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Abstract 1 

Alzheimer’s disease (AD) is the leading cause of dementia worldwide. Current diagnostic 2 

modalities of AD generally focus on detecting the presence of amyloid β and tau protein in the 3 

brain (for example, positron emission tomography [PET] and cerebrospinal fluid testing), but 4 

these are limited by their high cost, invasiveness, and lack of expertise. Retinal imaging 5 

exhibits potential in AD screening and risk stratification, as the retina provides a platform for 6 

the optical visualization of the central nervous system in vivo, with vascular and neuronal 7 

changes that mirror brain pathology.  8 

 9 

Given the paradigm shift brought by advances in artificial intelligence and the emergence of 10 

disease-modifying therapies, this article aims to summarize and review the current literature to 11 

highlight 8 trends in an evolving landscape regarding the role and potential value of retinal 12 

imaging in AD screening. 13 

 14 
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1. Introduction 1 

Alzheimer’s disease (AD) is the most prevalent neurodegenerative disease of older adults. The 2 

recent Food and Drug Administration (FDA) approval of aducanumab and lecanemab for early-3 

stage AD (i.e., mild cognitive impairment [MCI] or mild dementia due to AD) underscores a 4 

pivotal advance in AD treatment strategies (Cummings et al., 2023, 2021). In addition, around 5 

40% of worldwide dementias could be prevented or delayed simply by addressing some 6 

modifiable risk factors, such as hypertension, diabetes, obesity, physical inactivity, and 7 

smoking (Kivipelto et al., 2020; Livingston et al., 2020). Nevertheless, many patients with 8 

early-stage AD attribute their cognitive complaints as part of normal aging and do not seek 9 

timely medical attention. The advent of disease-modifying therapies highlights the need for 10 

efficient, simple, and cost-effective screening methods to identify those with early-stage AD 11 

for timely intervention. 12 

 13 

Current diagnostic modalities for AD primarily focus on detecting amyloid β (Aβ) 14 

overabundance and tauopathy in the brain, such as lumbar puncture or positron emission 15 

tomography (PET) imaging. These procedures are either expensive, invasive, not widely 16 

accessible, or demand significant expertise for their execution and interpretation, hence 17 

precluding their use for large-scale screening. While blood biomarkers for AD are gaining 18 

popularity, their application in large-scale AD screening is also not well-established due to a 19 

number of reasons (Mielke and Fowler, 2024). 20 

 21 

In contrast, retinal imaging represents a plausible and non-invasive solution to assist the 22 

screening of early-stage AD among populations at risk (such as those with diabetes or a family 23 

history of AD) (Cheung et al., 2017; Kashani et al., 2021). The retina is the only part of the 24 

central nervous system (CNS) that allows direct, non-invasive, and high-resolution in vivo 25 

visualization. Furthermore, the retina exhibits findings that mirror those in the cerebrum (a.k.a. 26 

the oculome) (Cheung et al., 2021a; London et al., 2013; Wagner et al., 2020). It is increasingly 27 

evident that optical coherence tomography (OCT) reveals changes in retinal neuronal and 28 

axonal layers related to AD, while digital retinal fundus photography and OCT angiography 29 

(OCTA) capture AD-associated microvascular features (Chan et al., 2019; Cheung et al., 2019). 30 

A thinner retinal nerve fibre layer (RNFL) is also associated with an increased risk of AD-31 

dementia (Mutlu et al., 2018), or cognitive decline in older adults (Kim et al., 2022). 32 

 33 
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In this article, we aim to review the current literature and outline the 8 major trends which 34 

shape the role and potential value of retinal imaging in AD screening. 35 

 36 

2. Methods 37 

References for this review were identified by searches of PubMed between January 2005 and 38 

January 2024. The search terms “artificial intelligence”, “deep learning”, “retinal imaging”, 39 

“Alzheimer’s disease”, “dementia” and “cognitive impairment” were used. Additional 40 

references were identified from Additional references were identified from the citations of the 41 

articles found. There were no language restrictions. The final reference list was generated based 42 

on relevance to the topics covered in this review. 43 

 44 

3. Evolving Trends in the role and potential value of retinal imaging in AD screening 45 

 46 

3.1. Emerging histopathological evidence for AD pathology in retina  47 

The increasing body of histopathological research shows promising evidence to support the use 48 

of retinal imaging in AD screening (Gaire et al., 2024). Aβ accumulation has been demonstrated 49 

in the retina of patients with AD (Grimaldi et al., 2019; Koronyo et al., 2017; Qiu et al., 2020; 50 

Xu et al., 2022). In particular, Koronyo et al. in their studies utilized immunofluorescence, 51 

several Aβ-epitope labelling techniques, and a combination of monoclonal antibodies against 52 

various N’-, C’- and, centre Aβ sequences to measure amyloid burden (Koronyo et al., 2017). 53 

Their findings comprehensively validated Aβ accumulation in the AD retina in comparison to 54 

cognitively normal controls and showed a significant correlation between retinal and brain 55 

plaque burdens (Koronyo et al., 2017). Histopathological studies from the same group also 56 

revealed Aβ deposits within retinal blood vessels (Koronyo et al., 2017). Transmission electron 57 

microscopy analysis has also revealed the presence of Aβ42 deposits and classical fibrils and 58 

protofibrils in the retina, which were identical in ultrastructure to their counterparts in the brain 59 

(Koronyo et al., 2023; Shi et al., 2020). Studies also demonstrated the presence of 60 

phosphorylated tau (pTau) in the retina (den Haan et al., 2018; Grimaldi et al., 2019; Gupta et 61 

al., 2008; Koronyo et al., 2017), and pTau in the retina might correlate with tauopathy in the 62 

AD brain (Hart de Ruyter et al., 2023). Noticeably, hyperphosphorylated tau (pTau) pathology 63 

may be more closely tied to cognitive impairment than Aβ pathology (Hanseeuw et al., 2019). 64 

 65 

However, several challenges need to be adequately addressed to provide solid histopathological 66 

ground for adopting retinal imaging in AD. First, discrepancies exist between histopathological 67 
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studies with different staining and biochemical techniques (Alber et al., 2024; Jiang et al., 2016). 68 

For instance, several pathological studies failed to demonstrate the presence of extracellular 69 

retinal amyloid plaque-like structure (den Haan et al., 2018; Ho et al., 2014; Lee et al., 2020; 70 

Williams et al., 2017) or p-tau pathology in the retina (Ho et al., 2014). Also, in non-AD 71 

controls, various levels of p-tau pathology were observed (den Haan et al., 2018) and the 72 

molecular pattern of retinal tauopathy might be different from cerebral tauopathy (Walkiewicz 73 

et al., 2024). Furthermore, an experimental mouse model showed that chronic exposure to head 74 

trauma led to a retinal tauopathy, suggesting a non-specific, reactive nature of retinal tauopathy 75 

(Xu et al., 2015). Harmonization of histopathological methods will be essential to validate the 76 

pathological basis of retinal changes in AD. Future immunochemical studies using antibodies 77 

to identify Aβ material in the retina also need to exclude the possibility of non-specific staining 78 

and cross-reactivity with other proteins (Alber et al., 2024). Second, the linkage of retinal Aβ 79 

and p-tau pathologies with those in the AD brain has to be further clarified. For example, 80 

whether retinal changes are early versus late stage phenomena, and whether the retinal Aβ and 81 

p-tau pathologies originate from retrograde propagation versus simultaneous deposition in the 82 

retina and the brain (Alber et al., 2024).  83 

 84 

3.2. Positioning of retinal imaging as a risk stratification tool (low risk or needs attention) 85 

for early AD 86 

“All screening programmes do harm; some do good as well, and of these, some do more good 87 

than harm at reasonable cost” (Gray et al., 2008); not all individuals involved in screening 88 

benefit, and in fact, some can be harmed. The trade-offs include missing diagnosis (i.e. false 89 

negative) or subjecting an individual to unnecessary investigation and psychological stress (i.e. 90 

false positive). Apparently, there is no ‘one size fits all’ population-based screening strategy 91 

and the benefit-harm balance of any screening program could be improved by risk stratification, 92 

which identify only high-risk individuals for screening, rather than performing such screening 93 

across the entire population (Knoppers et al., 2021). For those with established AD-dementia, 94 

diagnosis is not a problem that requires a technological solution; as simple pen and paper 95 

cognitive tests have already achieved satisfactory performance (Creavin et al., 2016). Similarly,  96 

those high-risk individuals (such as a strong family history of AD) might also directly consider 97 

investigations with higher sensitivity and specificity (e.g. blood biomarkers or neuroimaging) 98 

for surveillance purposes. However, for those asymptomatic or mildly symptomatic individuals 99 

(e.g., MCI), an efficient and cost-effective risk stratification or triage tool (low risk vs. needs 100 

attention) is essential to improve the yield of any screening strategies. 101 
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 102 

Therefore, we propose that the clinical niche of retinal image analysis should focus on the risk 103 

stratification or triage of AD (low risk versus needs attention), when the patients are still 104 

asymptomatic or in the stage of AD-MCI (Figure 1). These patients might then be referred for 105 

further testing of early AD (such as blood biomarkers, PET imaging or CSF testing)(Cheung et 106 

al., 2019). Frankly, retinal image analysis does not provide certainty of the diagnosis of AD, 107 

but only a probability that an apparently well person at risk from AD who should then be 108 

individually tested for further confirmation. Also, the role of retinal imaging in AD screening 109 

is not to replace other pre-existing or potential screening strategies (such as blood biomarkers 110 

or neuroimaging), but to utilize retinal imaging as a risk stratification or triage tool and combine 111 

with other biomarkers in a synergistic manner to improve the benefit-harm balance for any 112 

potential screening strategies (Figure 2).  113 

 114 

Although a number of qualitative (e.g., retinopathy signs) and quantitative (e.g., OCT neuronal 115 

thickness, retinal vessel calibres) retinal measures have been associated with AD (Chan et al., 116 

2019), it should be recognized that no single definitive retinal image features at this stage are 117 

specific to the risk of AD. In practice, it is challenging to rely solely on a basket of retinal 118 

measures for AD detection. Also, instead of being specific to AD, these retinal changes often 119 

reflect a combination of aging together with systemic vascular (e.g., hypertension), 120 

neurological (e.g., multiple sclerosis, Parkinson’s disease), metabolic (e.g., diabetes), and eye 121 

(e.g., glaucoma) diseases. Accordingly, retinal changes are yet to be regarded as biomarkers of 122 

AD as these changes might not directly related to the pathogenic process of AD. While the 123 

implementation of deep learning (DL) might improve the accuracy of retinal image analysis 124 

(Cheung et al., 2022a), these fundamental limitations of retinal image analysis should be 125 

recognized.  126 

 127 

Meanwhile, further works are required to evaluate the retinal changes in AD-MCI as most of 128 

the previous studies mainly recruited subjects with AD-dementia (Chan et al., 2019). Also, to 129 

elucidate the retinal changes in AD, previous studies commonly excluded some concomitant 130 

ophthalmic and systemic conditions that are prevalent among senile populations. The next 131 

essential research gap to address is to evaluate the accuracy of these retinal features in AD 132 

screening when applied in the population with co-existing systemic and ophthalmic conditions. 133 

 134 

3.3. Application of AI in retinal imaging for AD screening 135 
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With the emergence of DL, a form of artificial intelligence (AI), more powerful analytical tools 136 

are now available for retinal image analysis and pattern recognition. After inputting images 137 

labelled as abnormal (e.g., AD) and images labelled as normal, DL models can learn both 138 

known and unknown features from images for the detection of a condition, without the need to 139 

labelling specific features on the images manually. As a result, AI could greatly facilitate 140 

automated analyses of ophthalmic images, especially features that could not be readily 141 

quantifiable as human-defined variables. DL may also offer superior reproducibility, as some 142 

manual processing steps that are difficult to standardize, such as segmentation of retinal 143 

structures, may be bypassed. DL has achieved significant progress in recent years in 144 

ophthalmology and multiple systemic conditions could be detected through DL using 145 

ophthalmic images, such as cardiovascular disease (Cheung et al., 2021b), diabetes (Zhang et 146 

al., 2021), and chronic kidney disease (Sabanayagam et al., 2020).  Given the advantages of AI 147 

in ophthalmic image analysis, it has been applied to the field of dementia as well. DL 148 

techniques have greater potential to facilitate the detection of AD and to differentiate AD from 149 

other non-AD conditions, by extracting features that are otherwise hard to be explicitly 150 

quantified.  151 

 152 

Cheung et al. developed a DL model for risk stratification of AD using 12,132 fundus 153 

photographs from Hong Kong, Singapore, and UK (Cheung et al., 2022a). The DL algorithm 154 

adopted the technique of feature fusion to integrate information from multiple optic nerve head-155 

centred and macula-centred retinal photographs of both eyes. The algorithm was also 156 

developed with unsupervised domain adaptation, which addresses the issue of domain shift and 157 

allows the algorithm to transfer to a new study site with inputs of retrospective data. In the 158 

internal validation, the model achieved 83.6% accuracy, 93.2% sensitivity, 82.0% specificity, 159 

and an AUROC of 0.93 for differentiation of patients with AD from cognitively normal subjects. 160 

Performance was similar in smaller external validation sets from Hong Kong, Singapore, and 161 

the USA (Cheung et al., 2022a). Of note, the algorithm retained a robust ability to differentiate 162 

AD without significant interference from concomitant eye diseases (e.g., age-related macular 163 

degeneration and glaucoma) and diabetes. Wisely et al. developed an AI model with multiple 164 

imaging modalities using convolutional neural network (CNN) DL from a total of 284 eyes 165 

from 159 subjects, of which 36 were clinically diagnosed with AD by experienced neurologists 166 

(Wisely et al., 2022). The retinal imaging inputs included ganglion cell inner plexiform layer 167 

(GCIPL) thickness maps, OCTA scans, ultra-widefield color and fundus autofluorescence 168 

scanning laser ophthalmoscopy images, and patient data inputs such as age, sex, and years of 169 
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education. Their best-performing model, including GCIPL maps, quantitative data and patient 170 

data achieved an AUROC of 0.841 on the test set. When used in isolation, the GCIPL thickness 171 

had the highest predictive value for AD, with an AUROC of 0.809. Using the same multi-modal 172 

CNN approach, Wisely et al. further developed another AI model capable of identifying MCI 173 

with OCT and OCTA images. This model achieved a sensitivity of 79% and specificity of 83% 174 

(Wisely et al., 2023). However, both models were developed with relatively small sample sizes 175 

and not validated externally with independent datasets. Tian et al. utilized data from the UK 176 

Biobank to develop a modular DL algorithm that enables automated image selection, vessel 177 

segmentation, and classification of AD, achieving an average classification accuracy of 82.44% 178 

(Tian et al., 2021). 179 

 180 

Although retinal image-based DL shows promise for AD screening, it relies on vast amounts 181 

of data and complex model structures with millions of parameters. This complexity gives rise 182 

to the black-box nature of DL and makes clinicians struggle to understand how a model derives 183 

a given decision or prediction, limiting its acceptance in clinical settings. This issue is highly 184 

relevant to the application of AI in the field of dementia because, unlike other ocular 185 

pathologies, the ocular features related to AD are not readily observable by human eyes and 186 

hence it is difficult to determine whether the model performs properly to make predictions 187 

based on those “unseen” features. Existing studies generated heatmaps to highlight 188 

discriminative areas for the algorithm to make a decision which may be a first step (Cheung et 189 

al., 2022a). However, heatmaps are often challenging to interpret and might be falsely 190 

reassuring as the process of generating heatmaps is a post-hoc model and does not necessarily 191 

reflect the decision-making process of the algorithm. There is also growing interest in 192 

interpretable AI, which attempts to reveal the working mechanisms of complex AI models 193 

(Chaddad et al., 2023; Chen et al., 2022). Another plausible approach is an attention-guided 194 

CNN. Guan et al. developed a model for thorax disease classification using this approach, 195 

which allows clinicians to identify which features in the image contributed to the reasoning 196 

and conclusion of the model (Guan et al., 2020). This potentially bridges the interpretability 197 

gap between the AI models and physicians’ decisions. An audit approach is also critical to 198 

evaluating an AI algorithm as this identifies the worst mistake a model could potentially make, 199 

instead of evaluating its best performance (Liu et al., 2022). 200 

 201 

3.4. Retinal imaging could leverage pre-existing eye care infrastructure for opportunistic 202 

screening of early AD.  203 
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Vision is often regarded as the most valued sense (Enoch et al., 2019), and the probability of 204 

visiting an optician is 4 times higher than going to a general practitioner in the >40 age group 205 

(YouGovUK, 2018). Fundus photography and sometimes OCT are also readily available in 206 

community optometry clinics. Meanwhile, several countries have implemented national 207 

screening programmes for diabetic retinopathy (DR), including Iceland, the national screening 208 

program in the UK, the OPHDIAT in France, and the Risk Assessment and Management 209 

Programme (RAMP) in Hong Kong. These programmes serve as convenient routes for 210 

opportunistic screening of AD, especially since those with diabetes are at an increased risk of 211 

developing AD. For example, the GoDARTS study demonstrated that retinal vascular measures 212 

from diabetes retinal screening photographs could enhance stratifying patients with diabetes at 213 

increased risk of dementia (Doney et al., 2022). Consistently, a recent simulation model also 214 

suggested that enabling AD pre-screening in primary care and referring those testing positive 215 

to specialists would make the biggest impact on reducing wait times for specialists and increase 216 

the number of people treated with disease-modifying therapies from 2025 through 2044 (Liu 217 

et al., 2024). Advancements in telemedicine and portable fundus cameras could also further 218 

extend the incorporation of AI in these primary care infrastructures. For instance, the digital 219 

retinal images captured with portable fundus cameras can be uploaded to a cloud-based server 220 

for further processing from AI models, without the need to invest in AI infrastructure at every 221 

point of care.  222 

 223 

Furthermore, ophthalmic conditions causing visual impairment are common among patients 224 

suffering from AD. Visual impairment is an important risk of developing dementia (Chen et al., 225 

2017; Shang et al., 2021; Zheng et al., 2018), and cataract extraction is associated with a lower 226 

risk of developing dementia (Lee et al., 2022). This is because visual impairment may lead to 227 

psychosocial difficulties (Brenner et al., 1993), and a reduction in physical or cognitive activity 228 

(Varadaraj et al., 2021), all of which are associated with cognitive decline. Visual impairment 229 

might also reduce visual input and lead to reduced activation in central sensory pathways, 230 

which in turn accelerates the development of dementia (Roberts and Allen, 2016; Ward et al., 231 

2018). In addition, a meta-analysis showed that age-related macular degeneration, glaucoma, 232 

DR, and cataract may be associated with an increased risk of all-cause dementia and AD (Feng 233 

et al., 2023). 234 

 235 
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Taken together, patients with visual complaints, who commonly present to optometrists or 236 

community eyecare infrastructure and receive retinal imaging, represent an excellent and 237 

immediately available channel for opportunistic screening of early-stage AD.  238 

 239 

3.5. Increasing use of a multi-modal approach to AD screening 240 

In a real-life clinical setting, a clinician takes different sources of information into account 241 

before arriving at a provisional diagnosis, including medical history, physical examination, and 242 

investigation results. Similarly, an ideal model for AD screening should combine information 243 

from different sources, including structured clinical information, to achieve more robust 244 

predictive capabilities.  245 

 246 

Since each retinal imaging modality is particularly useful for capturing certain aspects of the 247 

retina, a multi-modal approach is a natural solution to capture most, if not all, AD-related 248 

manifestations in the retina. For example, fundus photographs reveal the status of retinal 249 

microvasculature, OCTA captures the status of retinal capillary networks, and OCT provides 250 

information on the retinal neuronal and axonal layers and choroids. With the advent of ultra-251 

widefield imaging, we could now also assess a larger view of the retinal vasculature to uncover 252 

peripheral retinal changes in AD (Csincsik et al., 2018; Pead et al., 2023).  Newer retinal 253 

imaging methods are also gaining attention in detecting the presence of Aβ in the retina, such 254 

as the use of orally administered curcumin (Koronyo et al., 2017), adaptive optics scanning 255 

laser ophthalmoscopy (AS-SLO) (Etebar et al., 2024), and hyperspectral imaging (Hadoux et 256 

al., 2019; More et al., 2016; Saeed et al., 2024). Therefore, a combination of different retinal 257 

imaging modalities might potentially increase the performance of risk stratification. 258 

 259 

It is also possible to combine retinal imaging with other screening modalities, such as cognitive 260 

testing, to improve screening or risk stratification. Multidomain performance measures, such 261 

as the Alzheimer’s Disease Assessment Scale – Cognitive Subscale (ADAS- Cog),  the Clinical 262 

Dementia Rating – Sum Of Boxes (CDR-SOB), and the Preclinical Alzheimer’s Cognitive 263 

Composite (PACC) can improve detection of subtle- to- mild cognitive decline and potentially 264 

better reflect the cross-domain decline observed in early AD (Cedarbaum et al., 2013; Donohue 265 

et al., 2014). 266 

 267 

Another particularly exciting direction is to combine retinal imaging with blood-based 268 

biomarkers, such as Aβ oligomers and plasma phosphorylated tau 217 (p-tau217). Aβ 269 
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oligomers could achieve up to 100% sensitivity and 92% specificity (Youn et al., 2020). 270 

However, there are a number of challenges in the clinical application of plasma Aβ, and the 271 

correlation of Aβ with the later phase of AD is poor (Huang et al., 2022). Phosphorylated tau 272 

in plasma has been explored as an alternative. Recent evidence evaluating plasma pTau 273 

supports its use in discriminating AD from non-AD pathologies with good diagnostic 274 

performance (Karikari et al., 2020; Palmqvist et al., 2020). pTau is also a potentially sensitive 275 

biomarker for early AD due to its elevated level in the early phase of AD (Lantero Rodriguez 276 

et al., 2020). Given that blood-based biomarkers are gaining popularity, it is appealing to 277 

complement blood-based biomarkers with retinal imaging. For example, patients suspicious of 278 

AD identified from retinal imaging can be referred for further blood-based biomarkers testing. 279 

Further studies are warranted to evaluate any additional values or benefits of combining retinal 280 

imaging and blood-based biomarkers in AD screening. 281 

 282 

3.6. Downstream application: Integrating retinal imaging to assist AD screening 283 

While there is emerging evidence supporting the role of retinal imaging in AD screening, 284 

questions still remain on whether it is more efficient and beneficial than the current screening 285 

strategy (e.g., Mini-Mental State Examination [MMSE] and Montreal Cognitive Assessment 286 

[MoCA]).  287 

 288 

One key issue is the paucity of evidence assessing the health-economic outcomes of retinal 289 

imaging in AD screening since therapeutic intervention for AD was not available until the 290 

recent introduction of lecanemab and aducanumab. Hence, future health economic analyses 291 

should take into account the current changes in the circumstances. It is also essential to compare 292 

the public health impact of the increased demand for diagnostic resources to the cost and health 293 

effects of remaining undiagnosed. Careful modeling of potential insurance consequences is 294 

also equally important (Arias et al., 2024). This information would be of utmost importance to 295 

support any policy-level implementation. 296 

 297 

To integrate retinal imaging into a routine screening workflow of AD at the point of care in 298 

primary care settings, it is also important to consider the following factors: (1) deployment 299 

mode: whether it is 1-tiered, 2-tiered, or 3-tiered starting from non-specialists to specialists; (2) 300 

whether to use AI as a fully autonomous tool or as a clinical decision assistive tool to 301 

neuropsychiatric testing; (3) public health impact of false positivity and false negativity. Each 302 

false positive case identified as having risks of AD would be directed to tertiary specialty care 303 
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for additional clinical assessment and investigation, resulting in significantly increased demand 304 

for downstream diagnostic and healthcare resources. On the other end, each false negative case 305 

would provide false reassurance to the patients, deferring them from timely diagnosis and 306 

treatment; (4) potential workflow and referral pathway. 307 

 308 

3.7. The ATNV framework can be expanded to include retinal vascular features. 309 

There is increasing recognition that cerebral small vessel disease plays a significant role in the 310 

pathogenesis of AD and predicts the risks of cognitive decline (Hilal et al., 2020), the 311 

Amyloid/Tau/Neurodegeneration (ATN) framework has included vasculopathy (V) to form the 312 

“ATNV” framework (Jack et al., 2018). Studies have suggested that the onset of clinical 313 

dementia might be preceded by cerebral vasculopathy (Govindpani et al., 2019). Cerebral 314 

vascular pathologies could contribute to neurodegeneration and cognitive decline by impairing 315 

energy supply, inducing oxidative stress and inflammatory cascades, and impeding amyloid 316 

clearance (Marchesi, 2011).  317 

 318 

The retinal microvasculature shares many similarities with that of the brain and is also 319 

considered part of the CNS circulation. In particular, the blood-retinal barrier is similar to the 320 

blood-brain barrier (Baker et al., 2008), and the retinal microvasculature has similar 321 

physiological properties as the cerebral small vessels (Patton et al., 2005). Hence, it is not 322 

surprising that CNS vasculopathy can also be reflected in the retinal vasculature. Examples of 323 

retinal vascular abnormalities in AD include reduced vascular branching complexity (Cheung 324 

et al., 2014; Frost et al., 2013), increased vascular tortuosity (Cheung et al., 2014), venous 325 

narrowing (Cheung et al., 2014; Feke et al., 2015), reduced macular microvascular density 326 

(Bulut et al., 2018; O’Bryhim et al., 2018), and choriocapillaris reduction (Kwapong et al., 327 

2024). Recently, Cheung et al. also demonstrated an association between DL-based 328 

measurement of retinal vessel calibre and the risk of cognitive decline and dementia (Cheung 329 

et al., 2022b). Despite these retinal vascular changes are not specific to AD and could represent 330 

neurodegeneration in general, they could be of significant value to reflect the vascular status in 331 

the cerebral counterpart.  332 

 333 

The presence of DR lesions (e.g., microaneurysms, haemorrhages) are also associated with the 334 

early stage of cognitive impairment as well, independent of the effect of age (Chan et al., 2023). 335 

A study using an autopsy cohort also showed that DR is associated with a nearly 2-fold higher 336 
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risk of microinfarcts in the brain, a risk factor of AD, highlighting that vascular conditions of 337 

the retina are associated with vascular pathology in the brain (Lee et al., 2019).  338 

 339 

Taken together, retinal vascular imaging might serve as a proxy for CNS vasculopathy and 340 

reflect the pathogenic vascular process in the CNS. Retinal vascular imaging features may be 341 

explored for utilization in the ATNV framework. Further works are required to evaluate how 342 

retinal vascular biomarkers can be integrated into the ATNV framework, including 343 

standardized analytic methods, sensitivity or specificity, and device specific cut-off. 344 

 345 

3.8. International collaboration can address current challenges in retinal imaging as a tool for 346 

AD screening.   347 

Moving forward, there is an urgent need for multi-centre collaboration to address the existing 348 

challenges and establish standardized consensus for retinal imaging-based screening programs 349 

for AD (Table 1). For instance, the International Society to Advance Alzheimer's Research and 350 

Treatment (ISTAART) “The Eye as a Biomarker for AD” Professional Interest Area was 351 

established in 2020 to address the variability in the histopathological and in vivo retinal imaging 352 

studies (Alber et al., 2024). Similarly, the Deep Dementia Phenotyping (DEMON) Network 353 

also advocates collaborative dementia research across multiple institutions (Costanzo et al., 354 

2023). 355 

 356 

The development of a robust DL system is data intensive, requiring a large amount of data with 357 

representative variability (i.e., disease and normal) to improve robustness and generalizability 358 

– a sine qua non for DL. To address the data dependency of AI, the collection of a large dataset 359 

can also be achieved through collaborative multicentre studies. Traditionally, data from 360 

different sites of studies are pooled in a centralized location for model training and testing, 361 

which is referred to as “centralized learning”. However, the data-sharing process across 362 

research centres raises several legal, societal, and ethical challenges. While anonymization of 363 

data is increasingly encouraged (Olatunji et al., 2022), such data may still be vulnerable to 364 

linkage attacks and re-identification (Akram et al., 2020). One possible solution is using 365 

privacy-preserving technologies such as federated learning (Aich et al., 2022). In federated 366 

learning, initial models are trained locally by contributing institutions using their own data, and 367 

the model parameters, instead of raw data, are then transferred to a central server for 368 

aggregation and refinement (Aich et al., 2022). This allows multiple research centres to 369 

collaboratively train AI models in a decentralized way without extensive data sharing (Rieke 370 
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et al., 2020). Another alternative would be swarm learning which provides blockchain-based 371 

peer-to-peer data security with complete data decentralization (Warnat-Herresthal et al., 2021). 372 

Generation of synthetic data (e.g. by generative adversarial network or latent diffusion models) 373 

is also a feasible way of creating plausible images for AI model development while maintaining 374 

data confidentiality, especially for multi-centre collaborative studies.  375 

 376 

For a consortium to collaborate effectively, the issue of data heterogeneity and image 377 

standardization must be adequately addressed. The ophthalmic images captured in different 378 

research centres might highly vary due to the diversity of proprietary devices, imaging 379 

protocols, and acquisition techniques. This could be achieved through the standardization of 380 

retinal images according to the Digital Imaging and Communications in Medicine (DICOM) 381 

standard (Ting et al., 2021). DICOM is the standard for medical image communication and 382 

management that is widely adopted by different medical specialties for data storage, exchange, 383 

and transmission. In the field of radiology which also utilizes different imaging modalities, the 384 

wide application of the DICOM standard has enabled the sharing of medical data between 385 

different centres (Graham et al., 2005). Hence, standardization of ophthalmic images with 386 

DICOM standard could largely facilitate multi-centre collaborations in a large consortium for 387 

AI and machine learning (Lee et al., 2021). Compliance of AI studies reporting to validated 388 

standards, such as Consolidated Standards of Reporting Trials–Artificial Intelligence 389 

(CONSORT-AI) (Liu et al., 2020), could also facilitate critical appraisal and interpretation 390 

between different research institutes.  391 

 392 

4. Future Trends 393 

The above trends have showcased the roles and values of retinal imaging in AD screening. We 394 

envision one possible future trend is that patients with pre-symptomatic AD and AD-MCI, who 395 

often have visual complaints, could receive AI-assisted retinal image analysis when they attend 396 

optometrists, community eyecare infrastructure, or DR screening programs (Figure 2). The 397 

retinal images captured will be sent to a cloud-based server for subsequent analysis with a 398 

validated AI algorithm and generate a probability of having AD continuum disease. Patients 399 

identified with potential risk of AD are then referred to primary or secondary care for further 400 

testing, such as blood biomarkers, neurocognitive testing, neuroimaging, or CSF testing.  401 

4.1 Advances in Digital Health 402 
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Digital health comprises overlapping areas ranging from the internet of things (IoT), and 403 

telemedicine to the use of big data. The advances in digital health will continue to revolutionize 404 

the landscape of retinal imaging.  One key example is the development of the digital virtual 405 

clinic. In a UK proof-of-concept study, a cloud-based teleophthalmology platform that could 406 

be used across a range of devices could prevent more than 50% of would-be referrals into 407 

hospitals, allowing specialist care to be utilized in a more cost-efficient manner  (Kern et al., 408 

2020). The increasing popularity of smartphone optics would also help to improve the 409 

availability of retinal imaging (Banik et al., 2021). Current research has exhibited the 410 

application of smartphone optics in hemato-histological and microbiological examinations 411 

(Banik et al., 2021), which could be applied similarly for retinal imaging. The development of 412 

an algorithm and a user-friendly system that is compatible with mid-range smartphones is only 413 

a matter of time.  414 

4.2 Retinal image-based foundation models  415 

The advanced developments in the AI field, such as foundation models (Betzler et al., 2023; 416 

Thieme et al., 2023), could also enhance the application of AI-based retinal imaging for AD 417 

detection. With the aid of self-supervised learning, a foundation model could generate labelled 418 

data automatically and learn general-purpose feature representations that can adapt easily to 419 

generalizable disease detection from retinal images (Zhou et al., 2023). This could democratize 420 

access to AI in routine clinical practice, where an enormous volume of retinal imaging data 421 

accumulates daily. Foundation models could also raise the general quality of healthcare AI 422 

models by learning powerful representations from large volumes of data. Currently, there are 423 

existing foundation models trained on retinal images (retinal fundus photographs and OCT 424 

images) showing generalizability to cardiovascular and neurodegenerative diseases, such as 425 

ischaemic stroke, myocardial infarction, and Parkinson’s disease, indicating its great potential 426 

for AD detection (Zhou et al., 2023).  427 

4.3 Retinal imaging as markers for clinical trial recruitment 428 

The potential usage of retinal imaging in other clinical aspects should not be overlooked. Given 429 

that the efficacy and risks of lecanemab and aducanumab are still in doubt (Tampi et al., 2021), 430 

further clinical trials are imperative for their wider use or the development of other treatments. 431 

Retinal imaging offers a unique edge over other test markers such as PET imaging or CSF 432 

analysis in terms of cost-effectiveness and invasiveness in the recruitment of appropriate study 433 

cohorts. Changes in the retina which mirrors vascular and neuronal changes associated with 434 
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AD could be used for the evaluation of clinical response to avant-garde medical treatments, 435 

both independently or synergistically with other markers from CSF or blood. For instance, Reid 436 

et al validated the use of retinal vascular imaging as a treatment outcome marker in the ENVIS-437 

ion study, which aims to determine whether low-dose aspirin reduces the development of white 438 

matter hyper-intense lesions and silent brain infarction (Reid et al., 2012). More research 439 

should be performed to fully utilise its potential as a clinical outcome marker or similarly, as a 440 

disease biomarker, which can ultimately facilitate the prevention and prediction of AD 441 

respectively.  442 

 443 

5. Conclusion 444 

Retinal imaging should be positioned as a screening risk stratification tool for AD to facilitate 445 

the identification of patients with early-stage AD. The increasing body of clinical and 446 

histopathological research shows promising evidence to support the use of retinal imaging in 447 

AD screening. Vision loss and major eye diseases are common among AD patients, providing 448 

an opportunity for eyecare professionals to be involved in AD screening. Retinal imaging could 449 

also leverage pre-existing eye care infrastructure in the community and primary care setting. 450 

Since our retina could reflect the vasculopathy in the CNS, the ATNV framework can 451 

potentially be expanded to include retinal vascular features. The advancement of AI and multi-452 

modal retinal imaging also greatly facilitated retinal image analysis. However, further 453 

downstream modelling of retinal imaging and additional research is still warranted to assess 454 

the practicality, accuracy, and generalizability of retinal imaging in AD screening, to fully 455 

capitalise on the technology in our joint battle against this debilitating disease. 456 
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Figure 1. Natural History of Alzheimer’s Disease Continuum 457 

The pathophysiology of Alzheimer’s Disease (AD) continuum is characterized by the 458 

accumulation of abnormal amyloid and tau, followed by neurodegeneration of brain structure 459 

and subsequent decline in cognitive and clinical function. Subjects with pre-symptomatic AD 460 

allows us to investigate the pathophysiology of AD. The recently approved disease-modifying 461 

therapies target early AD, such as AD-mild cognitive impairment (MCI) and mild AD-dementia. 462 

Hence, any potential screening strategies should target patients with AD-MCI. With the 463 

advancement of retinal imaging, there is a chance of earlier detection of early AD, which might 464 

further extend the spectrum of patients who can benefit from any disease-modifying therapies.  465 

For patients with established AD-dementia, further studies are required to investigate whether 466 

we can predict the progression of dementia.  467 

 468 

Figure 2. Potential Clinical Care Pathway 469 

One possible future is that patients with pre-symptomatic Alzheimer’s Disease (AD) and AD-470 

mild cognitive impairment (MCI), who often have visual complaints, could receive artificial 471 

intelligence (AI)-assisted retinal image analysis when they attend optometrists, community 472 

eyecare infrastructure, or diabetic retinopathy screening programs. The retinal images captured 473 

will be sent to a cloud-based server for subsequent analysis with a validated AI algorithm and 474 

generate a probability of having AD continuum disease. Patients identified with a potential risk 475 

of AD are then referred to primary or secondary care for further testing, such as blood 476 

biomarkers, neurocognitive testing, neuroimaging, or cerebrospinal fluid testing.  477 Jo
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Table 1.  Eight major trends shaping the role and potential value of retinal imaging in AD screening.  

 

Evolving Landscape Challenges Potential Roles of Consortium  

Trend 1: Emerging histopathological 

evidence for AD pathology in retina 

  

• Insufficient understanding of the 

pathophysiology underlying the retinal 

changes in AD 

• Difficulty in obtaining post-mortem 

samples of brain and retina for AD and 

controls.  

• Discrepancies of histopathological 

methods between studies 

 

• To study the underlying mechanism 

behind the retinal changes in AD  

• Harmonization of histopathological 

methods 

Trend 2: Positioning of retinal imaging as a 

risk stratification tool (no risk or needs 

attention) for early AD. 

• Difficulty in recruiting MCI subjects 

• Improper comparisons of retinal imaging 

with other biomarkers of AD 

• To conduct prospective multi-centre 

studies recruiting MCI subjects to assess 

the discriminative ability of retinal 

changes in stratifying the risks of 

developing incident dementia. 

• To identify the role and value of retinal 

imaging as a risk stratification tool in AD 

screening 

Trend 3: Application of AI in retinal 

imaging for AD screening 

  

• Data hunger nature of developing a high-

performance AI model 

• To promote multi-centre collaboration and 

sharing of research data for development 

of AI model 

Trend 4: Retinal imaging could leverage 

pre-existing eye care infrastructure for 

opportunistic screening of early AD. 

• Regional differences in community 

eyecare services and infrastructure 

• To address potential obstacles when 

applying retinal imaging in primary care 

setting of different countries  
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  • Lack of awareness of AD-associated 

ocular changes among regional eyecare 

professionals 

• To promote the role of retinal imaging in 

AD screening among regional eyecare 

professionals 

Trend 5: Increasing use of a multi-modal 

approach to AD screening 

  

• Discrepancies in imaging protocols, 

machines, and qualities 

• To harmonize multi-modal data across 

research institutes  

Trend 6: Downstream modelling of retinal 

imaging may assist AD screening 

 

• Paucity of health economic analyses 

• Lack of consensus on the screening 

workflow and referral pathway  

• To assess health economic outcomes of 

retinal imaging in AD screening among 

developed and developing countries  

• To achieve consensus on potential 

screening workflow and referral pathway 

Trend 7: The ATN framework can be 

expanded to include retinal vascular 

features. 

  

• Insufficient recognition of retinal vascular 

changes in AD among dementia 

communities 

• Insufficient validation of retinal changes 

against other established biomarkers of 

AD (e.g. MRI and blood-based 

biomarkers) 

• To promote the incorporation of retinal 

vascular imaging features in the ATNV 

framework 

Trend 8: International collaboration can 

address current challenges in retinal imaging 

as a tool for AD screening.   

• Developing harmonized protocols, 

accessible data sharing platforms 

• To develop standard guidelines for 

imaging protocols, data standards,  

Abbreviations: AD = Alzheimer’s Disease; ATN framework = Amyloid/ Tau/ Neurodegeneration framework; ATNV framework = Amyloid/ Tau/ 

Neurodegeneration/ Vasculopathy framework; MCI = mild cognitive impairment 
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