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Retinal vascular measures from
diabetes retinal screening
photographs and risk of incident
dementia in type 2 diabetes:
A GoDARTS study
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United Kingdom, 4NHS Tayside; NHS Research Scotland Neuroprogressive Disorders and Dementia
Research Network, Ninewells Hospital Dundee; University of Dundee, Dundee, Scotland, 5Centre for
Public Health, Queen’s University Belfast, Belfast, NIR, United Kingdom

Objective: Patients with diabetes have an increased risk of dementia. Improved
prediction of dementia is an important goal in developing future prevention
strategies. Diabetic retinopathy screening (DRS) photographs may be a
convenient source of imaging biomarkers of brain health. We therefore
investigated the association of retinal vascular measures (RVMs) from DRS
photographs in patients with type 2 diabetes with dementia risk.
Research Design and Methods: RVMs were obtained from 6,111 patients in the
GoDARTS bioresource (635 incident cases) using VAMPIRE software. Their
association, independent of Apo E4 genotype and clinical parameters, was
determined for incident all cause dementia (ACD) and separately Alzheimer’s
disease (AD) and vascular dementia (VD). We used Cox’s proportional
hazards with competing risk of death without dementia. The potential value
of RVMs to increase the accuracy of risk prediction was evaluated.
Results: Increased retinal arteriolar fractal dimension associated with increased
risk of ACD (csHR 1.17; 1.08–1.26) and AD (HR 1.33; 1.16–1.52), whereas
increased venular fractal dimension (FDV) was associated with reduced risk
of AD (csHR 0.85; 0.74–0.96). Conversely, FDV was associated with
increased risk of VD (csHR 1.22; 1.07–1.40). Wider arteriolar calibre was
associated with a reduced risk of ACD (csHR 0.9; 0.83–0.98) and wider
venular calibre was associated with a reduced risk of AD (csHR 0.87; 0.78–
0.97). Accounting for competing risk did not substantially alter these
findings. RVMs significantly increased the accuracy of prediction.
Conclusions: Conventional DRS photographs could enhance stratifying
patients with diabetes at increased risk of dementia facilitating the
development of future prevention strategies.
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Introduction

The retina is an embryological derivative of the brain

and can be imaged relatively cheaply and conveniently

compared to imaging the brain. There is increasing

interest in use of retinal images as a readily accessible

source of imaging biomarkers for brain health (1). Such

biomarkers could have clinically valuable implications,

such as identifying individuals at greater risk of developing

dementia for recruitment into dementia prevention trials,

or as surrogate outcomes for dementia in such trials. With

the failure of multiple clinical trials of potential disease-

modifying treatments of dementia, possibly due to

pathological changes being too advanced at patient

enrolment, there is increasing interest in identifying

individuals in the long prodromal phase prior to clinically

manifestation of cognitive impairment for targeting

prevention strategies (2). A number of studies have

indicated links between retinal vascular measures (RVMs)

and dementia (reviewed in (2, 3). Most studies to date

have been relatively small and case control in design with

the possibility of confounding and reverse causation. The

Rotterdam study was a large prospective study that

considered pathological retinal features such as age related

macular degeneration (3) and retinopathy (4) but has only

considered measures of retinal vascular calibre in terms of

non-pathological RVMs (5).

Patients with type 2 diabetes have an increased risk of

dementia compared to healthy individuals (6) and retinal

screening with conventional digital photography is widely

used to manage the risk of blindness due to diabetic

retinopathy. Such diabetic retinopathy screening (DRS)

photographs could therefore potentially also provide

information about future dementia risk in patients with

diabetes. Importantly, the dementias comprise a spectrum

of differing and distinct pathoaetiologies dominated by the

neurodegenerative features Alzheimer’s disease (AD) and

vascular dementia (VD) caused by brain injury of vascular

origin, such as stroke. It is increasingly acknowledged that

there is a pathological interdependence and a continuum

between both major subtypes (7). Relatively few studies

have compared the association of RVMs with these two

major subtypes. We have recently demonstrated the ability

to identify incident dementia cases using electronic

medical records (EMR) in GoDARTS, a large prospective

cohort linked to a genomic bioresource, and to

differentiate these into VD and AD (8). In this study we

obtained RVMs from the DRS photographs from patients

with type 2 diabetes in GoDARTS and assessed the

extent to which such measures may be used as predictors

of dementia independently of other clinical and genetic

risk factors.
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Study population and methods

Study population
GoDARTS has been previously described (9). In brief, it

comprises a cohort of approximately 8,500 patients who had

type 2 diabetes at recruitment and 7,500 individuals of similar

age and background without type 2 diabetes, all of whom

were recruited from the Tayside region of Scotland over a

period of about 10 years commencing in 1997.

Comprehensive detailed and continuously accruing EMRs are

available for all participants based on an established highly

deterministic regional medical information infrastructure.

Since recruitment into GoDARTS began, there is now a

maximum of over 20 years of follow-up data in the EMR.
Methods

We obtained the digital DRS photographs used for the

Scottish national DRS programme for all GoDARTS

participants with type 2 diabetes. These photographs comprise

macula-centred images with 45-degree field of view, which

since the year 2,000 are available as digital images. We

selected the earliest available images of the right eye from

each patient with acceptable quality for subjecting to

measurement. Image quality was defined from DRS

programme data that provides information on image

gradeability. Images in which the major retinal arcade vessels

were blurred, the retinal small vessels were blurred, the retinal

nerve fibre layer was not visible, or where there was other

technical failure were discarded. This constituted 19% of

images. If the right eye image was not technically acceptable,

the earliest available image from the left eye was chosen.

RVMs were obtained using the Vessel Assessment and

Measurement Platform for Images of the Retina (VAMPIRE)

software tool (version 3; Universities of Edinburgh and

Dundee, UK) which computes morphometric measurements

of the retinal vasculature from a large number of retinal

fundus camera images efficiently (10). The following six

measures were considered for the current analysis: retinal

vascular calibre as central retinal arteriole/venule equivalent

(CRAE, CRVE); arteriole/venule tortuosity (TORTA/V); and

arteriole/venule fractal dimension (FDV/A) which

characterises the complexity of the vascular branching pattern.

Details of techniques and validation have been reported

previously (11–14).

We conducted a retrospective cohort study of the

association of this set of RVMs with incident dementia in

GoDARTS EMR using our previously described and validated

methodology (8); this reference includes a full discussion of

the methodology adopted to define dementia events. Among

others, this includes hospitalization and death data,
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TABLE 1 Study population baseline characteristics.

Total population 6111

Males % 56%

Mean Age at measured DRS photograph (IQR) years 68.4 (60.1–75.5)

Mean duration diabetes (IQR) years 7.1(3.8–11.8)

Previous CVD event 28.3%

Mean Glycated Hb (SD) %/mmolmol−1 7.52% (1.11)/ 59.0 (12.1)

Mean Total Cholesterol (SD) mmolL−1 4.37(0.84)

Mean HDL Cholesterol mmolL−1 1.34(0.35)

Mean BMI kgm−2 31.13(5.97)

Mean SBP mmHg 139(11.5)

Smoking 50%

Apo e4 (rs429358) genotypes (%) TT - 72.2%
TC - 24.9%
CC- 2.9%

CRAE (SD) pixels 32.6 (2.7)

CRVE (SD) pixels 42.9 (3.5)

Log TORTA (SD) −9.79 (0.98)

Log TORTV (SD) −9.71 (0.77)

FDA(SD) 1.51 (0.07)

FDV(SD) 1.51 (0.07)

DRS, disease risk score; HDL, high0density lipoprotein; BMI, body mass index;

SBP, systolic blood pressure; CRAE/ CRVE, central retinal arterial/venular

equivalent; TORTA/V, arterial/venular tortuosity; FDA/V, arterial/venular fractal

dimension; SD, standard deviation.
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prescribing data, adjudication of Alzheimer dementia by EMR,

adjudication of vascular dementia and several types of

validation data. Cox’s proportional hazards was used with

entry time being the date of acquisition of the DRS

photograph that was measured by VAMPIRE and exit time

being the date of first available evidence in the EMR for a

diagnosis of dementia, which, as previously, was considered as

a surrogate for dementia incidence. Censoring was end of

available follow-up EMR data or death without EMR evidence

of dementia. In addition to ACD we considered AD and VD

separately as defined by our previous analysis. We did not

separately evaluate the relatively small numbers of individuals

who either could not be adjudicated as having AD or VD or

who had a rarer cause of dementia. Apo E4 status defined by

rs429358 genotype was included in all analyses and modelled

as a codominant co-variable. The following clinical co-

variables were also included in all models: sex (females coded

as 1, males 0), age at baseline, smoking status (as ever/never

smoked), years with diabetes, a history of hospitalisation with

major adverse cardiovascular event (previous CVD), body

mass index (BMI), systolic blood pressure (SBP), total

cholesterol, high density lipoprotein cholesterol (HDL) and

glycated haemoglobin. Continuous clinical covariables were

evaluated as mean of all available values during a 3-year

period prior to date of study entry. Where these values were

missing for a particular individual, the value was imputed to

the overall cohort mean value. Due to their potential for

interdependence, all RVMs and all clinical covariates were

included in all models with stepwise backward selection with

p = 0.2 as the selection threshold for staying in the final

model. To aid meaningful comparisons, all RVMs were z-

standardized so hazard ratios (HR) associated with RVMs are

all provided per standard deviation (SD) increase.

wAge is the recommended time scale for epidemiological

studies (15–17). As age is the major determinant of dementia

risk, and RVMs have been previously associated with features

of cardiovascular diseases and aging (18), we set the time scale

for the analysis as years of age, meaning all models were

continuously adjusted for age. We also incorporated a

competing risk of death without dementia analysis where risk

is expressed as a sub-distribution HR (sdHR). All HR are

expressed with their 95% confidence intervals. As this was an

incident study, any individuals who had an established

dementia diagnosis in their EMR on or prior to the date of

study entry were excluded. Finally, to evaluate the potential of

RVMs as biomarkers for dementia, we performed receiver

operator characteristic (ROC) analyses. In this case, for

practicality of comparing area under the curve (AUC) between

models, we undertook logistic regression to predict risk of

dementia within 10 years. We compared AUC for predicting

ACD, VD and AD using clinical variables and ApoE4

genotype alone with AUCs in which RVMs were also added.

For further assessment of the potential clinical value of RVMs
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we determined the Net Reclassification Improvement (NRI)

and Integrated Discrimination Improvement (IDI) (19). For

NRI we set the risk threshold at 10% and 20% with the

motivation being that the 10-year risk of dementia in this

population was on average approximately 10%. As has been

previously recommended (20), to improve interpretation of the

NRI we also determined its sub-components in terms of the

NRI for events (NRIe) and non-events (NRIne) separately.

STATA 14 was used for all data assembly and analyses. The

nriidi package developed by Sundström et al. (21) was used to

evaluate IDI and NRI.
Results

A total of 6,111 patients with type 2 diabetes had RVMs

successfully measured and had a full set of data for analysis.

The baseline characteristics of this population are provided in

Table 1. Supplementary Figure S1 provides a correlation

heatmap of all the covariates used in this study. The mean

age at study entry was 68.4 years (IQR 60–75.5) with a mean

duration of diabetes of 7.1 years (IQR 7.1–11.8).

Fifty-nine individuals were excluded as already having a

record for dementia in the EMR at the date of acquisition of the

retinal photograph. The median follow-up time in the remaining

6,052 individuals was 9.8 years (IQR 5.7–10.6) during which
frontiersin.org
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there were 635 incident cases of ACD comprising 327 (51.5%) AD,

218 (34.3%) VD and 90 (14.2%) undeterminable dementia type or

other rarer dementia diagnoses. The overall incidence rate was 13

(lower bound 12 upper bound 14) per 1,000 person years. There

were 1,844 deaths without evidence dementia in the EMR at or

prior to date of death.

Table 2 provides the cause specific-hazard ratios (csHR) for

the Cox’s regression model and the sub-distribution (sdHR) for

the competing risk model for the final set of variables remaining
TABLE 2 Covariates remaining in the Cox and competing risk models after s

ACD Cox Model

csHR CI

Age 0.93 0.91–0.96 <

Sex – –

Duration with T2D 1.02 1.01–1.03 <

Previous CVD – –

GHB 1.13 1.04–1.23

SBP 0.99 0.99–1.00

TC – –

BMI 0.98 0.96–0.99

Smoking 1.13 0.97–1.32

FDA 1.17 1.08–1.26 <

CRAE 0.9 0.83–0.98

CRVE – –

ApoE4 1.85 1.60–2.14 <

AD

Age 0.92 0.89–0.96 <

Sex – –

Duration with T2D 1.01 1.00–1.03

Previous CVD 0.72 0.56–0.94

SBP 0.98 0.97–0.99

Total Cholesterol 1.12 0.97–1.28

BMI – –

Smoking 1.13 0.97–1.32

FDV 0.85 0.75–0.96

FDA 1.33 1.16–1.52 <

CRVE 0.87 0.78–0.97

E4 2.12 1.75–2.57 <

VD

Age 0.94 0.90–0.98

Duration with T2D 1.02 1.00–1.03

Previous CVD 1.24 0.94–1.64

GHB 1.31 1.15–1.49 <

Smoking 1.39 1.06–1.82 0

FDV 1.22 1.07–1.40

CRAE 0.88 0.77–1.02

E4 1.44 1.10–1.90

GHB, glycated hemoglobin; csHR, cause-specific hazard ratio; sdHR, sub-distributio

causes dementia; AD, Alzheimer’s disease; TC, total cholesterol. For further acronym

Frontiers in Digital Health 04
after backward stepwise removal for each of ACD, AD and VD.

For ACD we found a significant independent association of

increased arteriolar fractal dimension (FDA) with increased

risk of incident ACD (csHR 1.17; 1.08–1.26). Accounting for

competing risk of death resulted in little change (sdHR 1.16;

1.08–1.25). Furthermore, wider arteriolar calibre (CRAE) was

associated with a reduced risk (csHR 0.9; 0.83–0.98) although

this was no longer significant when considering competing

risk of death (sdHR 0.93; 0.86–1.00).
tepwise removal for ACD, AD and VD (- denotes removed covariable).

Competing Risk model

p sdHR CI p

0.000 1.11 1.09–1.22 <0.000

– 1.19 1.02–1.39 0.032

0.000 1.01 1.00–1.02 0.091

– 0.82 0.69–0.98 0.025

0.004 – – –

0.08 0.99 0.99–1.00 0.164

– 1.09 0.99–1.20 0.087

0.024 0.98 0.96–0.99 0.014

0.128 – – –

0.000 1.16 1.08–1.25 <0.000

0.01 0.93 0.86–1.00- 0.062-

– 0.94 0.86–1.03 0.166

0.000 1.77 1.52–2.05 <0.000

0.000 1.08 1.06–1.10 <0.000

– 1.27 1.01–1.58 0.039

0.079 – – –

0.014 0.62 0.48–0.80 <0.000

0.002 0.99 0.98–0.99 0.003

0.124 1.13 0.99–1.28 0.06

– 0.98 0.96–1.00 0.17

0.128 0.86 0.69–1.08 0.19

0.009 0.85 0.75–0.96 0.009

0.000 1.32 1.15–1.52 <0.000

0.013 0.88 0.79–0.98 0.025

0.000 2.1 1.69–2.48 <0.000

0.009 1.11 1.08–1.14 <0.000

0.093 – – –

0.132 – – –

0.000 1.21 1.05–1.40 0.009

.0.17 – – –

0.004 1.22 1.08–1.38 0.002

0.079 0.92 0.81–1.04 0.185

0.004 1.41 1.06–1.86 0.016

n hazard ratio; CI, confidence interval; GHB, glycated haemoglobin; ACD, all-

s see Table 1, caption.
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For AD we found increasing venular (FDV) and increasing

arteriolar (FDA) fractal dimensions associated with a reduced

(csHR 0.85; 0.74–0.96) and increased (csHR 1.33; 1.16–1.52)

risk respectively. Accounting for competing risks of death did

not appreciably change these associations. The ratio of FDA

to FDV was also independently significant (1.24; 1.10–1.35).

Wider venules indicated by an increased CRVE (0.87; 0.78–

0.97) was significantly and independently associated with

reduced risk. Again, accounting for competing risk of death

did not modify this association.

For VD the associations were markedly different compared

to findings for AD. In this case increased FDV alone was

associated with increased risk of VD (csHR 1.22, 1.07–1.40).

Again this did not change accounting for competing risks of

death. There was no indication that the ratio of FDA to FDV

was important in this setting. Although CRAE remained in

the model indicating a reduced risk it did not achieve

significance in either the Cox model or the competing risks

model. Measures of tortuosity were dropped from all of the

models and therefore did not appear to have an impact on

dementia risk in our study.

Table 3 provides the results of our ROC analysis. We found

that for each of ACD, AD and VD there was a small increase in

the AUC when RVMs were included in the model in addition to

genetic information (ApoE4 genotype) and clinical covariates

compared to the AUC when only considering genetic and

clinical covariates. However, this increase only reached

significance in the larger ACD population where the AUC

using clinical covariates with genetic data alone was 0.7855

and with inclusion of RVMs it was 0.7896, (p = 0.022).

Table 4 provides the NRI, its components NRIe and NRIne as
TABLE 3 AUC changes with inclusion of RVMs.

Model with RMVs Model without
RMVs

AUC 95% CI AUC 95%CI p

ACD 0.7896 0.7731–0.8060 0.7855 0.7689–0.8022 0.022

VD 0.7831 0.7566–0.8095 0.7769 0.7498–0.8041 0.090

AD 0.7759 0.7532–0.7986 0.7685 0.7459–0.7910 0.094

Boldface p value is significant.

AUC, Area under ROC curve.

TABLE 4 Net reclassification improvement (NRI) and integrated
discrimination improvement (IDI) for inclusion of RVMs.

NRIe NRIne Estimate SE p value

ACD NRI 0.05227 −0.00160 0.05067 0.02102 0.016
IDI – – 0.00651 0.00175 <0.000

AD NRI 0.04762 0.00139 0.04901 0.02245 0.020
IDI – – 0.00631 0.00166 <0.000

VD NRI 0.052632 −0.01057 0.04206 0.01865 0.024
IDI – – 0.00387 0.0011 <0.000
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well as the IDI metrics for the same comparison.

Supplementary Table S1 provides the full NRI tables.

Significant increases in both IDI and NRI were found for all

models with inclusion of RVMs. However, it can be seen

from the negative NRIne for ACD and VD that this was at

the expense of an increase in upgrading non-events to an

increased risk category.
Discussion

To the best of knowledge, we have undertaken the largest

prospective study to date of the association of three previously

established and widely investigated RVMs, namely, venular and

arteriolar calibre, tortuosity and fractal dimension with incident

dementia. We found that an increase in retinal arteriolar fractal

dimension (FDA) and a reduced arteriolar calibre (CRAE) were

associated with increased risk of developing ACD with a

median of just less than 10 years in the future. Using our

previously validated methodology (8) we have separately

considered the two major subtypes of dementia, AD and VD.

Here we found marked differences in the direction of

association of arteriolar and venular fractal dimension (FDV)

between these sub-types. Increases in FDA and FDV were

independently associated with respectively, increased and

decreased risk of AD. On the other hand, for VD, FDA had no

evidence of an association whereas increased FDV was

associated with increased risk. With respect to retinal vascular

calibre, we found that whereas increased CRAE was associated

with a reduced risk of VD, although this did not reach

significance and was further attenuated when accounting for

competing risk of death, wider venules (i.e., CRVE) was

associated with a reduced risk of AD. These findings were all

independent of a comprehensive range of clinical covariates and

also independent of ApoE4 genotype which, other than age, is

the strongest known predictor of dementia (22). Measures of

vascular tortuosity were not selected in any of the models and

this appeared to be mainly due to the simultaneous inclusion of

other RVMs in our stepwise models indicating a degree of

interdependence and co-linearity as indicated by our correlation

matrix. Because RVMs have been associated with a range of

vascular-based health outcomes (18), indicating the possibility

our findings may be influenced by healthy survivor bias, we

undertook a competing risk of death which did not appreciably

modify these findings. Finally, we have also demonstrated that

RVMs used for this study provide small increments in

prediction accuracy for dementia beyond ApoE4 genotype and a

broad range of relevant clinical covariates. For the larger study

of ACD, the increase in AUC was significant whereas for the

smaller sub-studies of AD and VD, although the increases were

of a similar magnitude, due to the wider confidence intervals

the increase did not achieve significance. A previous case

control study has also demonstrated that RVMs can increase
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the AUC for prediction of AD (23). While this study considered a

larger number of RVMs, it did not consider their independence

from Apo E4. While evaluation of risk prediction models

requires measures of model performance, like the ROC metric,

its interpretation is based upon the ability of the predicted

probabilities to correctly discriminate between randomly selected

diseased and non-diseased subjects. It is not uncommon for the

AUC to show only small and non-significant improvements,

even for a predictor variable that makes a significant

independent contribution. We therefore incorporated previously

proposed alternative methods for evaluating the utility of a new

marker, especially for cohort studies, that included event-specific

reclassification tables and integrated discrimination

improvement (24). When using these metrics, we found that

RVMs significantly improved risk stratification for each of ACD,

AD and VD. This further highlights the concept of the retina

potentially containing clinically useful information for predicting

future brain health and the potential value of developing further

disease-specific imaging biomarkers from retinal images.

Importantly, however, in the case of ACD and VD, the positive

significant NRI was at the expense of an increased number of

non-events being upgraded to a higher risk category. As has

previously been indicated (20) when accounting for population

prevalence of dementia the NRI value in this case becomes

negative with potential implications for use of RVMs for

selecting patients for future trials for example.

Our findings in relation to retinal vessel calibre and

tortuosity seem to be consistent with previous studies

conducted with statistical analysis techniques similar to ours,

where generally reduced retinal vascular calibres have been

found in relation to dementia and findings for vessel

tortuosity have been inconsistent (25, 26). In contrast, some

previous studies that have measured retinal fractal dimensions

separately for both arterioles and venules have found both

reduced FDA and FDV being associated with increased risk of

Alzheimer’s disease (27–30). However, other studies that

considered MRI imaging aspects of brain health indicated a

less consistent relationship, with opposing associations of

FDA and FDV (31, 32) similar to our findings. VD is largely

defined by imaging evidence of cerebrovascular disease, often

manifesting as lacunar stroke. There have also been

conflicting associations of retinal vascular fractal dimensions

with cerebrovascular disease for example with increased (33),

decreased (34) or no association (35) with overall fractal

dimensions. We note that, in this study, we did not

investigate associations with each individual parameter, nor

tried to cluster retinal parameters into patterns or groups; see

Fetit et al. (36) for relevant work from our group.

There are several reasons why our results may differ from

previous studies. Firstly, the design of many studies has been case

control and of relatively small size, with the inherent challenges

with respect to bias and confounding. We have used a large

prospective cohort study design considering the association of
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RVMs many years in advance of a dementia diagnosis. The only

other large prospective study we are aware of is the Rotterdam

study which to our best knowledge has to date only considered

measures of retinal vascular calibre (5). Interestingly however, this

study, in contrast to ours, found increased venular calibre was

associated with increased dementia risk. Secondly, unlike these

previous studies, our study has been conducted entirely in

patients with type 2 diabetes. Given the well-established global

microvascular disease associated with diabetes, the relationship

between retinal RVMs, brain health and dementia outcomes may

be different in this patient group. A further potential issue is the

fact that in our study we have used EMR to define our dementia

cases whereas smaller case control studies tend to have used

directly ascertained and assessed Alzheimer’s disease cases.

Nevertheless, in our previous study we were able to demonstrate

that a gene score specific for Alzheimer’s disease was strongly

associated with AD cases adjudicated by our EMR algorithm,

whereas we found no association of this score with VD cases also

adjudicated by our algorithm (8). Furthermore, in that study, as

well as in the present study, Apo E4 genotype was significantly

associated with both AD and VD. Together these are indicators

that the pathoaetiological basis of our case definitions in this

study are robust. Finally, there are many different algorithm-

based approaches to measurement of RVMs and particularly for

FD (37) and these may have a profound impact on associations

observed in different studies.

A recent study has further highlighted the potential of

retinal fundus images as a source of imaging biomarkers to

predict disease state and risk (38). In this case a deep learning

approach achieved predictions for cardiovascular disease

similar to conventional clinical risk screening but using the

retina alone. While such an approach may increase the

accuracy of prediction, it does not yield features that can be

clinically interpreted. However, that study underscored the

retinal vasculature as being important in discriminating

disease states. In our study the RVMs employed are not

necessarily specific to dementia, i.e., have neither been

identified as such clinically or pathologically or specifically

developed for example through a targeted machine learning

approach. Hence, our results suggest that further increases in

prediction accuracy may be possible if retinal biomarkers

specific to dementia could be identified. This would have

important implications for future dementia research aimed at

developing therapeutic interventions for reducing dementia risk.

Microvascular integrity is emerging as an important aspect

of the neurodegenerative process and brain health (39). The

fractal dimension of a complex branching pattern, such as the

retinal vascular tree, can be considered as a measure of how

complex the pattern is and how it fills in the surrounding

space (40); it can be therefore regarded as a measure of the

extent of tissue vascularisation and, by implication, its

vascular health and resilience. Retinal vascular fractal

dimensions may be important indicators of susceptibility to
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neurodegenerative disease (41). In this context it is interesting to

speculate how our findings of the relative balance between FDV

and FDA predispose to one type of disease compared to

another. Intra-brain vascular dysregulation is an early

pathological event during AD development (42) and the role

of venular networks in the perivascular clearance of Aβ is

emerging as potentially important (43). Our finding of an

increased ratio FDV to FDA being associated with increased

future AD risk together with a significantly reduced venular

calibre may indicate an underlying suboptimal venular

network with a predisposition to impaired Aβ clearance by

the venular network. The extent to which these findings

indicate an inherent developmental or genetic predisposition

or are influenced by other environmental exposures cannot be

determined from this work, although the independence of the

findings from clinical and genetic covariates perhaps indicates

an endogenous predisposition. As the number of genomic

studies of retinal vascular parameters increase (44) this be

approached with genomic instruments in future studies.
Conclusions

In our large prospective study in patients with type 2

diabetes we have found that RVMs predict future incidence of

dementia independently of a wide range of clinical and

genetic risk factors. This indicates the possibility that inter-

individual developmental or acquired differences in

microvascular parameters within the retina can be measured

and used to predict susceptibility in patients with diabetes.

Further development of such an approach may in future be

used in developing strategies for dementia prevention.
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