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ABSTRACT

Chronic, non-communicable diseases present a
major barrier to living a long and healthy life. In
many cases, early diagnosis can facilitate pre-
vention, monitoring, and treatment efforts,
improving patient outcomes. There is therefore
a critical need to make screening techniques as
accessible, unintimidating, and cost-effective as
possible. The association between ocular
biomarkers and systemic health and disease
(oculomics) presents an attractive opportunity
for detection of systemic diseases, as oph-
thalmic techniques are often relatively low-cost,
fast, and non-invasive. In this review, we high-
light the key associations between structural
biomarkers in the eye and the four globally
leading causes of morbidity and mortality: car-
diovascular disease, cancer, neurodegenerative
disease, and metabolic disease. We observe that
neurodegenerative disease is a particularly

promising target for oculomics, with biomark-
ers detected in multiple ocular structures. Car-
diovascular disease biomarkers are present in
the choroid, retinal vasculature, and retinal
nerve fiber layer, and metabolic disease
biomarkers are present in the eyelid, tear fluid,
lens, and retinal vasculature. In contrast, only
the tear fluid emerged as a promising ocular
target for the detection of cancer. The retina is a
rich source of oculomics data, the analysis of
which has been enhanced by artificial intelli-
gence-based tools. Although not all biomarkers
are disease-specific, limiting their current diag-
nostic utility, future oculomics research will
likely benefit from combining data from various
structures to improve specificity, as well as
active design, development, and optimization
of instruments that target specific disease sig-
natures, thus facilitating differential diagnoses.

PLAIN LANGUAGE SUMMARY

Long-term diseases can stop people living long
and healthy lives. In many cases, early diagnosis
can help to prevent, monitor, and treat disease,
which can improve patients’ health. In order to
diagnose disease, we need tools that are easy for
patients to access, painless, and low-cost. The
eye may provide the solution. In this review, we
discuss the link between changes in the eye and
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four types of long-term disease that, together,
kill most of the population: (1) Cardiovascular
disease (affecting the heart and/or blood). (2)
Cancer (abnormal growth of cells). (3) Neu-
rodegenerative disease (affecting the brain and/
or nervous system). (4) Metabolic disease
(problems storing, accessing, and using the
body’s fuel). We show that neurodegenerative
disease leaves tell-tale signs in lots of different
parts of the eye. Signs of cardiovascular and
metabolic disease biomarkers are mostly found
in the back of the eye, and signs of cancer can
be found in the tear fluid. Although signs of
disease can be seen in the eye, not all of them
will tell us what the disease is. We believe that
future research will help us to understand more
about long-term disease and how to detect it if
we combine information from different struc-
tures within the eye and develop new tools to
target these specific structures.

Keywords: Oculomics; Ocular; Ophthalmic;
Biomarkers; Imaging; Cardiovascular; Cancer;
Neurodegenerative; Metabolic; Systemic;
Chronic; Non-communicable; Disease

Key Summary Points

The ‘‘Four Horsemen’’ of chronic disease
(cardiovascular disease, cancer,
neurodegenerative disease, and metabolic
disease) kill around 80% of the
population.

Changes in retinal microvasculature can
reveal cardiovascular problems, and
optical coherence tomography
angiography shows high potential as a
screening tool for cardiovascular disease.

Alterations to the protein composition of
tear fluid is one of the few promising
ocular biomarkers for cancer detection.

Neurodegenerative disease can be detected
in multiple ocular structures, owing both
to neuronal loss and build-up of specific
proteins.

Metabolic disease and its biomarkers are
often comorbid with other diseases, so
discovery of biomarkers with greater
specificity, such as those related to blood
sugar, is desirable.

INTRODUCTION

In an increasingly aging population, there is a
growing emphasis not only on living longer
(lifespan) but on maintaining key physical and
mental functions (healthspan) across the lifes-
pan. The predominant hurdles for longevity
(both lifespan and healthspan) are chronic dis-
eases. Within industrialized nations, there are
four types of disease that kill an overwhelming
majority of the population (approximately
80%). These were coined the Four Horsemen of
Chronic Disease by Peter Attia [1]:

1. Cardiovascular disease, accounting for
approximately 19 million global deaths per
year [2]

2. Cancer, accounting for nearly 10 million
global deaths per year [3]

3. Neurodegenerative disease (e.g., Alzhei-
mer’s disease), accounting for 9 million
global deaths per year [4]

4. Metabolic disease (e.g., type 2 diabetes),
which contributes to negative health out-
comes in multiple chronic diseases [5],
making the prevalence difficult to calculate.
However, diabetes alone accounts for
approximately 1.5 million global deaths [6]

The emergence of the Four Horsemen can, in
many cases, be prevented, or their progression
hindered, by lifestyle adjustments and/or treat-
ment [7]. Regular screening for chronic disease
is therefore key to identifying those at risk and
diverting the deadly cavalry. For example, one
study stated that ‘‘cervical screening has pre-
vented an epidemic that would have killed
about one in 65 of all British women born since
1950 and culminated in about 6000 deaths per
year [in the UK]’’ [8]. However, using the same
example, nearly a third of eligible women in the
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UK (approximately 4.6 million) do not attend
regular cervical screening appointments,
despite more than 5 million invites being sent
out [9]. This highlights the critical need to make
screening techniques as accessible, unintimi-
dating, and cost-effective as possible.

Unlike anywhere else in the human body,
the eye offers a unique opportunity for direct,
in vivo, and often non-invasive visualization of
the neurosensory and microvascular systems. In
addition to its accessibility, there are several
reasons why the eye offers an attractive target
for biomarker discovery for various systemic
diseases.

• The eye shares a common embryological
origin with the brain [10], and the neurosen-
sory retina and optic nerve are extensions of
the brain, allowing direct visualization of the
nervous system.

• Owing to the length and continuity of the
visual pathway, in conjunction with trans-
synaptic degeneration mechanisms, damage
to the central nervous system often mani-
fests with inner retinal changes.

• The blood–retina barrier mimics the blood–-
brain barrier [11], selectively enabling the
transport of necessary substances to these
metabolically active structures [12].

• The aqueous and vitreous humors are
derived from the plasma (a component of
blood) [13] that allows transportation of
lipid-soluble substances through diffusion,
and water-soluble substances through
ultrafiltration.

• The lens is continuously growing [14], and
contains molecules that build up over the
lifetime, enabling mapping of molecular
history.

Although associations between ocular
biomarkers and systemic health and disease
were reported as early as the 1800s [15] the
study of eye–body relationships has only
recently been given its own term: ‘‘oculomics’’
[16]. The word is a contraction of oculus (Latin
for ‘‘eye’’) and omics, which is itself a contrac-
tion of the suffix ‘‘-ome’’, meaning ‘‘whole of
class’’, and ‘‘-ics’’, meaning ‘‘study of’’. Recent
advances in imaging techniques, such as optical
coherence tomography (OCT), now enable

visualization, and thus analysis, of structures on
the order of microns. High-resolution images
can therefore be used to identify disease features
to stratify patients and facilitate a ‘‘precision
medicine’’ approach. Furthermore, digitization
of data storage and the development of analysis
tools that use artificial intelligence (AI) have
had a profound impact on the ability to process
large datasets. For these reasons, oculomics is a
burgeoning field. The purpose of this review is
to evaluate oculomics’ potential to emerge as a
hero in the crusade against the Four Horsemen
of chronic disease.

METHODS

Peer-reviewed records were identified using
PubMed (titles/abstracts) and Google Scholar
(titles only, as the ability to search titles and
abstracts was not offered) using the following
terms (March 6, 2024): ‘‘oculomics’’; ‘‘ocular
biomarkers’’ OR ‘‘ophthalmic biomarkers’’ AND
‘‘systemic disease’’ OR ‘‘chronic disease’’ OR
‘‘non-communicable disease’’ OR ‘‘cardiovascu-
lar disease’’ OR ‘‘cancer’’ OR ‘‘neurodegenerative
disease’’ OR ‘‘metabolic disease’’. Records were
reviewed manually by EP using the methodol-
ogy outlined in Fig. 1, yielding eight original
studies, which form the basis of this review. A
further 13 review articles have been used to
identify additional relevant studies, providing a
complementary approach. All publications were
written in English and were published between
2015 and 2023.

This article is based on previously conducted
studies and does not contain any new studies
with human participants or animals performed
by any of the authors.

RESULTS

The following text is organized by disease type
(Fig. 2). The goal is to provide a high-level
overview of the key clinical findings from the
‘‘oculomics’’ literature in the context of the Four
Horsemen of chronic disease. Our intention is
to aid those who work with relevant clinical
populations in understanding the possibilities
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Fig. 1 Flow chart to illustrate the methodology used to identify and screen literature relevant to oculomics and
cardiovascular disease, cancer, neurodegenerative disease, and metabolic disease

Ophthalmol Ther



and pitfalls of ocular biomarkers in screening
and diagnosis. As such, discussion of methods
and other technical details has been reined in,
although we include a summary of the methods
used in the eight original studies (Fig. 3).
Table 1 shows a summary of the diseases that
are relevant to biomarkers in each of the ocular
structures discussed across all original and
review articles, to aid those who seek further
disease/structure-specific information.

Horseman One: Cardiovascular Disease

Cardiovascular disease is a general term for
conditions affecting the heart or blood vessels.
It is often associated with a build-up of fatty
deposits inside the arteries (atherosclerosis) and
an increased risk of blood clots. Obstruction of
blood flow to key organs, such as the brain
(stroke) or heart (heart attack), often proves
fatal. As cardiovascular disease is the leading
cause of global mortality, accounting for more
than 30% of deaths worldwide [17], there has
been significant motivation to develop effective
tools to identify those most at risk.

Huang et al. (2023) published an original
article describing their study on integrating
oculomics (using retinal fundus images) and

genomics to identify biomarkers for arterial
aneurisms (swelling of the arteries) [18]. They
found that the number of vessels in the optic
disc and the angles between arterial branches
were significantly associated with genetic risks
of aneurisms. There were over 172,000 aneur-
ism-related deaths in 2019 [19], and arterial
aneurisms are usually asymptomatic prior to
hospitalization, highlighting the importance of
identifying biomarkers that can be used to pre-
dict and prevent adverse outcomes. Their
machine-learning model (algorithms that learn
with supervision, by mapping outcomes to
representations) was also able to successfully
stratify patients at different levels of risk and
predict future aneurisms more effectively than a
baseline model, and as effectively as a clinical
risk model, over an 8-year period. However, as
the biological causes of the vascular features
remain unclear, the authors conclude that fur-
ther studies are warranted to confirm their
clinical value in the screening and early diag-
nosis of arterial aneurisms.

Clausen et al. (2023) conducted an original
20-year cohort study investigating the associa-
tion between retinal artery occlusion (RAO) and
dementia (the results of which will be discussed
later under ‘‘Horseman Three’’) [20], which also
yielded findings relating to cardiovascular

Fig. 2 Pie chart to illustrate (left) the proportion of global
deaths caused by each disease type, as described in the
introduction (numbers in millions), and (right) the

proportion of each disease mentioned by the 21 publica-
tions included in the review. Some publications focused on
more than one type of disease
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disease. RAO is a sight-threatening disease
affecting 50,000 to 100,000 people per year,
characterized by blockage of blood flow to the
retina. Perhaps unsurprisingly, the prevalence
of cardiovascular disease, hypertension (high
blood pressure), and dyslipidemia (high levels
of fat in the blood) was significantly higher in
those with RAO than controls. The authors
conclude that cardiovascular comorbidities can
be considered shared risk factors of retinal and
cerebral vascular disease.

Review articles on the topic of oculomics for
cardiovascular disease have focused mainly on
the use of artificial intelligence-based tools for
analyzing disease risk from retinal images, such
as fundus photography [16, 21–24]. Deep
learning methods (algorithms that learn repre-
sentations of outcomes, unsupervised) are cap-
able of predicting risk of not only cardiovascular
disease [25–27] but also major cardiovascular
events [28], such as heart attack [29], and stroke
[30], and cardiovascular disease mortality [31].
Such algorithms are also capable of predicting
related risk factors, such as the presence of car-
otid atherosclerosis, coronary artery calcium
score [32, 33], central retinal artery/vein diam-
eter [34], and self-reported dyslipidemia [35].

The ‘‘black-box’’ nature of deep learning
methods in the aforementioned studies pre-
cludes a full understanding of the salient retinal
features associated with disease prediction,
which may affect their incorporation into clin-
ical care. However, other studies have sought to
identify specific ocular features that are char-
acteristic of cardiovascular disease. Many fea-
tures of retinopathy, such as cotton wool spots
(swollen debris from local cells within the reti-
nal nerve fiber layer [RNFL], named after their
appearance), arteriovenous nicking (when an
arteriole crosses a venule, causing venular
compression and bulging on either side), wider
retinal venules, and narrower arterioles are
associated with higher risk of stroke [36].
Interestingly, these vascular biomarkers are
associated with coronary heart disease in
women but not in men [37].

Metrics based on automated detection and
segmentation of vessels, such as arteriolar and
venular tortuosity, fractal dimension (a measure
of vascular branching complexity and density)
[25, 38–40] (Yu et al.’s data originates from a
pre-print) and bifurcation (branching metrics)
[41] can be used to predict ischemic heart dis-
ease (narrowed heart arteries) [42], hyperten-
sion [27, 28, 35], stroke [42] (Ma et al.’s data

Fig. 3 Bar chart to illustrate the different methodologies
used by the eight original studies included in the review.
Most publications focused on more than one type of

disease. OCT optical coherence tomography; OCTA
OCT angiography; AI artificial intelligence
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Table 1 Summary of the ocular structures and related diseases featured in the reviewed publications

Ocular structure Disease category Reference Ref #

Eyelid Metabolic disease Kim et al., 2022 [133]

Tear fluid Cancer Hagan et al., 2016 [49]

Neurodegenerative disease Hagan et al., 2016 [49]

Majeed et al., 2021 [60]

Harris et al., 2023 [61]

Suh et al., 2023 [62]

Metabolic disease Hagan et al., 2016 [49]

Cornea Neurodegenerative disease Singh & Verma, 2020 [63]

Majeed et al., 2021 [60]

Silverstein et al., 2022 [59]

Suh et al., 2023 [62]

Aqueous humor Neurodegenerative disease Jones-Odeh & Hammond, 2015 [64]

Singh & Verma, 2020 [63]

Pupil Neurodegenerative disease Jones-Odeh & Hammond, 2015 [64]

Javaid et al., 2016 [65]

Singh & Verma, 2020 [63]

Majeed et al., 2021 [60]

Silverstein et al., 2022 [59]

Harris et al., 2023 [61]

Suh et al., 2023 [62]

Lens Neurodegenerative disease Jones-Odeh & Hammond, 2015 [64]

Javaid et al., 2016 [65]

Singh & Verma, 2020 [63]

Majeed et al., 2021 [60]

Silverstein et al., 2022 [59]

Harris et al., 2023 [61]

Suh et al., 2023 [62]

Metabolic disease Kim et al., 2022 [133]

Vitreous humor Neurodegenerative disease Jones-Odeh & Hammond, 2015 [64]

Subramanian et al., 2020 [54]
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Table 1 continued

Ocular structure Disease category Reference Ref #

Retinal vasculature Cardiovascular disease Wagner et al., 2020 [16]

Wu & Liu, 2022 [21]

Barriada & Masip, 2022 [23]

Huang et al., 2023 [18]

Chan et al., 2023 [24]

Clausen et al., 2023 [20]

Arnould et al., 2023 [22]

Neurodegenerative disease Jones-Odeh & Hammond, 2015 [64]

Javaid et al., 2016 [65]

Singh & Verma, 2020 [63]

Subramanian et al., 2020 [54]

Majeed et al., 2021 [60]

Harris et al., 2023 [61]

Wagner et al., 2023 [56]

Suh et al., 2023 [62]

Clausen et al., 2023 [20]

Cancer Chan et al., 2023 [24]

Metabolic disease Wagner et al., 2020 [16]

Alé-Chilet et al., 2021 [130]

Bernal-Morales et al., 2021 [131]

Wu & Liu, 2022 [21]

Chan et al., 2023 [24]

Clausen et al., 2023 [20]
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Table 1 continued

Ocular structure Disease category Reference Ref #

Retinal ganglion cells Neurodegenerative disease Jones-Odeh & Hammond, 2015 [64]

Javaid et al., 2016 [65]

Wagner et al., 2020 [16]

Singh & Verma, 2020 [63]

Subramanian et al., 2020 [54]

Majeed et al., 2021 [60]

Silverstein et al., 2022 [59]

Wu & Liu, 2022 [21]

Harris et al., 2023 [61]

Wagner et al., 2023 [56]

Suh et al., 2023 [62]

Retinal nerve fiber layer Cardiovascular disease Wagner et al., 2020 [16]

Chan et al., 2023 [24]

Arnould et al., 2023 [22]

Neurodegenerative disease Jones-Odeh & Hammond, 2015 [64]

Javaid et al., 2016 [65]

Wagner et al., 2020 [16]

Singh & Verma, 2020 [63]

Subramanian et al., 2020 [54]

Majeed et al., 2021 [60]

Silverstein et al., 2022 [59]

Wu & Liu, 2022 [21]

Harris et al., 2023 [61]

Wagner et al., 2023 [56]

Suh et al., 2023 [62]

Photoreceptor layer Neurodegenerative disease Jones-Odeh & Hammond, 2015 [64]

Javaid et al., 2016 [65]

Silverstein et al., 2022 [59]

Suh et al., 2023 [62]
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originates from a pre-print), and peripheral
vascular disease (poor blood circulation
throughout the body) [41]. In addition, the
optic disc rim, cup-to-disc ratio, peripapillary
atrophy, and fovea were related to cardiovas-
cular disease [31, 32].

Recent advances in imaging techniques
include OCT angiography (OCTA), which uses
motion contrast imaging to visualize volumet-
ric blood flow [43]. OCTA has enabled identifi-
cation of additional parameters that are
associated with cardiovascular profile [44], car-
diovascular risk factors [45], and systemic vas-
cular events [29, 46]. Another recent advance is

the use of adaptive optics (AO), alongside other
imaging techniques, such as OCT or scanning
laser ophthalmoscopy (SLO), to correct for the
aberrations of the eye. This enables visualiza-
tion of the retina with cellular resolution [47].
Using AOSLO, an association between retinal
vascular structure (inner and outer diameter,
parietal thickness) and hypertension has been
observed (see Bakker et al., 2022 for a review
[48]).

Given the size of emerging datasets and
complexity of imaging techniques, AI-based
methods (in conjunction with interdisciplinary
expertise) will be crucial in tackling the future

Table 1 continued

Ocular structure Disease category Reference Ref #

Optic nerve Cardiovascular disease Arnould et al., 2023 [22]

Neurodegenerative disease Jones-Odeh & Hammond, 2015 [64]

Javaid et al., 2016 [65]

Wagner et al., 2020 [16]

Singh & Verma, 2020 [63]

Subramanian et al., 2020 [54]

Majeed et al., 2021 [60]

Harris et al., 2023 [61]

Wagner et al., 2023 [56]

Suh et al., 2023 [62]

Choroid Cardiovascular disease Arnould et al., 2023 [22]

Neurodegenerative disease Jones-Odeh & Hammond, 2015 [64]

Javaid et al., 2016 [65]

Singh & Verma, 2020 [63]

Subramanian et al., 2020 [54]

Majeed et al., 2021 [60]

Silverstein et al., 2022 [59]

Demirlek et al., 2023 [55]

Harris et al., 2023 [61]

Wagner et al., 2023 [56]

Suh et al., 2023 [62]
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healthcare challenges of common chronic dis-
orders of the body. Further development and
optimization of interdisciplinary deep learning
algorithms will undoubtedly improve individ-
ualized patient outcomes and medical resource
allocations. However, automated diagnosis sys-
tems that provide interpretable explanations of
their predictions are warranted to promote
clinical understanding and trust.

Horseman Two: Cancer

Cancer is characterized by uncontrolled growth
and division of abnormal cells. Only two of the
publications (both reviews) retrieved through
the literature search mentioned cancer. This
finding alone suggests that cancer may not be a
promising target for oculomics, likely owing to
the fact that cancer is typically organ/tis-
sue/cell-specific. However, in a review by Hagan
et al. (2016), the authors highlighted the utility
of tear fluid biomarkers in the detection of cer-
tain cancers [49]. Tear fluid is both accessible
and less complex than serum or plasma, sim-
plifying its analysis, and recent developments in
the accessibility and sensitivity of protein
analysis techniques show promise for non-in-
vasive biomarker detection. One such protein is
lacryglobin, which has been found to be present
in the tear fluid of patients with colon (100%),
prostate (100%), breast (88%), lung (83%) and
ovarian (33%) cancers [50]. Interestingly, it was
also present in two controls who had a family
history of breast and prostate cancer. Using
panels of biomarkers has further revealed dif-
ferences between patients with breast cancer
and healthy controls [51–53], with a specificity
and sensitivity of 70% [51]. These studies
demonstrate that proteomic tear fluid analysis
could provide a valuable screening tool for a
variety of cancers. Further research into addi-
tional techniques for protein detection (such as
fluorescence) in a variety of cancer types is
warranted.

The only other mention of cancer was in a
review by Chan et al. (2023) [24]. They describe
a study that used a deep learning algorithm to
predict biological age (as opposed to chrono-
logical age) from retinal fundus images. They

used biological age as a biomarker for stratifying
risk of all-cause mortality, cardiovascular dis-
ease, and cancer [26]. Compared with the par-
ticipants in the algorithm’s first quartile, those
in the fourth quartile had higher risk of cancer
mortality (60%) and risk of cancer events (18%),
which was independent of chronological age
and known aging phenotypic biomarkers.
However, it is well established that cancer risk
increases with age (chronological or biologi-
cal)—as do many chronic diseases—so the
clinical utility of these findings is limited.

Horseman Three: Neurodegenerative
Disease

Neurodegenerative diseases are characterized by
progressive loss of structure or function of
neurons, resulting in a decline in physical and/
or mental function. A major stall guard for both
timely diagnosis and development of effective
treatments for neurodegenerative disease is the
lack of technologies for detection and moni-
toring. Diagnosis of many neurodegenerative
diseases is problematic and, with no single test
standing as the ‘‘gold standard’’, relies on a
combination of cognitive assessments, blood
tests, and scans. Given these clinical hurdles,
the eye presents an attractive target for identi-
fying ocular biomarkers for neurodegenerative
diseases, as it shares a common embryological
origin with the brain [10], the blood–retina
barrier mimics the blood–brain barrier [11], and
both are highly active metabolically [12].

Subramanian et al. (2020) carried out an
original study that assessed the potential for
neurofilament light chain (NfL) as a biomarker
for neurodegenerative disease [54]. NfL is a
neuronal cytoplasmic protein that is highly
expressed in large-caliber myelinated axons.
Vitreous humor samples were extracted from
patients who were scheduled to undergo vit-
rectomy and used to quantify NfL. The study
showed that NfL is positively associated with
levels of amyloid-beta (Ab40 and Ab42), Tau,
and other select inflammatory cytokines that
are associated with neurodegenerative disease.
An obvious limitation of this technique is its
invasive nature, precluding it as a routine
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screening method. The authors encourage fur-
ther investigation of NfL in other eye fluids,
such as aqueous humor or tear secretions, that
could offer a less invasive and more accessible
means of fluid collection.

Demirlek et al. (2023) conducted an original
study investigating choroidal structure, using
OCT with enhanced depth imaging, in first-
episode psychosis [55], which can be an early
sign of neurodegenerative disease. They did not
find statistically significant differences in cen-
tral choroidal thickness, total choroidal area,
luminal (dark) choroidal area, or stromal
(bright) choroidal area between those with a
single psychotic episode and normal controls.
However, they did find a significantly higher
choroidal vascularity index and luminal-to-
stromal choroidal area ratio in patients with
first-episode psychosis. The authors conclude
that while choroidal thickness is preserved,
microvascularity is abnormal in early psychosis,
even during the prodromal period (i.e., before
the appearance of clinical symptoms).

Wagner et al. (2023) conducted an original
retrospective analysis of the association
between retinal biomarkers and schizophrenia
[56]. Schizophrenia is a mental disorder char-
acterized by episodes of psychosis, including
symptoms such as hallucinations or delusions.
Although it is typically considered a neurode-
velopmental disease, many aspects are consis-
tent with a neurodegenerative model [57, 58].
Wagner et al. found that schizophrenia was
associated with reduced ganglion cell-inner
plexiform layer thickness, reduced fractal
dimension, reduced vessel density, greater tor-
tuosity, and enlarged cup-to-disc ratio. In con-
trast to prior literature [59], they did not find an
association between schizophrenia and RNFL,
comprising the axons of retinal ganglion cells,
which propagate to the optic nerve and then
project to the brain. As previously mentioned,
schizophrenia can affect multiple physiological
systems, and when the results were adjusted for
hypertension and diabetes, there was no longer
an association between schizophrenia and
retinovascular characteristics, except using an
AI-based fractal dimension estimation,
although the ganglion cell-inner plexiform
layer thickness and enlarged cup-to-disc

associations were retained. The authors con-
clude that future research combining longitu-
dinal and multimodal analysis is needed to
further understand the developmental disease
course of schizophrenia.

As mentioned in ‘‘Horseman One’’, Clausen
et al. (2023) conducted an original 20-year
cohort study investigating the association
between RAO and dementia [20]. Although they
did not find an association between RAO and
all-cause dementia or Alzheimer’s disease, they
did find an increased incidence and unadjusted
hazard ratio of vascular dementia in individuals
with RAO, demonstrating a clinically important
association between the vascular systems in the
retina and cerebrum. However, when systemic
comorbidity was accounted for, the association
was no longer significant.

Review articles identify numerous ocular
features related to neurodegenerative disease
[16, 21, 49, 59–65].

Alzheimer’s Disease
Dementia is the most feared health condition,
with Alzheimer’s disease being the most com-
mon cause. Early histological work by Hinton
et al. (1986) [66] demonstrated a reduction in
the thickness of the RNFL and the number of
retinal ganglion cells in Alzheimer’s disease. It is
therefore unsurprising that much of the current
oculomics literature on Alzheimer’s disease
revolves around OCT, which enables cross-sec-
tional visualization of the retinal layers. Thin-
ning of the inner retina (i.e., the nerve-
containing layers), as well as the overall macular
volume has been demonstrated in patients with
Alzheimer’s disease [67]. Thinning of the RNFL
has emerged as a consistent feature of Alzhei-
mer’s disease [68, 69], and is associated with
lower cognitive testing scores [70], as well as
increased risk of developing dementia [71].
Interestingly, RNFL thickness is similar between
those with mild cognitive impairment and
those with established Alzheimer’s disease,
suggesting that axonal loss occurs early in the
disease process. Combined, this evidence sug-
gests that RNFL thickness may serve as an early
predictive biomarker for Alzheimer’s disease.

In addition to RNFL thinning and ganglion
cell loss, Alzheimer’s disease is also associated
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with reduced optic nerve hemoglobin, causing
increased pallor and reduced thickness (and
greater cup-to-disc ratio) [63, 72, 73]. Choroidal
thinning [63, 74] and reduced blood flow are
also associated with Alzheimer’s disease
[63, 75], and the latter may occur prior to neu-
rodegeneration [75].

Alzheimer’s disease is characterized biologi-
cally by deposition of amyloid-beta plaques and
Tau protein in the brain, and these proteins
have also been shown to accumulate in the
retina [63, 76, 77]. Furthermore, amyloid-beta
and amyloid precursor proteins have been
detected in the ocular lens [63, 78], with com-
parable concentrations to those in the brain
[79], and are associated with supranuclear cat-
aracts [79]. Similarly, amyloid-beta has been
found in the aqueous humor with comparable
concentrations to the cerebrospinal fluid [79],
and in the vitreous humor [80]. It has been
suggested that amyloid-beta and precursor pro-
tein derivatives may be produced in the retina
and transported into the aqueous via the vitre-
ous humor [81]. Given the heightened accessi-
bility of these anterior structures, such
biomarkers are a promising target for mini-
mally/non-invasive tools.

Fluorescence measurements have demon-
strated particular utility in Alzheimer’s disease.
SLO can be used to visualize curcumin, an
amyloid-beta plaque-labeling fluorochrome
[77], and fluorescence lifetime imaging can be
used to detect endogenous fluorophores in the
retina [82]. Polarization-sensitive OCT has also
been used to identify Alzheimer’s-associated
birefringence (propagation and polarization of
light) from microtubule damage [83]. Fron-
totemporal dementia is frequently misdiag-
nosed as Alzheimer’s disease; however, outer
retinal thinning in the former (as opposed to
inner retinal thinning in the latter) may facili-
tate differential diagnosis [84, 85].

Alzheimer’s disease-related changes in the
anterior eye include greater pupil dilation
[63, 86], reduced corneal sensitivity [87], altered
density and morphology of both corneal den-
dritic cells (involved in the immune response)
[63, 88] and corneal nerve fibers [89, 90], as well
as changes in the composition of tear fluid

[91–94] (Gijs et al.’s data originates from a
conference abstract).

Parkinson’s Disease
Parkinson’s disease is associated with tremors,
stiffness, and slow movements. Like Alzheimer’s
disease, Parkinson’s disease has been associated
with thinning of several retinal layers [95–97],
as well as damage to retinal microvasculature
[98–100]. Like Alzheimer’s, Parkinson’s disease
is associated with aggregation of specific pro-
teins. Fluorescence measurements have detec-
ted alpha-synuclein aggregates in the retina of
patients [66]. In addition, tumor necrosis factor
alpha levels in the tear fluid have been shown to
be significantly higher in patients with Parkin-
son’s disease than in controls, although levels
were not linked to disease duration or severity
[101], suggesting that accumulation of this
protein may occur early in the disease process.

Huntington’s Disease
Huntington’s disease is a rare genetic disorder,
characterized by the progressive degeneration of
neurons, leading to cognitive, motor, and
behavioral impairments. Choroidal thinning
has been associated with this condition, sug-
gesting vascular involvement [102, 103].

Ultimately, there are various other forms of
dementia (in addition to Alzheimer’s, Parkin-
son’s, and Huntington’s disease), such as vas-
cular dementia, Lewy body dementia, and
Down syndrome, which can share important
common underlying molecular pathogenesis
and symptoms. However, a combined oculomic
approach to assess relative levels of proteins
(either through proteomic analysis or fluores-
cence measurements) may provide an opportu-
nity not only for screening but also for
differential diagnosis.

Multiple Sclerosis
Multiple sclerosis is a condition in which the
immune system attacks the myelin sheath (the
protective layer that surrounds nerve fibers),
which can progressively impede signaling
between the brain and the body. The RNFL is
thinner in patients with multiple sclerosis when
compared to normal healthy eyes [104–107],
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and can even be used to predict long-term dis-
ability [107]. Ganglion cell layer and whole
retinal thicknesses have been found to be the
most discriminative retinal features for diag-
nosing multiple sclerosis [108].

Multiple sclerosis has been consistently
linked with the presence of IgG oligoclonal
(immunoglobin) bands, present in cere-
brospinal fluid (CSF); the retrieval of CSF is
achieved through lumbar puncture, which is a
highly invasive (and painful) procedure. How-
ever, tear fluid may offer a minimally invasive
alternative for detection of IgG using pro-
teomics [109]. The literature is mixed, with
some studies finding significant differences in
IgG levels between patients with multiple scle-
rosis and normal controls [109–112], and others
finding either no significant differences [113] or
a lack of disease-specificity (with IgG being
associated with other neurological disorders
[111], central nervous system infections [113],
systemic immune disorders [113], and radio-
logically isolated syndrome [114]). However,
proteomic analysis has revealed differential
expression of multiple tear fluid proteins, most
notably, alpha-1-antichymotrypsin (an acute
inflammatory protein) [115], warranting further
investigation into the sensitivity and specificity
of the various proteins present in the tear fluid
(and perhaps elsewhere in the eye).

Amyotrophic Lateral Sclerosis
Amyotrophic lateral sclerosis is characterized by
a gradual weakening of muscles, ultimately
leading to death from respiratory failure. The
condition has been associated with inner
nuclear layer thinning [116], as well as
increased choroidal and outer wall thickness of
retinal vessels [117].

Schizophrenia
Schizophrenia is increasingly recognized as a
systemic disease and associated with dysregula-
tion in multiple physiological systems, such as
cardiovascular, immune, and endocrine. Nota-
bly, cardiovascular disease accounts for
approximately 40% of deaths in those with
schizophrenia [118]. Both OCT and OCTA have
revealed changes in retinal thickness and

microvasculature respectively. Thinning has
been observed in the macula and RNFL [119],
ganglion cell layer [120], photoreceptor layer
[121], and choroid [122], and evidence from
magnetic resonance imaging suggests that reti-
nal changes in schizophrenia are linked to
structural changes in the brain and cognitive
impairment [123]. Specific layers of the retina
have shown both decreased and increased
microvascular density (using OCTA) [124],
which may help to stratify patients in terms of
risk.

The cornea also shows schizophrenia-related
changes, such as reduced volume and thickness
[125], reduced corneal nerve fiber density,
length, and branching [89], as well as elevated
temperature, which may be linked to
dopaminergic transmission [126]. Schizophre-
nia is also associated with reduced volume and
depth of the anterior chamber (containing the
aqueous humor) and increased lens thickness
[125], which (again) may be attributable to the
emmetropization effect of dopamine, although
genetic factors cannot be ruled out.

Traumatic Brain Injury (TBI)
Although TBI is acquired through external
force, the ensuing pathophysiological changes
can lead to chronic neurodegeneration. The
most frequent victims of TBI are infants
(\4 years), young adults (15–25 years), and the
elderly (65? years). There are a variety of
emerging diagnostic techniques for TBI, one of
the most relevant being OCT [61]. TBI is asso-
ciated with retinal ganglion cell loss [127], as
well as reduced retinal vasculature [128]. There
are also proteins present within biofluids that
increase in concentration in the chronic phase
of TBI, such as P-Tau, T-Tau, amyloid-beta, and
TAR DNA-binding protein 43 [129], which
could offer opportunities for minimally invasive
monitoring.

One consistent feature shared across differ-
ent neurodegenerative diseases is retinal thick-
ness. Although this could provide a valuable
biomarker for screening, the lack of specificity
limits its use as a diagnostic tool. Protein accu-
mulation, on the other hand, shows greater
specificity and, consequently, greater promise
as a target for oculomics. In addition, the
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presence of changes in numerous ocular struc-
tures holds immense potential for differential
diagnosis. The use of multimodal imaging,
combined with AI analysis techniques, is
therefore likely to prove transformative for early
detection of neurodegenerative disease.

Horseman Four: Metabolic Disease

Metabolic disease refers to any condition that
affects the normal functioning of the body’s
metabolism (processing, storing, and accessing
the body’s fuel). Although metabolic disease is
often not a direct cause of death, this Horseman
acts as a willing stablemate for the three other
Horsemen (as well as other systemic condi-
tions). Perhaps the most conspicuous condition
in this category is diabetes, which is the focus of
most metabolic oculomic research.

Alé-Chilet et al. (2021) published an original
report on features of OCTA that are associated
with diabetic kidney disease [130]—one of the
many complications of diabetes. Diabetic kid-
ney disease usually develops 5 years after type 1
diabetes diagnosis and occurs in 20–40% of
patients with diabetes. The authors demon-
strated significantly decreased vessel density
and foveal avascular zone circularity in patients
with diabetic kidney disease when compared to
non-diabetic controls, with the latter metric
showing potential as a biomarker for diabetic
kidney disease risk and progression.

In another original report by the same group
[131], Bernal-Morales et al. (2021) describe the
association between OCT/OCTA and glycated
hemoglobin (HbA1c), which has been the key
measure of glycemic (blood sugar) control in
patients with diabetes for the last 20 years.
Patients with type 1 diabetes were classified by
both HbA1C level (control\ 6.5%, and two
levels of diabetes: 6.5–7.5% and [7.5%) and
presence/absence of diabetic retinopathy—an-
other of the many complications of diabetes.
For patients with diabetic retinopathy, OCT
revealed that increasing HbA1c levels were
associated with greater macular central thick-
ness, which may be a precursor to diabetic
macular edema [132]. For patients without dia-
betic retinopathy, OCTA revealed that

increasing HbA1c levels were associated with
lower vessel density. When taking the group of
patients with diabetes but no retinopathy as a
whole, there was a significant correlation
between HbA1c level and foveal avascular zone
circularity. The authors suggest that OCTA may
be a more effective tool for monitoring type 1
diabetes in early stages and OCT may have
greater utility in later stages of disease.

Kim et al. (2022) published an original article
describing a deep learning approach for predic-
tion of sarcopenia [133]. Sarcopenia is linked to
glucose metabolism and characterized by a
gradual loss and dysfunction of skeletal muscle
mass, which ultimately leads to metabolic and
endocrine abnormalities [134]. The authors
included various ophthalmologic examina-
tions, including both anterior and posterior
ocular features, and found that two measures of
upper eyelid position (marginal reflex distance
and levator muscle function) and the presence
of cataracts were significant predictors of sar-
copenia risk; the latter has implications for the
pathophysiology of sarcopenia. However, these
ocular measurements only accounted for
10–15% of the overall prediction.

Clausen et al.’s (2023) study on RAO (already
discussed in ‘‘Horseman One’’ and ‘‘Horseman
Two’’) found that individuals with RAO had an
increased likelihood of diabetes, demonstrating
the comorbid nature of metabolic disease [20].

Review articles on the topic of oculomics in
metabolic disease have focused primarily on
deep learning for the detection of retinal fea-
tures, as well as fluid biomarkers for hyper-
glycemia (high levels of sugar in the blood) and
diabetes [21, 24, 49]. Deep learning models have
demonstrated mixed performance in estimating
hyperglycemia from retinal fundus images
[28, 33, 135]. However, Zhang et al. were able to
discriminate patients with self-reported hyper-
glycemia from normal controls [35]. Deep
learning has been shown to predict type 2 dia-
betes before any apparent clinical manifestation
of diabetic retinopathy, as well as quantify gly-
cemic levels, using just retinal fundus images
[136]. In addition, the algorithm was able to
predict type 2 diabetes from images captured
through smartphones. Such work provides
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promise for the future of home-monitoring for
those at risk of developing diabetes.

Tear fluid is another potential source of
biomarkers for diabetes, with evidence of alter-
ations in both the sugar profile [137] and pro-
tein expression, notably lipocalin-1, heat shock
protein 27, and beta-2 microglobulin [138], in
diabetes. Levels of nerve growth factor have also
been shown to correlate positively with blood
glucose and glycated hemoglobin levels, dura-
tion of diabetes, and diabetic kidney disease
[139]. This is somewhat counterintuitive, given
that broader research has found a positive
association between diabetes, neuropathy, and
nerve growth factor deficiency [140]. However,
differences in methodologies, disease stage,
demographics, and comorbidities may have a
confounding effect on fluid composition, war-
ranting further research to ascertain its clinical
utility for diabetes detection in tears (or indeed
elsewhere in the eye).

Caveats and Challenges

Firstly, this review used relatively simple search
criteria, and some relevant studies on oph-
thalmic biomarkers and the Four Horsemen in
question will likely have been omitted as a
result. However, the inclusion of review articles
to identify additional relevant studies has
facilitated broader capture of the literature. As
such, although the search terms were used to
identify literature to include as a necessity (and
to summarize in Table 1), additional studies
cited within the literature have been included
where they were deemed to add further value.
Similarly, the review has been limited purposely
to the Four Horsemen of chronic disease. It
must be noted that there are other chronic
diseases that may be addressed through ocu-
lomics, such as sickle cell disease [141]. More-
over, oculomics is likely to have utility in
detecting and monitoring other systemic con-
ditions that are not classed as chronic, such as
sepsis [142], as well as the effects of certain
treatments [143].

Secondly, it should be noted that a given
‘‘Horseman’’ does not always ride alone, and is
often accompanied by one or more of the other

Four Horseman. The fourth, in particular—
metabolic disease—appears to enjoy the com-
pany of his fellow riders. As stated by Barriada
and Masip [23], one of the most successful pre-
dictors of cardiopathies is the presence and
degree of diabetic retinopathy. So, although this
review is organized by disease type for clarity,
the reality of chronic disease is more convo-
luted. Likewise, many of the biomarkers them-
selves (particularly observations relating to
retinal thickness) are not disease-specific
(Table 1). For example, increased cup-to-disc
ratio has been associated with both cardiovas-
cular disease and Alzheimer’s disease
[24, 60, 64], as well being a hallmark of glau-
coma. Indeed, many of the biomarkers dis-
cussed here in relation to systemic disease may
also be indicative of retinal disease, such as
RNFL thinning in glaucoma and optic neu-
ropathy [60], so caution is warranted when
attempting to draw diagnostic conclusions
based on a single biomarker. Despite this, the
efficiency and non-invasive nature of oph-
thalmic techniques make them an invaluable
screening tool for personalized and precision
medicine by identifying those who would ben-
efit from further investigation.

Thirdly, a recurring problem introduced by
deep learning algorithms is their ‘‘black-box’’
nature. From a research perspective, simply
characterizing an image as ‘‘diseased’’ does not
improve scientific understanding of disease
mechanisms. Furthermore, from a clinical per-
spective, the lack of verification that the algo-
rithm’s output is based on identifiable and
explainable image characteristics precludes
scrutiny and reduces trust. Improvements in
model visualization methods may help to pro-
mote clinical adoption [144]. Marked hetero-
geneity in vendor-specific devices (and their
corresponding proprietary file formats) presents
another hurdle for image comparison [145],
impacting the generalizability of AI models.
Lack of standardization of protocols (e.g., pupil
dilation, scaling according to axial length) and
varying image quality can further impact fea-
ture detection, introducing additional chal-
lenges for conducting meta-analyses on retinal
indices.
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Finally, for brevity, this review has not (with
a few relevant exceptions) attempted to cover
risk factors for disease, such as age, sex, smoking
status, body mass index, etc. [16, 21, 24].
However, such factors can significantly improve
predictive outcomes, particularly when inte-
grated with AI and large datasets. The scope of
this review is also limited to structural (rather
than functional) biomarkers. Functional
biomarkers are likely to have most utility in
diagnosis and monitoring of neurodegenerative
conditions [60], but may be relevant to other
systemic diseases. Despite striving for simplicity
in this review, it is necessary to acknowledge
that an holistic approach may provide the most
effective defense against the Four Horsemen,
with oculomics being one weapon in the
armory.

Insights

Despite the limitations of the current review, it
has highlighted some of the major recent find-
ings in oculomics research in relation to chronic
disease. In particular, neurodegenerative disease
is a highly promising target for oculomics, as
biomarkers have been shown both to be present
in several ocular structures (Table 1) and to have
higher specificity than biomarkers for other
disease types. Cardiovascular and metabolic
disease are also promising targets, although
oculomics may be better placed as a screening
and monitoring tool, in conjunction with other
clinical data that can assist with a differential
diagnosis. In contrast, cancer appears to be a
less promising target as, although it is classed as
a systemic disease, it is typically organ/tis-
sue/cell-specific, and therefore likely to have
fewer ocular manifestations.

Oculomics has benefits over many other,
more-invasive, diagnosis and monitoring tech-
niques for systemic diseases, thus lending itself
to rapid screening efforts. Although many ocu-
lar features are common across diseases, others,
such as specific proteins that characterize neu-
rodegenerative diseases [60], may provide more
attractive alternatives for identifying patients
and those at risk of developing disease. Future
elucidation of the features used by deep

learning algorithms may identify further fea-
tures that can be used to predict disease risk,
such as glycemic levels [35], the measurement
of which is currently performed routinely and
invasively.

Oculomics is likely to continue at a galloping
pace in the screening, diagnosis, and monitor-
ing arena; not least because it offers a less
invasive, and thus more patient-friendly, alter-
native to many other techniques. Given the
significant cost of many current in vivo tech-
niques for detection of biomarkers, diagnosis
using oculomic techniques is likely be more
cost-efficient in many cases. Prices in the USA
vary widely between locations, providers, and
insurance status. However, as an example,
positron emission tomography computed
tomography (PET-CT), used for both cancer and
dementia diagnosis, costs the UK National
Health Service approximately £800 per scan
(according to the NHS National Tariff, Novem-
ber 2022). An OCT scan, in comparison, can be
conducted privately by a high street optician in
the UK for as little as £10. Given that sight is the
most valued sense (in the UK [146]), it may be
leveraged to engage with those who would
otherwise choose not to attend regular screen-
ings for systemic disease with their healthcare
provider. Similarly, greater accessibility to ocu-
lar imaging tools provides opportunities for new
patient pathways, such as high street opticians,
or specialty departments, such as neurology.
With the development of non-invasive, hand-
held imaging tools with high patient accep-
tance, national screening programs become a
more viable and cost-effective option; such
programs could be conducted in schools, nurs-
ing homes, libraries, and other community set-
tings, thereby increasing accessibility and
reducing inequality.

Chronic disease is a particularly worthy focus
for oculomics, as it is often associated with
known risk factors (such as age and body mass
index), enabling targeted (and thereby cost-ef-
fective) screening efforts in at-risk populations.
Moreover, being chronic by definition, such
diseases require frequent and long-term moni-
toring. The benefits to patients and wider soci-
ety of effective, non-invasive, and cost-efficient
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oculomic techniques are thereby compounded
over the course of disease.

Tellingly, the majority of publications (12/
21) featured the use of AI. Its broad use in recent
work illustrates its power and utility in analyz-
ing large datasets. Widespread adoption of
electronic health records connected to digital
platforms for imaging and other ophthalmic
data has increased the accessibility of data to
researchers [147]. This vastly reduces the burden
on researchers to acquire data—instead they can
leap straight to the analysis stage using biobank
data. Given ongoing advances in imaging
techniques, offering higher resolution, AI tools
are likely to become increasingly reliable, facil-
itating discovery of novel ophthalmic
biomarkers of systemic diseases.

A major advantage of AI is that it can be used
to identify qualitative ocular features of sys-
temic disease, such as the microaneurysms of
diabetes, the hemorrhages of hypertensive
retinopathy, the sea-fans of sickle cell, to name
a few. Moreover, for risk stratification, there is a
need to detect more subtle features, such as
caliber of blood vessels and thickness of the
ganglion cell-inner plexiform layer. Measure-
ment of these indices is challenging and best
achieved with deep learning methods, in which
measurement error is significantly reduced. AI
also offers more rapid interpretation and
deployment, providing patients/clinicians with
an immediate actionable output.

Finally, deep learning can highlight features
not previously considered by humans. One
example is that excellent discrimination
between males and females can be achieved
through deep learning [28]. Deep learning has
also revealed features of external eye photos,
such as conjunctival vessel changes, that are
indicative of diabetes [148], demonstrating the
strength of AI over manual assessment.

All but two of the publications discussed
here mentioned the use of retinal images. This
likely reflects the significance of the investment
in large databases and AI tools to assist with
analysis of retinal images, as well as the rich and
varied information that the retina holds. What
is interesting, however, is the lack of any men-
tion of the iris or ciliary muscles. Having a
muscular component, it is not unreasonable to

speculate that the ciliary muscles or iris may
serve as a potential target for neurodegenerative
disease biomarkers. Seven publications men-
tioned the use of biofluids (tear fluid, aqueous
and vitreous humors), within which protein
composition may offer a more disease-specific
biomarker than many retinal features. Ocular
biofluids were discussed in relation to cancer,
neurodegenerative disease, and metabolic dis-
ease, but they may also have utility in detecting
cardiovascular disease. Given that the aqueous
and vitreous humors are derived from plasma
that allows transportation of lipid-soluble sub-
stances through diffusion, it may be possible to
detect high levels of fat in the blood, such as in
dyslipidemia. Similarly, water-soluble sub-
stances, such as glucose, which are transported
into the humors through ultrafiltration, could
be used to detect biomarkers for metabolic dis-
ease, such as diabetes. Notably, however, all the
biofluid-related publications included here used
analysis of biological samples, requiring physi-
cally contacting (and sometimes invasive)
retrieval/extraction. Alternative solutions, using
non-contact optical measurement of ocular
fluids, such as the aqueous humor [149], present
a tantalizing opportunity for non-invasive
monitoring of diseases, such as diabetes.

Although ophthalmic techniques, such as
fundus photography and OCT/A, have demon-
strated versatility in biomarker detection, ocu-
lomics would also benefit from active design,
development, and optimization of instruments
that target specific disease signatures. We
believe that, in order for the next generation of
ocular imaging/measurement tools to make the
most impact, they should be compact, non-
contacting, easy to use, and affordable. Such
features will reduce the burden on clinicians,
enabling deployment into the community by
personnel with minimal training, thus improv-
ing accessibility. Such endeavors would facili-
tate earlier detection, prevention, and
treatment of systemic disease, thereby improv-
ing long-term patient outcomes and reducing
costs related to treatment of serious (and often
lifelong) illness.
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CONCLUSION

As the adage goes: ‘‘prevention is better than
cure’’ and, arguably, never has there been a
more pertinent application than chronic dis-
ease. Not only does prevention of chronic dis-
ease vastly improve an individual’s longevity
(both lifespan and healthspan) but there are
also significant societal benefits to keeping the
Four Horsemen at bay. Chronic disease can
have a devastating impact on families and
friends, many of whom bear an unquantifiable
financial and emotional burden to care for
those who are afflicted.

As a society, we must prioritize preventative
medicine, both in terms of lifestyle and primary
care. Cost-effective and accessible screening and
monitoring tools are fundamental to achieving
this. There is an urgent need to drive policy
change in the approach to healthcare beyond
short-term achievements (i.e., to treat symp-
toms) towards long-term goals (i.e., to prevent
the need for treatment). By improving the effi-
ciency, accessibility, and usability of tools for
screening, diagnosing, and monitoring patients,
we move one step closer to putting the Four
Horsemen of chronic disease out to pasture.
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