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Abstract: This systematic review explores the use of artificial intelligence (Al) in the analysis of biofluid markers in age-related
macular degeneration (AMD). We detail the accuracy and validity of Al in diagnostic and prognostic models and biofluid markers that
provide insight into AMD pathogenesis and progression. This review was conducted in accordance with the Preferred Reporting Items
for a Systematic Review and Meta-analysis guidelines. A comprehensive search was conducted across 5 electronic databases including
Cochrane Central Register of Controlled Trials, Cochrane Database of Systematic Reviews, EMBASE, Medline, and Web of Science
from inception to July 14, 2021. Studies pertaining to biofluid marker analysis using Al or bioinformatics in AMD were included.
Identified studies were assessed for risk of bias and critically appraised using the Joanna Briggs Institute Critical Appraisal tools. A
total of 10,264 articles were retrieved from all databases and 37 studies met the inclusion criteria, including 15 cross-sectional studies,
15 prospective cohort studies, five retrospective cohort studies, one randomized controlled trial, and one case—control study. The
majority of studies had a general focus on AMD (58%), while neovascular AMD (nAMD) was the focus in 11 studies (30%), and
geographic atrophy (GA) was highlighted by three studies. Fifteen studies examined disease characteristics, 15 studied risk factors, and
seven guided treatment decisions. Altered lipid metabolism (HDL-cholesterol, total serum triglycerides), inflammation (c-reactive
protein), oxidative stress, and protein digestion were implicated in AMD development and progression. Al tools were able to both
accurately differentiate controls and AMD patients with accuracies as high as 87% and predict responsiveness to anti-VEGF therapy in
nAMD patients. Use of Al models such as discriminant analysis could inform prognostic and diagnostic decision-making in a clinical
setting. The identified pathways provide opportunity for future studies of AMD development and could be valuable in the advance-
ment of novel treatments.

Keywords: artificial intelligence, biofluid, age-related macular degeneration, diagnosis, pathogenesis

Plain Language Summary

Age-related macular degeneration (AMD) is the leading cause of blindness in developed countries and has a projected global
prevalence of 288 million in 2040. Despite its prevalence, there are no well-established causes of AMD and no easy way of predicting
its progression. Artificial intelligence (Al) allows for the study of the thousands of molecules within ocular fluids, which could enable
a better understanding of the causes of AMD. This, in turn, could support the development of clinical tools and spur therapeutic
advances. In this systematic review, we present studies that used Al to analyze ocular biofluid markers in AMD. Our results indicate
that biological processes such as altered lipid metabolism, inflammation, oxidative stress, glycerophospholipid pathway, and protein
and mineral absorption were involved in AMD development and progression. However, variability in the studies and the patient
populations prevented identification of a singular characteristic marker for AMD. Al tools were able to differentiate between AMD
patients and controls, an application that could be used in both screening and diagnosis of AMD. Further, Al was able to predict how
well a patient may respond to AMD therapy, another application that could augment existing clinical tools and inform decision-making
by healthcare professionals.
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Introduction

Age-related macular degeneration (AMD) is the leading cause of blindness in developed countries, with a projected
prevalence of 288 million in 2040."> With a growing elderly population in many parts of the world, solutions to improve
screening, prevention, and management of AMD are crucial.'> Novel technologies have been applied in AMD clinical
tools and research efforts to address this growing need and have demonstrated strong initial results.*” While research has
identified molecular etiologies in AMD development, including lipofuscin accumulation in retinal pigmented epithelial
cells, choroidal ischemia with vascular endothelial growth factor (VEGF) involvement, oxidative stress, and genetic
factors, no clear pathogenic mechanism to direct treatment or prevention has emerged.* ' Pathogenic biomarkers are
contained in biofluids such as serum, tears, aqueous humour and vitreous humour, which can be obtained in both clinical
and surgical settings. As the relationships between fluid biomarkers and clinical characteristics are complex and often
present within highly dimension data sets, artificial intelligence (AI) provides an opportunity to uncover meaningful
associations not possible by traditional analytical methods.

Al has already been applied in AMD research and clinical tool development, with compelling research efforts focused
on screening, treatment, prognosis, and structure-function mapping of the retina.*”'"'? Supervised Al techniques,
including discriminant analysis or artificial neural networks, are trained using defined cases and learn to classify groups
or predict outcomes.'®'*>"'* In contrast, unsupervised Al techniques such as hierarchical cluster analysis and principal
component analysis (PCA) are adept at determining trends in highly dimensional data as they can group unlabeled data
based on similarities or differences and find associations between variables in large data sets.'®!” Bioinformatics tools
such as pathway analysis translate complex findings into interpretable information. To date, Al use in the context of
AMD has been primarily for review of fundus photography, optical coherence tomography, and other ocular imaging
modalities.>>'®! However, AI application is expanding to biofluid biomarker analysis, enabling improved exploration
of molecular AMD etiology, which could support an array of AMD clinical tools and spur therapeutic advances.”*>*

Clinical tools built with Al could allow for mass screening of AMD, earlier intervention and monitoring, and
subsequently, improved personalized treatments for better patient outcomes.'*? Imaging-based Al tools could be aug-
mented by the inclusion of biofluid biomarkers, allowing for more robust tool creation, further exploration of disease
pathogenesis, and the development of targeted therapeutics.”* >* Herein we aim to systematically review the available
literature and describe the application of Al and bioinformatics in the analysis of biofluid biomarkers in AMD. This
review will provide a detailed analysis of the types of Al and bioinformatics tools applied to biofluid markers in AMD,
synthesize evidence regarding biomarkers implicated in AMD development and progression, and identify areas for future
studies.

Methods

This systematic review was conducted in accordance with the Preferred Reporting Items for a Systematic Review and
Meta-analysis (PRISMA) guidelines.”> The protocol was registered in PROSPERO (reg. CRD42020196749). Ethics
approval from our Institutional Review Board was not required as this is a systematic review of published studies and
does not involve human subjects. This systematic review is part of a series of systematic reviews on Al/bioinformatic
analysis of biofluid biomarkers in ophthalmology. The primary outcome was to report the applications of Al in the
analysis of biofluid markers in AMD.

Eligibility Criteria for Considering Studies for This Review

Study selection inclusion criteria were: (1) original peer-reviewed studies analyzing biomarker concentrations to predict
or modify patient therapy or outcome/diagnosis in ophthalmic conditions; (2) biomarker analysis utilized Al and/or
bioinformatics approaches; (3) biomarker samples were gathered from vitreous fluid, aqueous fluid, tear fluid, plasma,
serum, or ophthalmic biopsies; (4) biomarker samples were of a protein, lipid, or metabolite; (5) studies using regression
analysis (the simplest form of AI) were either longitudinal or applied their findings to change treatment or prognosis in
the study populations. Note, studies that combined biofluid biomarkers with other types of biomarkers (eg imaging) in
their analysis were included, as were studies using complex Al (supervised, unsupervised, bioinformatics) that were not
longitudinal or did not directly apply findings to the study population. Study selection exclusion criteria were: (1) study
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only examined ophthalmic diseases that affect pediatric patients (eg retinopathy of prematurity); (2) studies on non-
human subjects (animal or cell studies); (3) studies only analyzing post-mortem samples from eyes; (4) non-English
studies; (5) abstracts, reviews, systematic reviews, and meta-analyses. Lastly, all articles in which AMD was the main
disecase of interest were selected for analysis in this review.

Search Methods for Identifying Studies

The search strategy was developed in consultation with an experienced librarian. A comprehensive search was conducted
across five electronic databases (EMBASE, Medline, Cochrane Central Register of Controlled Trials, Cochrane Database
of Systematic Reviews, and Web of Science) for all articles meeting the inclusion and exclusion criteria from inception to
August 11, 2020, and was updated on July 14, 2021. The search used both controlled vocabulary terms and synonymous
free-text words to capture the concepts of “ophthalmology”, “Al/bioinformatics”, and “proteomics, metabolomics,
lipidomics.” No language or study design restrictions were placed on the search, although non-English studies were
excluded manually during the article selection process. Gray literature indexes were searched through EMBASE.
Supplemental Materials 1 details the full search strategy for all databases. Additionally, hand searching of references

of the included studies for relevant articles which may have not been captured in the search was performed. Covidence
software (Melbourne, Australia) was used to manage studies and eligibility status.

Study Selection

Abstracts and titles and subsequent full-text review were screened by two independent reviewers. Disagreements between
the reviewers were resolved and adjudicated by a third independent reviewer. Data extraction was performed by one
reviewer, with 10% of the extractions verified by a second independent reviewer to ensure agreement and consistency
between data extractors.

Data Collection and Risk of Bias Assessment

Data extraction for each article included study population demographics, biofluid markers analysed, description of the Al
or bioinformatics tool(s) used in the study, the reason for Al or bioinformatics tool selection, and the overall findings/
conclusions of each study. The Joanna Briggs Institute Critical Appraisal Tools (Faculty of Health and Medical Sciences
at the University of Adelaide, South Australia) were utilized for risk of bias and quality assessment.?® The Joanna Briggs
Institute Critical Appraisal Tools consists of questions that can be scored as “yes”, “no”, “unclear”, or “not applicable”,
with “yes” indicating that the study adequately addressed a specific domain of bias. Study risk of bias was assessed by
one reviewer, with 10% of the risk of bias assessments verified by a second, independent reviewer to ensure consistency
between assessors. Articles were scored as high risk of bias if they had <49% of questions scored “yes”, moderate risk of

bias if 50-79% of questions scored “yes”, and low risk of bias if >80% of questions scored “yes.”*’

Data Synthesis and Analysis

Descriptive synthesis of evidence was undertaken for all included studies. Meta-analytic methods were not employed
given the heterogeneity of study designs, the Al tools used, and the biomarkers implicated. The results detailed the
proportions of study type, country of publication, and type of Al analysis used. We also synthesized the accuracy of any
predictive Al models and the common applications of each Al class. Further, the biomarkers and pathways that are
implicated in AMD development, progression, and treatment were described.

Included studies were categorized according to study objectives and type of Al methodologies utilized. Studies were
classified based on study purpose into the following categories: 1) Disease Characteristics; 2) Risk Factors; and 3)
Treatment Decisions. Studies characterized as Disease Characteristics detailed untargeted exploration of AMD biomar-
kers with the intention of exploring the pathogenic mechanism of AMD or the factors that influence AMD progression.
Amongst the studies classified under Risk Factors, the impact of a specific biomarker or set of biomarkers on AMD
development, progression, or diagnosis were examined. Finally, the Treatment Decisions studies sought to predict
outcomes following treatment selection or guide selection of therapeutic or surgical options using biomarkers.
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Results

Study Characteristics

A total of 10,264 articles were retrieved by the search from all databases combined. After removal of duplicates, 37
papers met the inclusion criteria (Figure 1). Study designs included 15 cross-sectional studies (40.5%), 15 prospective
cohort studies (40.5%), five retrospective cohort studies (13.5%), one randomized controlled trial (2.7%), and one case—
control study (2.7%; Table 1). There was a global distribution of the included studies, with the largest shares conducted in
the USA (30%), the Netherlands (14%), Japan (11%), and China (11%). With regard to study design, 15 studies
examined Disease Characteristics, 15 studied Risk Factors, and seven guided Treatment Decisions. The majority of
studies focused on AMD more generally (58%), while neovascular AMD (nAMD) was the focus in 11 studies (30%), and
geographic atrophy (GA) was highlighted by three studies (7%). Additional study characteristics are contained within
Supplemental Table 1.

Biofluid Markers

Blood-derived biofluids made up most of the biofluids analyzed, with 17 studies (46%) using serum samples and 10
analyzing plasma (27%). Ocular biofluid analysis was predominantly of aqueous humour (8 studies, 22%), with only
one study analyzing vitreous humour (3%). One study did not specify the biofluid that markers were derived from.
A large proportion of the included studies examined biofluid markers with the goal of determining markers

)
= .
'é Records identified from database Artlcle's rémoved before
s . screening:
= searching >
= _ Duplicate records removed
2 (n=27102) (n=17438)
—
Articles screened » | Articles excluded
(n=10264) (n=9110)
Full-text articles assess for Full-text articles excluded, with reasoning
of eligibility > (n=1117):
£ (n=1154)
g e Not related to AMD (n = 857)
& e Non-outcomes focused study (n = 144)
e No Al or bioinformatics used in
analysis (n = 34)
e Not ophthalmology related (n = 19)
e Restricted to genomic/transcriptomic
biomarkers (n = 14)
e Meta-analysis/systemic review/review
(n=10)
— e Restricted to non-biofluid biomarker
(n=13)
e Non-English (n=13)
Studies included in systematic e Did not report results (n = 4)
review (n =37) e Repeat study (n=4)
e Post-mortem human samples (n = 2)
e Extraocular disease (n=1)

Figure | PRISMA flowchart diagram for study identification and selection.

Notes: PRISMA figure adapted from Page M), McKenzie JE, Bossuyt PM, et al. The PRISMA 2020 statement: an updated guideline for reporting systematic reviews. BMJ.
2021;372:n71. Creative Commons.?®

Abbreviations: AMD, age-related macular degeneration; Al, artificial intelligence.
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Table | Summary Characteristics of Included Studies

First Author, Study Disease Type Country of Study Sample Size Classes Statistical, Al, Bioinformatics Biofluids | Biomarker(s) Significant Biomarker(s) and Key
Publication Year Design (Other Publication Purpose of Al Methods Analyzed Pathways
Diseases
Studied)
Acal',l'3 2020 Cross- AMD Netherlands Disease 6608 2 Unsupervised: PCA Statistical method: Plasma Metabolic 146 metabolites, including those involved in
sectional characteristics Univariate logistic regression, linear profile large and extra-large HDL subclasses, VLDL,
regression amino acid 73, citrate, complement activation
Arai*® 2020 Prospective AMD, nAMD, Japan Treatment 48 | Statistical method: Multiple regression Aqueous Cytokines MCP-1, IL-10 (baseline BCVA); MCP-1,
cohort PCV decisions analysis humor CXCLI3 (better BCVA in 12 months); MMP-9,
CXCLI2, IL-10 (increased number of
injections required)
Boekhoorn,” 2007 Prospective AMD Netherlands Risk factors 4606 | Statistical method: Cox proportional Serum CRP CRP
cohort hazards regression
Buch,*® 2005 Prospective AMD Denmark Risk factors 359 | Statistical method: Univariate logistic Serum Limited lipid Total cholesterol, apolipoprotein Al,
cohort regression, multivariate logistic profile apolipoprotein B
regression
Chaker;*' 2015 Prospective AMD Netherlands Risk factors 5573 | Statistical method: Cox proportional Serum Thyroid Free thyroxine
cohort hazards regression markers
Cougnard- Prospective AMD France Risk factors 963 | Statistical method: Generalized Serum Lipids HDL
Gregoire,*> 2014 cohort estimating equation logistic regression
Gao,'® 2020 Prospective nAMD Singapore Treatment 100 4 Supervised: PCA Unsupervised: OPLS- Serum Metabolic LysoPC (18:2), PS (18:0/20:4),
cohort decisions DA Bioinformatics: Pathway analysis profile glycerophosphocholine
Statistical method: Logistic regression
Han,* 2020 Cross- wAMD China Disease 46 (20 cataract 3 Supervised: PCA Unsupervised: OPLS- Agqueous Metabolic Deoxycarnitine, N6, N6, Né-trimethyl-L-
sectional characteristics controls, 26 wAMD) DA Bioinformatics: KEGG humor profile lysine, glycine betaine, itaconic acid, cis-
aconitate, 5-aminopentanoic acid, norleucine,
L-phenylalanine, carnitine, y-glutamylglutamine,
hetisine, 3-phenyllactic acid, LPC 18:2,
coumaroyl agmatine, N-acetylhistidine,
creatine, N-fructosyl isoleucine, L-proline
(Carnitine-associated mitochondrial oxidation
pathway, carbohydrate metabolism pathway,
activated osmoprotection pathway)
Joachim,* 2015 Prospective AMD Australia Risk factors 3654 | Statistical method: Discrete logistic Serum Limited lipid None
cohort regression models profile
jonasson,” 2014 Prospective AMD, GA Iceland Risk factors 2868 | Statistical model: Multivariate logistic Serum Cardiovascular HDL-cholesterol
cohort regression health profile
Kersten,* 2019 Cross- AMD Netherlands Disease 144 (72 cases, 72 2 Supervised: sPLS-DA Statistical Serum Metabolic Glutamine, glutamate, glutaminolysis,
sectional characteristics control) method: Logistic regression profile phosphatidylcholine diacyl C28:1 (PC aa
C28.1)
Klein,*” 2019 Prospective AMD USA Risk factors 4972 | Statistical method: Logistic regression, Serum Limited lipid None
cohort linear regression, multi-state Markov profile
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Table | (Continued).

Cross- AMD (idiopathic Netherlands Disease 175 Supervised: Decision tree Aqueous Proteomic IL-10, IL-21, ACE
sectional non-infectious characteristics Unsupervised: Hierarchical cluster humor profile
uveitis, primary analysis Statistical method: SMOTE,
vitreoretinal k-nearest neighbors
lymphoma,
rhegmatogenous
retinal
detachment)
Randomized nAMD Hong Kong Treatment 50 Statistical method: Multivariate logistic Agqueous VEGF, PEDF Baseline VEGF
control trial decisions regression humor
Cross- AMD USA Disease 120 Unsupervised: PCA Statistical method: Plasma Metabolic 87 differentially expressed metabolites (48
sectional characteristics Multivariate logistic regression profile across all AMD stages), including linoleoyl-
Bioinformatics: Pathway analysis arachidonoyl-glycerol, stearoyl-arachidonoyl-
glycerol, oleoyl-arachidonoyl-glycerol, |-
Palmitoyl-2-arachidonoyl-GPC, |-stearoyl-2-
arachidonoyl-GPC, adenosine,
glycerophospholipid pathway
Cross- AMD USA Disease 491 (196 with 47 Unsupervised: PCA Bioinformatics: Plasma Proteomic 28 metabolites, including those from the
sectional characteristics controls in Boston, Pathway analysis, KEGG Statistical profile lycerophospholipid, purine, taurine,
295 with 53 controls method: Multivariate logistic regression hypotaurine, and nitrogen metabolism
in Portugal) pathways
Cross- wAMD China Disease 40 (20 AMD, 20 Supervised: PLS-DA Unsupervised: Plasma Metabolomic N-Acetyl-L-alanine, N1-Methyl-2-pyridone-5-
sectional characteristics controls) PCA, hierarchical cluster analysis profile carboxamide, L-tyrosine, L-phenylalanine,
Bioinformatics: KEGG L-palmitoylcarnitine, L-methionine, L-Arginine,
isomaltose, hydrocortisone, biliverdin
Cross- AMD USA Disease 30 (10 AMD, 10 GA, Bioinformatics: Pathway analysis Plasma Proteomic AMD: Vinculin, CD177 AMD pathways: Cargo
sectional characteristics 10 cataract controls) Statistical method: Linear regression profile trafficking to the periciliary membrane,

FGFR3b ligand binding and activation, VEGF
binds to VEGFR leading to receptor
dimerization/VEGF ligand-receptor
interactions, common pathway of fibrin clot
formation GA: Neuroregulin 4, soluble
intercellular adhesion molecule-1 GA
pathways: SHC| events in ERBB4 signaling,
PI3K events in ERBB4 signaling, SHC| events in
ERBB2 signaling, GRB2 events in ERBB2
signaling, nuclear signaling by ERBB4, NADE
modulates death signaling, PI3K events in
ERBB2 signaling, signaling by BMP, interleukin
receptor SHC signaling, regulation of beta-cell
development, regulation of commissural axon
pathfinding by SLIT and ROBO, reversible
hydration of carbon dioxide, tetrasaccharide
linker, cooperation of PDCL (PhLPI) and
TRIiC/CCT in G-protein beta folding, ERBB4
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Lynch,42 2020 Cross- AMD USA Disease 109 Bioinformatics: Pathway analysis Plasma Proteomic TCLIA, CNDPI, lysozyme C, TFF3, RNAS6,
sectional characteristics Statistical method: Linear regression, profile SAP3 Pathways: Tumor necrosis factor binding,
Cox proportional hazards regression, digestion and absorption, activin signaling,
univariate logistic regression TGF-p family signaling
Mendez,*® 2021 Cross- AMD USA Disease 71 Statistical method: Unspecified Plasma Metabolic Metabolites: linolenate, mannitol, sorbitol,
sectional characteristics multilevel mixed-effects linear model profile glycosyl ceramide (d18:2/24:1, d18:1/24:2),
beta-alanine, 3-methyl-2-oxovalerate, 3-
methylglutaconate, isoleucine Pathways:
polyunsaturated fatty acid (n3 and né),
fructose, mannose and galactose Metabolism,
fatty acid metabolism (acyl choline),
hexosylceramides (HCER), pyrimidine
metabolism, uracil, leucine, isoleucine and
valine metabolism
Millen,* 2015 Retrospective AMD USA Risk factors 913 Statistical method: Logistic regression Serum Vitamin D, CRP Vitamin D
cohort
Millen,** 2017 Retrospective AMD USA Risk factors 9734 Statistical method: Logistic regression Serum Vitamin D, lipid None
cohort profile
Mi':chell,52 2018 Cross- nAMD USA Disease 292 Supervised: PLS-DA, SV_RFE, random Plasma Metabolic 159 metabolites from the carnitine shuttle
sectional characteristics forest Unsupervised: Hierarchical profile pathway (fatty acid metabolism) and bile acid
cluster analysis Bioinformatics: Pathway biosynthesis pathway
analysis Statistical method: Linear
regression, linear models for
microarray data, variable importance
for projection
Ngali,4‘5 2011 Prospective AMD UK Risk factors 934 Statistical method: Logistic regression, Serum Limited Total triglycerides, CRP
cohort multivariable regression metabolomic
and lipidomic
profile
Nielsen,‘“ 2019 Prospective GA, nAMD Denmark Risk factors 110 Statistical method: Linear regression Plasma Cytokines, IL-6, IL-8, IL-10, TNF-R2, CRP
cohort inflammatory
markers
C)sl)orn,‘r‘4 2013 Cross- nAMD USA Disease 45 (26 AMD, 19 Supervised: OPLS-DA, SVM Serum Metabolomic 52 metabolites including those from the
sectional characteristics control) Unsupervised: PCA Bioinformatics: profile tyrosine, sulfur amino acid, and urea
KEGG metabolism pathways
Robman,*’ 2007 Case—control AMD Australia Risk factors 630 (197 AMD, 433 Statistical method: Logistic regression Serum Chlamydia None
control) pneumoniae
related
markers
Robman,*® 2010 Case—control, AMD Australia Risk factors Case—control: 5.44 Statistical method: Univariate and Serum CRP CRP
retrospective (312 AMD, 232 multivariate logistic regression
cohort® control) Cohort: 254

(Continued)
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Table | (Continued).

First Author, Study Disease Type Country of Study Sample Size Classes Statistical, Al, Bioinformatics Biofluids Biomarker(s) Significant Biomarker(s) and Key
Publication Year Design (Other Publication Purpose of Al Methods Analyzed Pathways
Diseases
Studied)
Sato,>® 2018 Prospective nAMD Japan Treatment 43 (21 nAMD patients, | Statistical method: Logistic regression Aqueous Inflammatory IL-6, IP-10, VEGF
cohort decisions 22 cataract controls) humor cytokines and
growth factors
Sato,”® 2019 Cross- nAMD Japan Disease 82 (62 AMD, 20 2 Unsupervised: PCA, hierarchical cluster Aqueous Cytokines IL-6, IL-7, IP-10 MCP-1, MIP-18, VEGF
sectional characteristics cataract control) analysis Statistical method: Binomial humor
logistic regression, EFA
Schori,'” 2018 Cross- AMD, nAMD Switzerland Disease 34 (6 dry AMD, 10 2 Unsupervised: Hierarchical Pearson Vitreous Proteomic 677 proteins including cholinesterase and
sectional (PDR, ERM) characteristics | nAMD, 9 PDR, 9 ERM) clustering Bioinformatics: GO humor profile oxidative stress pathway in dry AMD, focal
adhesion in nAMD, and serine
carboxypeptidase in all AMD
Subhi,*’ 2019 Prospective nAMD, PCV Denmark Treatment 8l | Statistical method: Multiple linear Plasma CDI Ib+ CDI Ib+ circulating monocytes
cohort decisions regression, Pearson correlation circulating
coefficient monocytes
Ueda- Retrospective nAMD Japan Treatment 64 | Statistical method: Multiple regression Unknown HbAIc Unknown
Consolvo,*® 2017 cohort decisions
Vanderbeek,* 2013 Retrospective AMD USA Risk factors 486,124 (107,007 for | Statistical method: Cox proportional Serum Lipid profile HDL, LDL
cohort nonexudative AMD hazards regression
analysis, 113,111 for
exudative AMD
analysis, 10,753 for
progression to
exudative AMD
analysis)
Yao, 2013 Cross- wAMD China Disease 12 | Bioinformatics: GO Aqueous Proteomic 68 proteins, including those from the
sectional characteristics humor profile inflammation, apoptosis, angiogenesis, and
oxidative stress pathways
Yi,* 2020 Prospective nAMD (CRVO, China Treatment 144 | Statistical method: Multivariate linear Aqueous Cytokines ICAM-1, IL-6, VEGF
cohort DME, BRVO, decisions regression humor
pmCNV)
Yi|:c.5I 2015 Prospective AMD, GA UK Risk factors 5344 | Statistical model: Multivariable logistic Serum Cardiovascular HDL-cholesterol, CRP
cohort regression health profile

Notes: *Relevant study phase.

Abbreviations: AMD, age-related macular degeneration; Al, artificial intelligence; PCA, principal component analysis; nAMD, neovascular age-related macular degeneration; PCV, polypoidal Choroidal Vasculopathy; CRP, ¢ reactive
protein; OPLS-DA, Orthogonal Projections to Latent Structures Discriminant Analysis; wAMD, wet age-related macular degeneration; KEGG, Kyoto Encyclopedia of Genes and Genomes; GA, geographic atrophy; sPLS-DA, Sparse Partial
Least Squares Discriminant Analysis; SMOTE, Synthetic Minority Oversampling Technique; EFA, exploratory factor analysis; PDR, proliferative diabetic retinopathy; ERM, epiretinal membrane; GO, gene ontology; CRVO, central retinal
vein occlusion; DME, diabetic macular edema; pmCNYV, pathologic myopia associated choroidal neovascularization.
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associated with AMD development or progression, however there was heterogeneity in the findings. Across 26
studies over 250 markers found to be significantly associated with AMD and over 70 pathways associated with
AMD development were identified.'’**?*! Studies each identified between one and 677 differentially expressed
biomarkers. The significance of biomarkers conflicted across multiple studies.?®3%-3%34.33.37:45.46.49.51 Thig hoetero-
geneity was noted by Mitchell et al, who stated that 49% of participants displayed great variability in their metabolic
profiles.’” Studies using unsupervised Al and/or bioinformatics for untargeted biomarker exploration typically
focused on significant results only and did not report non-significant biomarkers.

The most commonly implicated biomarker in AMD development or progression was HDL-cholesterol, found to be a
significant predictor in six studies.”®**>>*-! However, four studies had conflicting findings, indicating that HDL-
cholesterol was not significantly associated with AMD.****37%¢ Similarly, c-reactive protein (CRP) was found to be
associated with AMD in four studies with conflicting findings reported in two studies, and total serum triglycerides were
found associated with AMD in three studies with conflicting findings reported in four,?®3%-32:34:3.37:4648.49.51 The most
commonly reported insignificant biomarker was total cholesterol, reported to be insignificant to AMD development in
five studies, although two studies found it to be significant.**3%3433374431 pathways implicated in AMD development
by more than one study were oxidative stress, the glycerophospholipid pathway, 2-oxocarboxylic acid metabolism, ABC
transportation, protein digestion and absorption, and mineral absorption,'7-#33-3%:40-50

Differentiating factors associated with nAMD were examined in four studies, and progression of nAMD was studied
in one.'”*">> With the goal of identifying biomarker changes in nAMD, two studies examined at cytokine profiles and
two examined comprehensive metabolic profiles.'”>*>*3 While over 20 biomarkers and 10 pathways were found to be
significantly altered in nAMD, none were confirmed by more than one study. All of the studies characterized as
“Treatment Decisions” examined patients undergoing anti-vascular endothelial growth factor therapy (anti-VEGF) for
nAMD treatment.'®?*3%° Of these studies, one examined comprehensive metabolic profiles and four examined
cytokine levels or inflammatory markers.'®?>°¢-%" While no significant biomarkers were confirmed by multiple studies,
three studies concluded that biofluid markers could be used to predict responsiveness to anti-VEGF therapy and

prognosis following anti-VEGF therapy.'®>%-%°

Al and Bioinformatics Algorithms
A total of 23 studies used a single class of Al in their analyses, with 22 of these studies using a statistical method
(regression analysis, a simple form of Al) and one study using a bioinformatics approach in gene ontology. Fourteen

studies used two or more types of Al analysis. Six studies developed predictive models using AI'®242638:39:32 poyy

predictive models used metabolic or proteomic profiles to distinguish AMD cases from non-AMD controls.**3¢-8-3
Kersten et al developed two models using sparse partial least squares discriminant analysis (SPLS-DA), one using the
complete metabolic profile and the other using the complete metabolic profile plus derived variables such as ratios of
metabolites. The accuracy of these models was reported as area under receiver operating curve (AUROC), a graphical
description of sensitivity and specificity; the former had an AUROC of 0.71, while the latter demonstrated an AUROC of
0.66. Kuiper et al developed and validated a decision tree based predictive model for AMD, idiopathic non-infectious
uveitis, primary vitreoretinal lymphoma, and rhegmatogenous retinal detachment using IL-10, IL-21, and angiotensin
converting enzyme, with the AMD model demonstrating a sensitivity of 85.70%, a specificity of 87.50%, a positive
predictive value of 54.30%, and an accuracy of 87.20% (balanced accuracy of 86.60%).>® Lains et al developed
predictive models over two studies using multivariate logistic regression, demonstrating AUROCSs from 0.645 to 0.850
that varied given the clinical variables used, markers available, and the patient cohort.?**° These models exhibited the
value of including biofluid markers in predictive models, with the predictive model that incorporated metabolites
outperforming a baseline model including only age, gender, body mass index, and smoking status with an AUROC of
0.8 compared to 0.71 for the baseline model.” Another study sought to differentiate between nAMD patients and
controls using support machine vector (SVM) and was able to achieve a balanced accuracy of 75.6% and an AUROC of
0.83 in the test set.’®> Gao et al developed a model to differentiate between anti-VEGF treatment responders and non-
responders using metabolic profiles, achieving an AUROC of 0.762 in their test set.'®
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Findings from unsupervised Al analyses were used to either select differentiating biomarkers for use in subsequent
predictive algorithms or to explain AMD pathogenesis.1(”17’24’28’33’384‘0’52’54’55 Eleven studies used unsupervised Al in
combination with supervised Al, bioinformatics, or statistical methods.'®17:24:28.33.38-40.52.54.55 Bininformatics is com-
monly often used alongside unsupervised Al to provide insight into higher level physiological processes by translating
individual metabolites, proteins, or lipids into information about physiological pathways,'6:!7-2433:39-42.50.52.54 pqentia|
therapeutic targets were also examined in bioinformatic analysis. Only one study used supervised Al without unsuper-
vised AI*¢

Al statistical methods, primarily regression analysis, were the most commonly employed class of Al. Twenty-two
papers exclusively used Al statistical methods to identify independent factors related to an outcome of interest or control
for known risk factors 32973%34.35.37.43-49.51.53.56-60 R eoression was typically used to determine longitudinal association
between a biomarker and a clinical outcome or condition, with the goal of risk factor identification or identifying if an
intervention was effective in preventing an outcome or disease progression,?22%32:3435:37:43749.51.53.56°60 A5 reoression is
less useful in the study of highly dimensional data, studies using only regression analysis tended to focus on specific risk
factor analysis rather than entire biomarker profiles; for AMD, these studies often examined the influence of lipids, CRP,
VEGF, inflammatory markers such as cytokines, cardiovascular health profile, and clinical characteristics on AMD
development or progression.?%-2932:34:35.37:43-49.51.53.56-60 N4 studies using only Al statistical methods used validation

procedures such as test and validation sets or bootstrapping in their analysis.

Quality Appraisal
The included studies were generally of high quality, with 20 having low risk of bias, 15 having moderate risk of bias, and
two having high risk of bias (Supplemental Figure 1). Given the exploratory nature of many included studies, non-

significant findings were often omitted, introducing reporting bias. Cross-sectional studies often failed to provide robust
descriptions of the study setting (38%). The cross-sectional studies also did not reference guidelines for AMD diagnosis,
instead describing findings on exam that were used to make the diagnosis of AMD (50%). In contrast, cohort studies
provided excellent description of participant inclusion protocols and exposure criteria, but many did not describe loss to
follow-up (50%) and had unclear strategies to address incomplete follow-up (50%). The vast majority of studies
described their biomarker measurement protocols (assays, laboratory parameters) in detail but used small volumes of
biofluids, potentially introducing measurement error. Importantly, the studies using supervised Al, unsupervised Al and
bioinformatics did not comprehensively explain algorithm activities or the rationale for Al selection; these black-box
models reduce study reproducibility and compromise external validity.

Discussion

This systematic review describes the current research and applications of Al and bioinformatics in the analysis of biofluid
markers in AMD. The majority of included studies sought to identify markers associated with AMD development or
progression, with HDL-cholesterol, total serum triglycerides, and CRP emerging as significant markers over multiple
studies. Al models that sought to discriminate AMD or nAMD patients from controls using biofluid markers demon-
strated excellent predictive accuracy, with models including discriminant analysis, decision tree, logistic regression, and
SVM. Notably, some of these models outperformed predictive models that only used clinical and demographic
characteristics.

A total of six studies identified elevated HDL-cholesterol as a risk factor for AMD development or progression, while
elevated CRP was implicated by four studies and elevated total serum triglycerides were implicated by three. These
findings suggest that altered lipid metabolism may play a pathogenic role in AMD, a relationship that was previously
identified.®"®* This association is biologically plausible, as the hallmark of AMD, drusen, are composed of lipids, and
there have been previously established genetic links to lipid dysregulation and systemic dyslipidemia as risk factors for
AMD.®' The association between AMD and inflammation that was suggested by elevated CRP has also been previously
studied.®* Other pathways detailed by multiple studies that have been significantly altered in AMD included oxidative
stress, the glycerophospholipid pathway, 2-oxocarboxylic acid metabolism, ABC transportation, protein digestion and
absorption, and mineral absorption.17"24"33"39‘40‘50 With some studies focusing on the predictive value of a single
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biomarker, and others using complex data sets of as many as 677 proteins, some variability in findings can be expected.
Additionally, differences in study populations, demographics, and fluid extraction protocols can contribute to hetero-
geneous findings. All of the biomarkers implicated in AMD development were also found to be insignificant in other
studies. Further, as non-significant biomarkers were often not reported studies with highly dimensional data sets,
discrepancies in biomarker significance are likely greater than reported. Despite the lack of a singular characteristic
biomarker limiting the immediate utility of these findings in a clinical setting, lipid metabolism and inflammation present
compelling topics for future studies of AMD development.

The biomarker variations noted amongst studies could be attributed to the variabilities in study design. As many of
the cross-sectional studies did not describe their study populations and demographics in detail, patient characteristics
such as medication use, comorbidities, and lifestyle could all alter marker concentrations.>3#1:42393%35 Thege factors
would have been particularly confounding in studies with small sample sizes. Beyond patient selection and confounding,
metabolic variability within AMD subjects was noted, with stating that 49% of participants had variability in their
metabolic profiles.’* Additionally, many cross-sectional studies did not reference AMD diagnostic guidelines and could
have selected patients with differing severities of disease or different visible pathologies.'’-33-26-38:40:3054.55 yhjle the
included studies generally provided thorough explanation of their biofluid extraction and analysis techniques, the small
quantities of biofluid analyzed could introduce bias. Volumes of ocular biofluids extracted ranged from 50uL to 500uL,
with the average being approximately 135uL.!72%33-3830:33.56.59.60 while commercial assays are able to analyze these
volumes accurately, small aliquots are susceptible microenvironment changes, exacerbated by dilution of samples for
analysis and variation in storage techniques and sample handling. Finally, the algorithm activities and rationale for Al
selection, particularly in the studies using supervised, unsupervised, and bioinformatics analysis, were not explained
rigorously, also known as a “black-box” approach.®® As studies with similar objectives and data sets could be using
entirely different biomarker selection parameters, variation in algorithms could account for some disagreement in
biomarker significance. Future efforts should also describe analytical methods in detail and ensure a more comprehensive
description of study population.

While Al may not have provided definitive insight into AMD pathogenesis, Al tools did display utility in prognostic
and diagnostic tools. Anti-VEGF injections are a safe and effective therapy to reduce nAMD progression, but also
represent an invasive, time-intensive intervention.®®® Al algorithms were able to accurately predict responsiveness to
therapy and prognosis and could be used to inform decision-making regarding appropriate nAMD management and more
judicious selection of patients for injections.'®>*%® As nAMD patients have their ocular biofluids accessed frequently
through anti-VEGF injections, there is an opportunity to use this information in treatment planning. Algorithms that used
biomarkers to differentiate AMD cases from controls demonstrated excellent accuracy, with AUROC and diagnostic
accuracy as high as 0.850 and 87.50%, respectively. While no biomarker set or Al algorithm was a clear forerunner in
terms of accuracy and none of these tools were tested in a clinical setting, this level of accuracy could be satisfactory for
use in screening or primary care settings. Notably, biofluid markers strengthened predictive models when compared to
predictive models using clinical characteristics alone, as Lains et al demonstrated with an AUROC that was 0.09 higher
after inclusion of biofluid markers.*”

Despite the promise of application of Al in tools that have diagnostic or prognostic power in AMD, none of these
tools have been integrated or tested in clinical workflow. Difficulties in appropriate implementation or poor technical
understanding could prevent appropriate use.”” While many of these technologies remain investigational, it is important
to establish their role and accuracy in a clinical context before more widespread use by clinicians. A specific Al tool
could be deployed in different settings, each with different utility, for example, in a screening setting it may be less viable
to access ocular biofluids, yet a lower algorithm accuracy could be acceptable, while in a specialist ophthalmology setting
one might have better access to biofluids but require higher algorithm accuracy or merely use Al tools to augment the
existing diagnostic process.

Conclusion
In this systematic review, we present studies that use Al or bioinformatics to analyze biofluid markers in AMD. Al
analysis implicated altered lipid metabolism, inflammation, oxidative stress, glycerophospholipid pathway, and protein
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and mineral absorption in AMD development. However, experimental design and biological variability prevented
identification of a singular characteristic marker in AMD. Al tools were able to accurately differentiate between AMD
patients and controls and predict responsiveness to anti-VEGF therapy in nAMD patients, applications that augment
existing clinical tools and inform clinical decision-making. Future studies should seek to test AI models in clinical
settings with the goal of identifying appropriate opportunities for implementation.
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