensitivity and specificity, ensuring a comprehensive
assessment of the model’s ability to correctly classify both classes.

External validation

To confirm the consistency of the prediction model based on
vascular and CSF connections across datasets and validate its
external reliability, we further used UKB dataset, which is a
large, prospective cohort study that recruited participants from
22 centers across the UK between 2006 and 2010 [41]. All par-
ticipants were invited for imaging and underwent screening to
assess safety and tolerance. Detailed information on the study’s
design, recruitment, and baseline assessments were described
previously [41].

Cerebral imaging was performed on the 3T Siemens Skyra
MRI scanner, and fundus photographs (45° field of view, cen-
tered to macula) were captured using a digital Topcon-1000
integrated ophthalmic camera (Topcon 3D OCT1000 Mark II,
Topcon Corp., Tokyo, Japan).

Considering the participants who underwent both eye and
brain imaging and excluding those with low-quality images
unsuitable for analysis, a total of 5,691 participants were included.
WMH volume (field identifier 25781) and total CP volume of
left (field identifier 26567) and right (field identifier 26598) hemi-
spheres were obtained from the UKB-provided fields. WMH was
segmented using the Brain Intensity AbNormality Classification
Algorithm tool [42] on FLAIR imaging, and CP was segmented
using FreeSurfer [43] on 3-dimensional T1-weighted imaging.
The full acquisition protocols are provided elsewhere [44], and
those included in this analysis are as follows: FLAIR imaging
(resolution = 1.05 X 1 X 1 mm>, field of view = 192 X 256 X
256 matrix), and T1-weighted imaging (resolution = 1 X 1 X
1 mm’, field of view = 192 X 256 X 256 matrix, TR/TE =
2,000/2.01 [ms]). The fundus photograph of each participant’s
right eye was directly obtained from the UKB database (field
identifier 21016). Ocular imaging markers were analyzed using
the same methodology applied to the META-KLS dataset and
are available online and are available online (see details in
Data Availability).

Statistical analysis

Statistical analysis was performed using SPSS (version 26.0;
IBM, Armonk, NY, USA). For descriptive statistics, we used
the y” test for categorical variables and one-way analysis of
variance (ANOVA) or Kruskal-Wallis test for continuous
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variables. A generalized linear model was used to assess differ-
ences in cerebral and retinal imaging markers across varying
levels of SVD burden, with estimated marginal mean difference
representing the differences between higher burden levels (1,
2,and >3) and level 0. Retinal imaging biomarkers with a P value
for trend less than 0.01 were selected in this study. Age, sex,
and education were controlled for in model 1, and hyperten-
sion, diabetes, dyslipidemia, BMI, current smoking, and drink-
ing status were added to model 2. Pearson’s bivariate correlation
analysis was used to examine the relationship between cerebral
and retinal imaging biomarkers, with significance defined as a
2-tailed P < 0.05.

Partial least squares structural equation modeling (SmartPLS,
version 3.2.9) [45] was implemented to assess the contribution
of CP enlargement and cerebrovascular damage (indicated by
increased WMH volume or PSMD value) to changes in retinal
vascular morphology. Two separate models were constructed:
one incorporating CP volumes and WMH volumes, and the
other incorporating CP volumes and PSMD values. Retinal
vascular morphology was set as the latent variable, formed by
the observed variables that were selected according to the sig-
nificant correlation with SVD burden (P < 0.01). The standard-
ized root mean square residual measures the difference between
observed and predicted correlations, with a value of less than
0.08 indicating a well-fitting model [46]. Outer weight (OW)
indicates the relative contribution of each indicator to its cor-
responding latent variable, with higher absolute values indicat-
ing a stronger contribution to the latent variable.
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