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PURPOSE. The purpose of this study was to identify serum metabolites associated with
age-related macular degeneration (AMD) incidence and investigate whether metabolite
profiles enhance AMD risk prediction.

METHODS. In a prospective cohort study involving 240,317 UK Biobank participants, we
assessed the associations of 168 metabolites with AMD incidence using Cox hazards
models. Principal component analysis (PCA) captured 90% of the variance in metabolites.
These principal components (PCs) were added to the Cox models, with the first PC
selected to evaluate model performance using receiver operating characteristic (ROC)
curves.

RESULTS. During a median follow-up of 13.69 years, 5199 (2.16%) participants devel-
oped AMD. After accounting for demographic, lifestyle, multimorbidity, socioeconomic
factors, and genetic predispositions to AMD, 42 metabolites were associated with AMD
incidence. Very-low-density lipoprotein (VLDL)-related particles, low-density lipoprotein
(LDL)-related particles, three additional lipids particles, and albumin were associated
with decreased AMD incidence, whereas glucose increased the risk of AMD incidence.
Compared to those in the lowest quartile, individuals in the highest quartile of protective
metabolite scores exhibited lower risk of AMD incidence (hazard ratio [HR] = 0.869, 95%
confidence interval [CI] = 0.803–0.940, false discovery rate [FDR]-adjusted P = 1.44 ×
10−3). However, the AMD-associated metabolites did not enhance predictive performance
(both areas under the curve [AUC] = 0.776).

CONCLUSIONS.Our findings reveal significant associations between specific metabolites and
AMD incidence, highlighting the roles of lipoprotein subclasses, cholesterol subtypes,
apolipoproteins, glucose, and albumin. Although metabolomics did not improve risk
prediction, certain biomarkers may serve as promising therapeutic targets.

Keywords: age-related macular degeneration (AMD), metabolomics, prediction model,
disease biomarkers, UK Biobank

Age-related macular degeneration (AMD) is a leading
cause of central visual impairment and blindness glob-

ally, particularly among the elderly.1 With increasing life
expectancy and a growing elderly population, the public
health and economic burden of AMD has been rising.2 The
pathogenesis of AMD is multifaceted, encompassing envi-
ronmental, lifestyle, and genetic components.1 Major risk
factors for AMD have been identified, including smoking,
body mass index (BMI), chronic comorbidities, and genetic
factors, thereby affecting targeted or precision medicine
for high-risk individuals.1,3 Prediction models are increas-
ingly utilized by clinicians to stratify patients based on
their risk exposures, thereby enabling the planning of ther-
apies, recommendations, and follow-up frequencies.4 Over
the past 2 decades, genome-wide association studies (GWAS)

have identified variants in over 50 genes/loci associated
with AMD, indicating significant roles of lipid dysregulation,
chronic inflammation, and oxidative stress in AMD develop-
ment.5–7 AMD may represent a localized manifestation of
broader systemic processes.8

Metabolomics, with good potential to understand disease
mechanisms following genomics and proteomics, analyzes
low molecular weight metabolites in body fluids or within
an organism or cell during specific physiological periods.9

Metabolites reflect the biomedical conditions and cumu-
lative effects of the genome and environmental interac-
tions and are promising for identifying disease biomark-
ers.6,10,11 Among the advanced technologies applied to
metabolomic studies, nuclear magnetic resonance (NMR)-
based metabolic profiling captures the majority of metabolic
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information available through 1H NMR from native serum.12

It has been used in multiple large-scale epidemiologic and
genetic studies.13,14 Advanced metabolomics should be capa-
ble of providing comprehensive insights into the biologi-
cal processes underlying AMD. Research in this area is still
expanding. Currently, there are more reported studies with
small sample sizes than with large cohorts, and most are
cross-sectional in nature.15,16

Here, we utilized data from the UK Biobank cohort,
which includes over 500,000 participants and provides
extensive phenotypic and genomic details, along with scalar
metabolomic states.17 The current assay quantifies 168
biomarkers, including amino acids, lipid profiles, fatty acids,
and metabolites related to carbohydrate metabolism and
fluid balance. We aim to identify the metabolites associ-
ated with AMD incidence and investigate whether metabo-
lite profiles could enhance the prediction of AMD incidence
in a prospective cohort of 240,317 participants from the UK
Biobank.

METHODS

Study Population

The UK Biobank is a large-scale biomedical database and
research resource containing genetic and health information
from half a million individuals aged 37 to 73 years in the
United Kingdom. Participants from the UK Biobank were
enrolled between 2006 and 2010 at 22 recruitment centers
across the United Kingdom, with follow-up ongoing. During
the baseline assessment, comprehensive baseline data were
collected at these centers, including sociodemographics,
physical metrics, lifestyle factors, health conditions, and
medical and family histories, using standardized surveys.18

The overall study protocol (http://www.ukbiobank.ac.uk/
resources/) is available online. All participants provided
written informed consent for the study. The UK Biobank
has been approved by the National Information Gover-
nance Board for Health and Social Care and the National
Health Service (NHS) Northwest Multicenter Research Ethics
Committee. This current study was conducted using the
UK Biobank Resource (application number: 91320). All
research procedures followed the tenets of the Declaration
of Helsinki.

Metabolic Biomarker Quantification

The UK Biobank collected blood samples from a subset
of consenting participants during the baseline assess-
ment, and the NMR metabolomics measurements for these
samples were completed in 2022, covering a total of
275,240 participants. The NMR spectroscopy assay provided
an extensive dataset comprising 249 metabolite-related
metrics (available at: https://biobank.ctsu.ox.ac.uk/crystal/
ukb/docs/Nightingale_biomarker_groups.txt). Of these, the
assay directly measures 168 primary metabolites, including
amino acids, fatty acids, lipoproteins, various cholesterol
subtypes, and markers indicative of inflammation, which
partly overlap with conventional clinical predictors, such as
glucose and albumin. To maximize unique measurements,
we excluded 81 out of the 249 markers that were listed as
ratios or percentages, as they were derived from combina-
tions of these primary metabolites. Hence, our study focused
on the 168 primary metabolites.14,17 The abbreviations of the
metabolites are shown in Supplementary Table S1.

UK Biobank Array Genotyping and AMD
Polygenic Risk Score Development

We developed an AMD polygenic risk score (PRS) using data
from a recent large-scale GWAS.6 The PRS was calculated
as the weighted sum of the alleles for AMD-associated vari-
ants (P < 5 × 10−8), with each allele weighted by its corre-

sponding effect size,
n∑

i=1
β̂i ∗ SNP(i), where β̂i represents the

effect size of SNP(i) on AMD. We standardized the PRS to
a mean of 0 and standard deviation (SD) of 1 for analyses.
We then validated its predictive ability using Kaplan-Meier
survival analysis, distribution comparison, and Harrell’s C-
index.19 Detailed methods for genotyping and PRS develop-
ment are provided in the Supplementary Methods. Supple-
mentary Table S2 provides the list of SNPs used in this study.

Definition of AMD Incidence

Diagnostic information of the UK Biobank cohort was linked
with the national Hospital Episode Statistics, cancer, and
death registry data.17 The AMD phenotype was determined
based on a combination of primary and secondary Inter-
national Classification of Diseases Ninth Revision (ICD-9)
(data fields 41203 and 41205; code 3625) and ICD Tenth
Revision (ICD-10; data fields 41202 and 41204; code H35.3)
codes.17 The ICD date of the first diagnosis was identified
by linking health episode statistics (ICD-9: data filed 41281
and ICD-10: data filed 41280). Prevalent AMD cases were
defined as individuals diagnosed with AMD at or before
baseline enrollment. These individuals were excluded from
this analysis. Incident AMD was defined as the first diagno-
sis of AMD during follow-up. Hospital attendance data were
available until October 31, 2022. Due to variations in follow-
up frequency and medical visit intervals, the first occurrence
of AMD during follow-up visits was considered the end point
for those who developed AMD. Follow-up time was calcu-
lated from baseline until the date of AMD diagnosis, loss
to follow-up, death, or October 31, 2022, whichever came
first.

Data Collection

In the UK Biobank study, the majority of participants are
of European ancestry (approximately 94%); therefore, the
analyses in the present study were limited to individuals of
European ancestry. Socioeconomic status was assessed using
the Townsend Deprivation Index (TDI).20 Smoking status
was categorized as ever smokers (current/former) and never
smokers. Educational attainment was grouped into four
levels, from no formal education to a university degree.20 We
used the ICD codes to classify baseline hypertension (ICD-9:
401–405, ICD-10: I10–I13, I15, and O10) and diabetes (ICD-
9: 250, and ICD-10: E10–E14). Additional covariates included
age at recruitment, sex, BMI, the constructed PRS, and the
first 10 principal components of ancestry (to adjust for popu-
lation substructure). These factors were chosen because of
their potential influence on AMD.

Statistical Analysis

The baseline characteristics of participants based on AMD
status were summarized using descriptive statistics. Contin-
uous variables were reported as means (SDs), whereas cate-
gorical variables were reported as frequencies and percent-

Downloaded from iovs.arvojournals.org on 05/12/2025

http://www.ukbiobank.ac.uk/resources/
https://biobank.ctsu.ox.ac.uk/crystal/ukb/docs/Nightingale_biomarker_groups.txt


Association of Metabolomics With AMD Incidence IOVS | December 2024 | Vol. 65 | No. 14 | Article 43 | 3

ages. For NMR biomarkers, we used scaled data that were
log-transformed and standardized to have a mean of 0 and
SD of 1. Pearson correlation coefficients were calculated
to assess correlations of each metabolite (Supplementary
Fig. S1). Cox proportional hazards regression models were
used to test the association between metabolites and AMD
incidence, with follow-up starting at recruitment. To miti-
gate potential collinearity and high correlation, each of the
168 metabolites was analyzed individually in a multivari-
able model, adjusted for age at recruitment, sex, the first 10
genetic components, hypertension, diabetes, smoking, BMI,
TDI, education level, assessment center, and standardized
PRS for AMD. Adjusted hazard ratios (HRs) and 95% confi-
dence intervals (CIs) were estimated to express the change
in AMD risk per 1 SD increase in each log-transformed
metabolite level. In addition, we used a weighted sum
method to create protective metabolite scores, as most iden-
tified metabolites were protective, to evaluate their cumula-
tive impact on AMD incidence. The multi-metabolite score
was defined as the sum of selected metabolites weighted
by its β-coefficient from the respective Cox model.21 Strat-
ification analyses by sex were also performed. For multi-
variable analyses, P values were corrected using the false
discovery rate (FDR) via the Benjamini-Hochberg method,
with FDR-adjusted P values < 0.01 being considered statisti-
cally significant and FDR-adjusted P values < 0.05 as nomi-
nally significant.22 This threshold was chosen to reduce

the likelihood of false positives given the large number of
comparisons.

To assess whether circulating NMR biomarkers could
enhance AMD risk prediction, principal component analy-
sis (PCA) was used to reduce the dimensionality of corre-
lated NMR biomarkers, yielding fewer uncorrelated princi-
pal components (PCs) that retained over 90% of the vari-
ance in the original biomarkers. Significant PCs and all PCs
accounting for 90% of the variance were incorporated into
Cox models separately. The likelihood ratio test compared
the fits of nested models with and without the selected PCs.
Cox model performance was assessed by generating receiver
operating characteristic (ROC) curves and calculating the
area under the curve (AUC) to evaluate whether incorporat-
ing PCs improved prediction accuracy.23 All statistical anal-
yses were performed using the R software (version 4.3.3).

RESULTS

Figure 1 shows the flowchart of participant selection. In this
prospective cohort study, 5199 (2.16%) participants devel-
oped AMD over a median follow-up period of 13.69 years.
Baseline characteristics of the 240,317 participants, with or
without incident AMD, involved in Cox proportional hazards
regression models are shown in Table 1. The mean (SD) age
of the total participants was 56.75 (8.02) years, and 54% (n
= 129,784) were female participants. Compared with the

FIGURE 1. The flowchart of participants selection. AMD, age-related macular degeneration.
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TABLE 1. Baseline Characteristics of the Study Participants

Overall (n = 240,317) New-Onset AMD (n = 5199) Control (n = 235,118)

Age, mean (SD), y 56.75 (8.02) 62.98 (5.27) 56.61 (8.02)
Sex, n (%)
F 129,784 (54.0) 3,189 (61.3) 126,595 (53.8)
M 110,533 (46.0) 2,010 (38.7) 108,523 (46.2)

Standardized PRS, mean (SD) 0.00 (1.00) 0.26 (1.03) −0.01 (1.00)
Smoking, n (%)
No 130,007 (54.1) 2,535 (48.8) 127,472 (54.2)
Yes 110,310 (45.9) 2,664 (51.2) 107,646 (45.8)

Education level, n (%)
Level 1 42,526 (17.7) 1,356 (26.1) 41,170 (17.5)
Level 2 65,687 (27.3) 1,117 (21.5) 64,570 (27.5)
Level 3 56,605 (23.6) 1,944 (37.4) 54,661 (23.2)
Level 4 75,499 (31.4) 782 (15.0) 74,717 (31.8)

BMI, mean (SD), kg/m2 27.41 (4.76) 27.88 (4.88) 27.40 (4.76)
TDI, mean (SD) –1.52 (2.97) –1.54 (2.94) –1.52 (2.97)
Hypertension, n (%)
No 176,259 (73.3) 3,233 (62.2) 173,026 (73.6)
Yes 64,058 (26.7) 1,966 (37.8) 62,092 (26.4)

Diabetes, n (%)
No 228,756 (95.2) 4,758 (91.5) 223,998 (95.3)
Yes 11,561 (4.8) 441 (8.5) 11,120 (4.7)

AMD, age-related macular degeneration; BMI, body mass index; PRS, polygenic risk score; SD, standard deviations; TDI, Townsend
Deprivation Index.

participants without incident AMD, those who developed
AMD were more advanced in age, more likely to be women,
smokers, had lower education levels, higher BMI, and were
more likely to have hypertension and diabetes (see Table 1).

Validation of Standardized Polygenic Risk Scores

The standardized PRS showed a significant association with
AMD incidence in the Cox regression model (P < 2.0 ×
10−16). Supplementary Figures S2 to S4 demonstrate a lower
AMD-free survival rate in the high PRS group (tertiles)
compared to those with low and intermediate genetic risk
(all Plog-rank values < 0.001), the effective differentiation
between cases and control, and a modest improvement in
predictive accuracy. These findings collectively validated the
robustness of the constructed PRS.

Associations of Metabolites With AMD Incidence

Figure 2 shows the associations between selected metabo-
lites (those with FDR-adjusted P < 0.01) and AMD inci-
dence after adjusting multiple tests.We identified 42 metabo-
lites, out of the total of 168 metabolite measurements, to
be associated significantly with AMD incidence (Supple-
mentary Table S3). Significant associations were particularly
observed between AMD incidence and the very low-density
lipoprotein (VLDL) and low-density lipoprotein (LDL)
among metabolite particles. Notably, associated metabo-
lite measurements also encompassed one glycolysis-related
metabolite (glucose), one related to fluid balance (albumin),
and three additional lipids, namely apolipoprotein B (ApoB),
total cholesterol minus low-density lipoprotein-C (non-HDL-
C), and remnant cholesterol non-HDL-non-LDL-cholesterol
(remnant-C).

Among lipid-related metabolites, 26 VLDL-related compo-
sitions and 11 LDL-related metabolites were associated
with a decreased risk of AMD incidence, nearly across all
subtypes (see Fig. 2, Supplementary Table S3). The strongest

protective association with AMD incidence was observed
with cholesteryl esters in very large VLDL (XL-VLDL-CE; HR
= 0.947, 95% CI = 0.920–0.975, FDR-adjusted P = 0.007)
among VLDL-related lipids compositions. Regarding LDL-
related particles, cholesteryl esters in small LDL (S-LDL-CE)
showed the most protective association with AMD incidence
(HR = 0.953, 95% CI = 0.926–0.980, FDR-adjusted P =
0.007). Moreover, three additional lipids showed a protec-
tive effect for AMD incidence: ApoB (HR = 0.954, 95% CI
= 0.927–0.981), remnant-C (HR = 0.956, 95% CI = 0.930–
0.984), and non-HDL-C (HR = 0.957, 95% CI = 0.930–0.985),
with all FDR-adjusted P < 0.01 (see Supplementary Table
S3).

Glucose was associated with an increased risk of AMD
incidence (HR = 1.058, 95% CI = 1.031–1.086, FDR-adjusted
P = 1.63 × 10−3). In contrast, albumin in fluid balance
showed the most significant protective effect for AMD inci-
dence (HR = 0.926, 95% CI = 0.900–0.953, FDR-adjusted
P = 2.08 × 10−5; see Fig. 2, Supplementary Table S3).
Nominal associations with AMD incidence were observed
for 53 lipid-related metabolite measurements, including 9
HDL-related components, primarily derived from large HDL
particles, in addition to those related to VLDL and LDL.
Moreover, one inflammation marker (glycoprotein acetyls),
one amino acid (histidine), and four fatty acids showed
nominal associations with AMD incidence (see Supplemen-
tary Table S3). Notably, none of the small or medium HDL
measurements was associated with AMD incidence, except
that triglyceride in small HDL showed a borderline associ-
ation with AMD incidence (see Supplementary Table S3).
The protective metabolite scores were defined by 41 metabo-
lites from albumin, VLDL-related measurements, LDL-related
measurements, and additional lipids subclasses. Individu-
als in the highest quartile of protective scores demon-
strated the strongest protective effect against AMD incidence
(HR = 0.869, 95% CI = 0.803–0.940, FDR-adjusted P =
1.44 × 10−3; Table 2) compared with those in the lowest
quartile.
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FIGURE 2. Associations of selected metabolites with AMD incidence in Cox proportion hazards regression model. All were adjusted
for age, sex, the first 10 principal components of ancestry, body mass index (BMI), Townsend deprivation index, smoking status, education
level, hypertension, diabetes, assessment center, and polygenic risk score (PRS). Hazard ratios (HRs) indicated in hazard for AMD per 1-
standard deviation increase in each log-transformed metabolite level (log-transformed + 1). AMD, age-related macular degeneration; HR,
hazard ratio. For abbreviations of the metabolites, see Supplementary Table S1.

TABLE 2. Associations of Protective Metabolite Scores With AMD
Incidence

Cumulative Effect HR (95% CI) FDR-Adjusted P Value

Protective metabolite scores
Q1 Ref Ref
Q2 0.940 (0.872–1.014) 0.086
Q3 0.869 (0.804–0.939) 1.40 × 10−3

Q4 0.869 (0.803–0.940) 1.44 × 10−3

The analyses were adjusted for age, sex, the first 10 principal
components of ancestry, body mass index (BMI), Townsend depriva-
tion index, smoking status, education level, hypertension, diabetes,
assessment center, and polygenic risk score (PRS).

AMD, age-related macular degeneration; CI, confidence interval;
FDR, false discovery rate; HR, hazard ratio.

Hazard ratios (HRs) indicate the change in hazard for AMD per
1-standard deviation increase in each log-transformed metabolite
level (log-transformed + 1).

Subgroup Analyses by Sex

After multiple testing corrections, only albumin reached
statistical significance in females (HR = 0.910, 95% CI =
0.877–0.944, FDR-adjusted P = 8.12 × 10−5; Supplementary
Table S4). Additionally, 47 lipid-related metabolites, histi-
dine, and 3 fatty acids showed nominally significant associ-
ations (all FDR-adjusted P < 0.05; see Supplementary Table
S4). In contrast, in male participants, only glucose showed a
nominal significance (HR = 1.076, 95% CI = 1.037–1.116,

FDR-adjusted P = 0.017), whereas no other associations
were observed (all FDR-adjusted P > 0.05; Supplementary
Table S5).

Principal Component Analysis for Metabolites in
the Prediction Model

The first eight PCs of the NMR biomarkers explained 90%
of the total variance present in the 168 metabolites (Supple-
mentary Fig. S5). The associations of these PCs with AMD
are shown in Supplementary Table S6. Only PC1 showed
statistical significance and was thus included in the Cox
regression model for AMD prediction. The PC1 loadings
were predominantly derived from VLDL-related metabolites
illustrated in Supplementary Figure S6. Additionally, we also
evaluated the overall contribution of metabolites in predict-
ing AMD by including the first eight PCs in the model.
The likelihood ratio test indicated a significant improve-
ment in model fit when PC1 or the first eight PCs were
included (χ2 = 10.656, P = 0.001 and χ2 = 18.479, P =
0.018, respectively; Supplementary Table S7). Figure 3 shows
that our Cox regression model had an AUC of 0.776 (95%
CI = 0.770–0.781), and the AUC remained the same after
adding PC1 (AUC = 0.776, 95% CI = 0.770–0.782). Simi-
larly, adding the first 8 PCs maintained the AUC at 0.776
without significantly enhancing the model (Supplementary
Fig. S7).
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FIGURE 3. Receiver operating characteristic (ROC) curves of Cox regression model with and without the first principal component.
(A) Indicates the model was adjusted for age, sex, the first 10 principal components of ancestry, body mass index (BMI), Townsend deprivation
index, smoking status, education level, hypertension, diabetes, and polygenic risk score (PRS). (B) Additionally adjusted the PC1. Hazard
ratios (HRs) indicated in hazard for AMD per 1-standard deviation increase in each log-transformed metabolite level (log-transformed + 1).
AUC, the area under the curve; CI, confidence interval; FDR, false discovery rate; HR, hazard ratio; PC, principal component; ROC, receiver
operating characteristic.

DISCUSSION

Here, we presented a large longitudinal cohort study utiliz-
ing an NMR-based platform to quantify 168 metabolite
measurements among 240,317 participants from the UK
Biobank. Overall, we identified 42 metabolite measurements
that were significantly associated with AMD incidence.
Among these significant associations, VLDL-related metabo-
lite particles, LDL-related metabolite particles, albumin, and
three other lipid metabolites (ApoB, remnant-C, and non-
HDL-C), were associated with a decreased risk of AMD inci-
dence. In contrast, glucose increased the risk of AMD inci-
dence. Additionally, participants in the highest quartile of
protective metabolite scores exhibited the strongest protec-
tive effect against AMD incidence (HR = 0.869). However,
the metabolomics’ data from the UK Biobank showed limited
predictive value for AMD incidence.

VLDL, which belongs to non-HDL-C levels,24 was found
in the current study to be associated with a reduced risk
of AMD incidence for nearly all subparticles. Recent stud-
ies suggested that VLDL receptor (VLDLR) deficiency may
promote the proliferation and migration of retinal vascu-
lar endothelial cells.25 Evidence from VLDLR knockout mice
models has replicated several characteristic phenotypes
of retinal angiomatous proliferation (RAP).26 Additionally,
genetic association studies further support the involvement
of VLDLR in the pathogenesis of AMD, although its func-
tions as a receptor for VLDL remain to be elucidated.27 Simi-
larly, the LDL receptor (LRP6) has also been reported to
be involved in vasculature remodeling pathways and impli-
cated in AMD.27 Recent studies have shown that LDL serves
as the primary carrier of cholesterol from systemic circula-
tion to the retinal pigment epithelium and the neurosensory
retina.28

Interestingly, evaluated VLDL levels in plasma have
been identified as a risk factor for cardiovascular disease
(CVD), affecting all VLDL subparticles.24 The associa-
tion between co-occurrence of AMD and cardiovascular-

associated conditions has been previously reported.29,30

Similar findings were observed in LDL-related composi-
tions, which showed protective effects for AMD incidence
in our study. Evidence from observational studies and
Mendelian randomization (MR) analyses have identified the
association of elevated levels of LDL with a decreased
risk of AMD,31,32 whereas elevated LDL levels are well-
established as a risk factor for CVD.33 Moreover, we identi-
fied HDL-related metabolites, primarily in large HDL compo-
sitions, suggestively associated with increased AMD risk.
The increase of HDL levels in AMD has been reported
in a meta-analysis across 14 European cohorts,34 as well
as in earlier results of the Alienor study.35 Traditionally,
HDL cholesterol has been considered the “good choles-
terol” due to its protective role in CVD.36 Thus, the compli-
cated and contrasting effects of VLDL, LDL, and HDL on
AMD and CVD underscore the need for further research
to elucidate the specific functions of lipoprotein composi-
tion in different conditions, suggesting potential underlying
biological differences and genetic bases in various disease
contexts.36,37

Genetic studies on AMD have underscored the roles
of lipid-related and complement pathways in its develop-
ment.6 Among these, CETP and LIPC have been genetically
linked to lipid and phospholipid contents in HDL parti-
cles, with higher concentrations of extra-large HDL parti-
cles associated with an increased risk of AMD.34 Moreover,
proteomic studies have shown that HDL particles contain
various complement components, which play key roles in
AMD pathology.38 Notably, large HDL subparticles contain
the complement factor H (CFH), whereas small and medium
HDL subparticles do not.15 In the present study, no associ-
ations were observed for most small or medium HDL parti-
cles, largely aligning with previous studies.15 Hence, particle
sizes of HDL cholesterol and its various subclasses, along
with genetic factors, may collectively play a complex role in
AMD development, although the specific mechanisms have
yet to be further investigated.
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Previous observational studies have reported diabetes
as a risk factor for AMD,39 likely due to diabetes-related
changes in retinal and choroidal circulation.40 Accumulating
evidence suggested that high-energy-consuming photore-
ceptors rely on glucose, indicating that dysregulated glucose
metabolism may contribute to the pathogenesis of AMD.28

Our study identified that evaluated glucose level was asso-
ciated with an increased risk of AMD incidence. Conversely,
ApoB had a protective effect on AMD incidence, consis-
tent with previous findings.31 Albumin as a carrier holds
considerable promise for treating various ocular diseases.41

However, research on its association with AMD incidence
has been limited. Based on our current findings, albumin,
as both a nutrition-related and antioxidant biomarker in the
elderly,42,43 may reduce the risk of AMD incidence. In addi-
tion, histidine, an essential amino acid obtained through diet,
showed a suggestive association with AMD incidence in our
study. It was also reported to be decreased in patients with
late-stage AMD in both the Coimbra and Boston cohorts,
correlating with disease severity.44 These findings highlight
the potential role of a balanced diet and nutrition in delaying
AMD development and/or progression.

The associations of AMD incidence between male and
female participants showed distinct results. In female partic-
ipants, only albumin was statistically significant, while some
lipid metabolites were also suggestively associated with
AMD incidence (FDR-adjusted P < 0.05), which were not
observed in male participants. One explanation for this
difference could be the influence of sex hormones, which
play a significant role in regulating lipid metabolism.45 The
Study of Women’s Health Across the Nation (SWAN) has
reported changes in lipid profiles during the menopausal
transition in women.46 Estrogens are believed to have protec-
tive influences on various organ systems,45,47 and also
exhibit antioxidant and anti-inflammatory properties that
protect against retinal degeneration.48 This may explain the
numerous potentially protective lipid metabolites found in
women. The lack of significant associations in the sex-
stratified analysis may also be due to the reduced sample size
and thus insufficient statistical power. The observed poten-
tial sex differences in our study indicate the necessity of
considering sex-specific factors in AMD management.

The associations of metabolomics with AMD incidence
in the current study did not translate into improved predic-
tive performance, as evidenced by our ROC results. This
may be due to the minimal actual contribution of metabo-
lites to AMD prediction. Cumulative analyses showed that
even in the highest quartiles of all protective metabolite
scores, the cumulative effect yielded an HR of 0.869. Addi-
tionally, metabolite levels are significantly influenced by
the interaction of genetic and environmental factors, limit-
ing predictive performance.11 Several studies have evalu-
ated metabolic biomarker panels for distinguishing AMD,
achieving predictive accuracies with AUCs ranging from 0.71
to 0.83.16,49–52 However, these studies primarily focused on
cross-sectional data with relatively small sample sizes and
different metabolites compared to the current study. Our
prospective cohort study from the UK Biobank indicates that
incorporating metabolic biomarkers into a prediction model
provides limited improvement in distinguishing AMD risk.

This study has several limitations. First, our sample was
limited to participants of European ancestry from the UK
Biobank, which may limit the generalizability of our findings
to other populations. Future research should investigate the
impacts of metabolites on AMD risk in populations of differ-
ent ethnic backgrounds across multiple cohorts. Second,

although we adjusted for potential confounders, the obser-
vational nature of our study did not eliminate the risk of
residual or unknown confounders. Third, reliance on clin-
ical coding for disease diagnosis might have resulted in
under-reporting, potentially affecting the observed associ-
ations. Future studies should consider using multiple data
sources, such as age care databases, pharmaceutical records,
and primary care logs, to improve case detection and reduce
bias. Fourth, opposite roles of HDL, VLDL, and LDL were
found between AMD and CVD. Despite adjusting for hyper-
tension in Cox models, defining the earliest loss to follow-
up, death, or AMD diagnosis as the end point to account
for competing risks, and assuming random censoring in the
statistical models, there can still be potential influence of
severe CVD on reduced life expectancy, which may affect
AMD risk. Fifth, given the chronic nature of AMD progres-
sion, the age of onset is difficult to ascertain and can only
be inferred from medical records (date of diagnosis), which
is an inherent limitation when dealing with large datasets.
Additionally, we lacked data to classify AMD according to
the International Age-Related Maculopathy (ARM) Epidemi-
ological Study Group53 or the Beckman Initiative’s clinical
classification.54 This limitation restricts our ability to evalu-
ate the relationship between metabolites and different stages
of AMD. Future research in cohorts with well-defined AMD
stages would be beneficial.

CONCLUSIONS

This study provides new evidence supporting the associ-
ation between metabolomic profiles and AMD incidence.
We identified 42 metabolites, including some lipoprotein
subclasses, cholesterol subtypes, albumin, and glucose, that
were associated with AMD incidence. Further research into
the specific functions of lipid compositions will improve the
understanding of AMD pathophysiology. Sex-stratified anal-
yses indicated potential differences in the association of lipid
metabolites with AMD incidence between male and female
participants, emphasizing the necessity for considering sex-
specific factors in AMD management. Moreover, although
metabolomics did not significantly improve AMD risk predic-
tion, our findings indicate that the metabolomics of AMD
could potentially aid in the development of new therapeutic
targets and strategies.
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