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Abstract. Dementia screening remains a clinical challenge due to the
high cost, invasiveness and sometime subjective of traditional neuroimag-
ing or cognitive assessment questionnaires. While retinal imaging pro-
vides a non-invasive alternative, current methods struggle to capture the
cerebral pathology needed for accurate diagnosis. To address this, we
propose EyeDEM, a novel framework designed to distill brain structural
priors into a standalone eye screening network using paired eye-brain
data. To overcome cross-organ heterogeneity, we disentangle the latent
space to isolate cross-modal relate representations and then apply multi-
level alignment to map retinal microvasculature to brain atrophy. Fur-
thermore, we introduce a divide-and-conquer distillation strategy that
selectively transfers hierarchical diagnostic knowledge from a fused mul-
timodal teacher to the eye student. At the inference stage, EyeDEM
functions as a standalone screening method requiring solely retinal im-
ages. Validated across multi-center datasets of 2,040 participants, our
standalone eye model reaches the AUC of 0.888 for dementia vs. normal
control classification. Crucially, we validate the model’s interpretability
through biological correlation analysis, demonstrating that the learned
retinal representations strongly correlate with critical neurodegenerative
brain regions by predicting their volumes. These findings confirm that
leveraging the eye-brain axis as a cross-modal prior paves the way for
accessible, high-precision, and clinically transparent dementia screening.
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1 Introduction

Dementia, most notably Alzheimer’s disease (AD) and vascular dementia (VaD),
represents a rapidly escalating global public health crisis [15].Current diagnos-
tic workups, including magnetic resonance imaging (MRI), positron emission
tomography (PET), and cerebrospinal fluid (CSF) analysis, are unsuitable for
large-scale population screening because of their high cost and limited accessi-
bility, as well as the invasive nature of CSF sampling. Furthermore, traditional
cognitive assessment questionnaires are frequently compromised by inherent sub-
jectivity, limiting their reliability as objective early-screening tools [16].

As a developmental outgrowth of the diencephalon, the retina shares a com-
mon embryonic origin and homologous vascular architecture with the brain,
offering a unique window into cerebral pathology [13]. This anatomical con-
nection suggests that retinal microvasculature can serve as a surrogate marker
for brain health. Accumulating clinical evidence substantiates this link, demon-
strating that dementia is consistently associated with specific retinal alterations,
including reduced vessel density in the superficial and deep capillary plexuses
(SVC/DVC) and perfusion deficits in the choriocapillaris (CC) [23,21,19,10].
Crucially, these microvascular impairments also correlate with brain structural
atrophy [6] and parallel cognitive decline [18]. Optical coherence tomography an-
giography (OCTA), which provides non-invasive, high-resolution quantification
of vascular layers, has thus emerged as a promising modality for detecting these
neurodegenerative footprints.

Despite this potential, existing retinal image-based brain disease screening
methods remain limited by their exclusive reliance on retinal images. Current
approaches typically map retinal morphology directly to disease labels, treating
the eye as an isolated organ [22,20,3]. However, retinal microvascular abnor-
malities are merely peripheral phenotypes; they do not explicitly capture the
core macro-structural neurodegeneration and volumetric loss occurring within
the brain. This semantic disconnect results in models that lack interpretability
and struggle to differentiate dementia-specific vascular changes from systemic
vascular confounders. Without grounding retinal features in their corresponding
cerebral context, the diagnostic sensitivity of eye-only models remains capped.

To bridge this gap, we introduce EyeDEM, a novel framework that leverages
a unique cohort of paired retinal (OCTA) and brain (MRI) imaging scans to
model the biological coupling between the eye and the brain, as illustrated in
Fig. 1. By explicitly aligning eye representations with brain structural priors
during training, our framework enables the EyePipe to internalize cross-organ
pathological correlation. Consequently, during the inference stage, the model
can utilize the learned associations and the transferred brain structural priors to
guide a more accurate standalone eye diagnosis. The main contributions of this
work are summarized as follows:

1) We propose a pioneering framework that establishes latent associations
between retinal phenotypes and cerebral pathology. This enables a standalone
retinal model to leverage high-level neurodegenerative priors, bridging the gap
between peripheral and central biomarkers.
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Fig. 1. Overview of our study. (a) Training: Brain MRI and retinal OCTA train modal-
ity specific networks to capture eye-brain pathological correlations. (b) Inference: The
trained EyeDEM performs dementia screening using only retinal OCTA inputs.

2) We introduce an eye-brain disentanglement module to decouple shared
neurodegenerative semantics from modality specific characteristics and a multi-
level alignment module to align them. This ensures that the learned eye-brain
alignment is grounded in genuine pathological markers rather than imaging ar-
tifacts or non-diagnostic features.

3) Our model achieves high precision dementia screening using solely retinal
images. We further validate its biological interpretability by predicting corre-
sponding dementia-related structural brain atrophy directly from eye input.

2 Method

We propose EyeDEM, a novel cross-modal knowledge alignment and distilla-
tion framework for dementia screening that explicitly transfers structural brain
priors into a standalone eye network (Fig .2.). Specifically, EyeDEM comprises
three core components: a coupled feature eye-brain disentanglement and multi-
level alignment (MLA) mechanism, followed by a cross-modal distillation mod-
ule, named divided-and-conquer distillation (DCKD). Initially, an MRI-based
BrainPipe and an OCTA-based EyePipe are independently pretrained on un-
paired datasets. During the training phase, BrainPipe serves as a fixed teacher,
while Eyepipe is optimized through alignment and distillation to capture biolog-
ically relevant eye-brain associations related to dementia.

2.1 Eye-Brain Disentanglement and Multi-Level Alignment

Directly aligning raw eye and brain features is inherently ill-posed due to pro-
nounced cross-organ heterogeneity; therefore, we introduce a disentanglement
strategy and the MLA module to align eye representations with brain structural
priors in a shared latent space, enabling EyePipe to extract highly eye-brain
related features.

Eye-Brain Latent Disentanglement: We first decompose the latent space to
yield a purified subspace optimized for cross-modal alignment. Specifically, we
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Fig. 2. Details of the proposed EyeDEM framework.

employ encoders Eeye and Ebrain to extract global features fE , fB ∈ Rd alongside
a spatial volume MB . To isolate shared pathological signatures from modality
specific variations, each global feature fm (m ∈ {E,B}) is projected into two
orthogonal subspaces via MLP heads. This yields a cross-modality related repre-
sentation, C+

m, which captures shared pathology, and an inner-modality specific
representation, C−

m, which retains unique, organ-independent characteristics. To
enforce strict statistical independence between these representations, we mini-
mize the Hilbert-Schmidt Independence Criterion (HSIC):

LHSIC =
∑

m∈{E,B}

HSIC(C+
m, C−

m) =
∑

m∈{E,B}

1

(B − 1)2
Tr(KC+

m
HKC−

m
H) (1)

where H = I− 1
B11T serves as the centering matrix, B denotes the batch size,

and K represents the respective Gram matrices.

Eye-Brain Multi-Level Alignment: Once the purified related representa-
tions (C+

m) are isolated, we first align them at the instance level. To maintain
semantic consistency, we employ a cross-attention mechanism where the shared
eye representation C+

E acts as the query, and the brain spatial feature map MB

serves as both keys and values. This mechanism enables C+
E to retrieve seman-

tically relevant cerebral patterns directly from MB . To ensure that C+
E learns

to index brain-related signatures without inappropriately updating the teacher
representations, the instance level loss Lins is minimized using a stop-gradient
operation sg(·) applied to the BrainPipe:

ĈB = Attn(C+
E , sg(MB), sg(MB)),Lins = ∥ĈB − sg(C+

B)∥22 (2)

where Attn(·) denotes the scaled dot-product attention.
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While instance-level alignment enforces sample-wise semantic consistency, it
does not guarantee broader distributional consistency across the dataset. To ad-
dress this, we elevate the alignment to the group level by maximizing the mutual
information between C+

E and C+
B . Following the Deep InfoMax strategy [5], we

maximize a lower bound of the MI by minimizing the Jensen-Shannon Diver-
gence (JSD) between the joint and the product of marginal distributions, which
encourage the shared subspaces to exhibit strong statistical dependency across
sample batches. A discriminator D distinguishes subject-matched pairs (C+

E , C+
B )

from cross-subject mismatched pairs (C+
E , C̃+

B ), where C̃+
B is a within-batch per-

mutation of brain features. This encourages group-level statistical dependence
between shared eye and brain representations:

LJSD = Ejoint[− logD(C+
E , C+

B)] + Emarginal[− log(1−D(C+
E , C̃+

B))] (3)

The instance- and group-level alignments synchronize the cross-modal feature
spaces; however, they do not inherently ensure that these synchronized spaces en-
code clinically actionable neurodegenerative markers. This is because the align-
ment objectives mainly constrain cross-modal consistency, rather than explicitly
supervising disease severity or clinical relevance. To clinically ground the aligned
representations and promote cognitive-level alignment consistent with the pre-
viously observed continuity, we incorporate the Montreal Cognitive Assessment
(MoCA) score, a standardized measure of global cognitive function, as a contin-
uous proxy of disease severity. Two independent regression heads, RE and RB ,
are attached to the shared representations C+

E and C+
B , respectively. To encour-

age the learned features to continuously reflect disease progression, we optimize
a Pearson Correlation Loss:

LMoCA =
∑

m∈{E,B}

[1− ρ(Rm(C+
m),y)] (4)

where ρ(·) denotes the Pearson correlation coefficient and y represents the ground-
truth MoCA score. Unlike absolute error minimization, maximizing correlation
emphasizes monotonic consistency between predicted and true cognitive sever-
ity. This captures the continuous trajectory of neurodegeneration rather than
merely fitting exact numerical values, ensuring that the final representations
encode highly meaningful, disease-related variations.

The training objective for MLA module is formulated as a weighted sum, with
the empirical parameters tuned as λins = 0.5, λjsd = 0.6, and λMoCA = 0.5:

LMLA = λinsLins + λjsdLJSD + λMoCALMoCA. (5)

2.2 Divide-and-Conquer Knowledge Distillation

Inspired by Li et al. [9,8], who distilled brain-heart-gut data to optimize stan-
dalone brain inference, we further improve upon their work by proposing the
DCKD module to resolve the negative transfer caused by indiscriminate fea-
ture alignment. We first construct a multimodal teacher using fused features
ffus = [fE , fB ]. Given the high cross-modal consistency of the disentangled C+

E
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and C+
B , we apply a strong Mean Squared Error (MSE) constraint to rigorously

lock the student’s latent eye representation to the teacher’s reliable brain prior:

Lstrong = ∥C+
E − sg(C+

B )∥22.

Let HE , HB+E denote the pre-logit embeddings from the eye-only network fE
and the fused eye-brain network ffus. To avoid distortion from strict feature
alignment, we adopt a weak distillation strategy that preserves relational struc-
ture. Specifically, a contrastive loss Lweak is used to align sample-wise simi-
larities, encouraging structural consistency between student and teacher repre-
sentations. In addition, a KL divergence loss LKL is applied on output logits
to transfer softened class distributions and refine classification behavior. Both
Lweak and LKL follow Li et al. [9]. With empirical weights set to λs = 0.5,
λw = 0.3, and λkl = 0.6, the DCKD loss:

LDCKD = λsLstrong + λwLweak + λklLKL (6)

The overall training objective (where Lcls denotes the standard classification
loss) are formulated as:

Ltotal = LHSIC + LMLA + LDCKD + Lcls. (7)

3 Experiments

3.1 Datasets and Implementation Details

This study includes a total of 2,040 participants sourced from multiple AD
and VaD cohorts. Internal dataset: we curated a paired eye-brain imaging
dataset comprising 137 participants (74 dementia [DEM]; 63 normal controls
[NC]) with definitive CSF-derived ground truth. This cohort yielded 246 reti-
nal OCTA volumes explicitly paired with subject-level T1-weighted brain MRIs.
The OCTA images were acquired over a 6×6 mm2 fovea-centered area with a
resolution of 512 × 512. Concurrently, the T1-weighted MRI scans were prepro-
cessed included intensity correction, skull-stripping [11], and affine alignment to
the MNI152 standard space [24]. The standardized brain volumes were cropped
to 160×192×160 voxels at a 1×1×1 mm3 isotropic resolution. We supported
independent modality pre-training by supplementing the core cohort with two
unpaired datasets. Specifically, we included 1,046 OCTA volumes from 547 addi-
tional subjects (287 DEM; 260 NC) and 1,278 T1-weighted MRIs obtained from
the ADNI database (410 DEM; 868 NC) [7,14,17]. External dataset: to evalu-
ate the generalization capability and robustness of our framework, we utilized an
external dataset consisting exclusively of retinal OCTA imaging from different
medical center. This cohort includes a total of 78 participants (35 DEM; 43 NC).

Our framework was implemented in PyTorch and trained on four NVIDIA
RTX 4090 GPUs with a batch size of 32. We optimized the network using AdamW
with a warm-up mechanism and an initial learning rate of 2 × 10−4. Perfor-
mance was rigorously evaluated using five-fold cross-validation on the internal
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Table 1. Quantitative dementia detection performance using retinal OCTA only.

Method Internal External

AUC SEN F1 AUC SEN F1

ResNet50 0.808±0.063 0.815±0.094 0.786±0.083 0.712±0.081 0.723±0.073 0.648±0.088
ConvNeXt-t 0.731±0.061 0.779±0.059 0.724±0.047 0.676±0.070 0.734±0.064 0.706±0.083
ViT-B 0.770±0.068 0.704±0.078 0.731±0.163 0.714±0.074 0.637±0.082 0.614±0.048
Eye-AD 0.816±0.052 0.807±0.071 0.793±0.068 0.723±0.061 0.720±0.095 0.685±0.081
MuCo 0.813±0.049 0.830±0.077 0.787±0.089 0.718±0.055 0.726±0.074 0.683±0.067

EyeDEM 0.888±0.076 0.856±0.071 0.833±0.156 0.761±0.091 0.754±0.067 0.705±0.074

dataset. While paired eye-brain scans guided the knowledge distillation process
during training, validation and external testing relied strictly on standalone reti-
nal OCTA inputs.

3.2 Dementia Detection Performance

To validate EyeDEM, we compared it with five representative methods on both
internal and external datasets under identical training and testing protocols,
including three generic methods (ResNet [4], ConvNeXt [12], and ViT [1]) and
two OCTA-specific dementia methods (Eye-AD [3] and MuCo [20]). As shown
in Table 1, EyeDEM achieves the best performance, particularly in AUC and
SEN. On the internal dataset, it reaches an AUC of 0.888, SEN of 0.856, and
F1 of 0.833, exceeding the strongest baseline by an absolute AUC gain of 0.080.
When transitioning to the external dataset, all models predictably experience a
performance drop due to domain shift. Despite this, EyeDEM generalize well,
which attains the highest AUC (0.761) and SEN (0.754). Its F1 (0.705) remains
highly competitive, though marginally outperformed by ConvNeXt-t (0.706). In
contrast, EyeDEM’s robust gains suggest that incorporating cerebral structural
priors not only significantly improves diagnostic performance by capturing clin-
ically relevant neurodegenerative patterns from OCTA inputs, but also ensures
strong generalization capabilities across diverse datasets.

3.3 Ablation Study

We evaluated key framework components via ablation studies (Fig. 3(a)). Re-
moving the disentanglement module caused the sharpest performance drop (AUC
0.043, SEN 0.041), highlighting its critical role in mitigating cross-organ het-
erogeneity to stabilize alignment. Within the MLA module, omitting the clini-
cal constraint (LMoCA) yielded the largest decline (AUC 0.034), demonstrating
that clinically guided alignment outperforms purely modality-based matching.
Finally, ablating distillation reduced the AUC by 0.031, confirming its necessity
for transferring discriminative brain priors to the retinal branch. Overall, these
three components synergistically drive the framework’s efficacy.
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Fig. 3. Ablation study and model interpretability. (a) Performance impact of differ-
ent model components. (b) ROI localization and Pearson correlation (r) comparison
between ResNet50 and EyeDEM across anatomical regions. (c) Embedding evolution:
Visualization of clusters {C+

E , C−
E , C+

B , C−
B} at initialization (c-1) and post-training (c-

2). c-3 displays {C+
E , C+

B} distributions color-coded by clinical class (NC vs. DEM).

3.4 Interpretability and Biological Correlation Analysis

To demonstrate that our framework goes beyond superficial pattern matching
and captures biologically plausible neurodegenerative markers, we investigated
the correlation between the learned eye features and established brain atrophy
patterns. Specifically, without further training, we assessed the biological va-
lidity of the extracted features by predicting structural volumes across seven
dementia-associated regions of interest (ROIs) extracted by FastSurfer [2] (e.g.,
hippocampus, entorhinal cortex, and lateral ventricles). As illustrated in Fig. 3
(b), our proposed method achieves consistently higher Pearson correlations (r)
than the baseline across all seven regions. Notably, the strongest correlation
is observed in the right hippocampus (r = 0.409), a critical region fundamen-
tally implicated in early dementia pathogenesis. These results demonstrate that
EyeDEM captures eye–brain associations related to dementia, supporting their
biological relevance and the framework’s clinical interpretability.

To investigate the latent relationships between eye and brain modalities,
we visualized the embedding space in Fig. 3(c). At initialization (c-1), the eye
and brain features are largely dispersed and exhibit no discernible structure or
alignment. After training (c-2), the shared components C+

E and C+
B become well
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aligned across modalities, while the modality-specific components C−
E and C−

B re-
main clearly separated, indicating that modality-unique information is preserved
without interference. As shown in (c-3), the aligned shared representations fur-
ther exhibit improved separability between NC and DEM groups, supporting
the effectiveness of cross-modal alignment and its potential relevance for clinical
discrimination.

4 Conclusions

In this work, we propose EyeDEM, which transfers structural brain priors to an
OCTA-only dementia screening network through cross-modal disentanglement,
MLA, and DCKD. The framework achieves strong standalone screening per-
formance while providing supportive biological evidence for eye-brain coupling.
It offers a non-invasive approach to scalable dementia screening and a general
paradigm for cross-organ medical imaging.
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