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Abstract

INTRODUCTION:Metabolic dysregulation is a hallmark of Alzheimer’s disease (AD),

with numerous studies characterizing metabolic pathways associated with AD onset

and progression. A limitation of these studies has been a focus on non-Hispanic white

participants. Despite evidence that AD prevalence, progression, and biomarkers differ

across ethnoracial groups, it remains unclear whether previously identified metabolic

dysregulation in AD brains generalizes across populations.

METHODS: We analyzed metabolomics data from 547 postmortem brain tissue

samples of Hispanic American, Non-Hispanic African American, and White subjects,
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providing the largest multiethnic AD brain cohort to date. A metabolome-wide asso-

ciation study examined how relationships between metabolite abundance and AD

neuropathology varied by ethnoracial group.

RESULTS: Forty-eightmetabolites exhibited significant heterogeneitywith tau pathol-

ogy (Braak stage), with enrichment in tricarboxylic-acid-cycle intermediates and

sphingolipid-ceramide pathway lipids, and with metabolite–tau associations driven

predominantly by the Hispanic American and non-HispanicWhite groups.

DISCUSSION: These findings reveal ethnoracial-specific metabolic signatures of tau

pathology and emphasize the need to evaluate emerging therapeutic targets across

diverse groups.
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Highlights

∙ First untargeted metabolomics study of large, multiethnic postmortem brain collec-

tion.

∙ Distinct metabolic trajectories associate with tau pathology across populations.

∙ Sphingomyelin/ceramide pathway exhibits population-specific disruption.

∙ Long-chain sphingomyelin loss is muted in African Americans.

∙ Population-specific trajectories observed forTCAcycle, dipeptide, andacetylcholine

metabolism.

1 BACKGROUND

Alzheimer’s disease (AD) is amajor global health concern, affectingmil-

lionsworldwide.1 The prevalence ofADvaries amongdifferent popula-

tions: Recent estimates show 19% of non-Hispanic African Americans

(NHAAs) age 65 + have Alzheimer’s dementia as compared to 14% in

Hispanic Americans (HAs) and 10% in non-Hispanic Whites (NHWs)2

although these estimates vary.3,4 These disparities in prevalence are

assumed to arise from genetic, environmental, and socio-economic

factors, including access to healthcare, education, and environmental

stressors, aswell as the underlying discrepancies inmedical risk factors

for AD, such as depression, diabetes, and hypertension.5,6

To obtain a better understanding of these ethnoracial disparities

at the molecular level, recent AD research has focused on increas-

ing representation of diverse populations in multi-omics studies.6–8

Genome-wide association studies (GWAS) have identified that the

strongest genetic risk for AD among NHWs, the APOE4 allele, is more

common in NHAAs9 and less common in certain HA populations10,11

compared toNHWs. Further,APOE4 allelic dosage has been associated

with faster decline on a test of verbal memory among NHWs but not

among NHAAs, suggesting divergent biological mechanisms that con-

tribute to disease progression.12 Moreover, ethnoracial factors have

been linked to distinct AD-related biomarkers, including lower levels

of p-tau181 and A 𝛽40 in the cerebrospinal fluid of African Americans13

and higher S100B in the serum of Mexican Americans.14 Such differ-

ences in individual biomarker levels result in higher exclusion rates of

diverse groups from clinical trials,15,16 limiting the generalizability of

trial results. Overall, these findings underscore the need to investigate

the molecular mechanisms underlying AD across diverse populations

to guide future research and pharmaceutical developments.

Variation in metabolic physiology may be an important driver of

heterogeneity in ADmanifestation and risk across ethnoracial groups.

Metabolic diseases such as diabetes, obesity, and hypertension exhibit

greater prevalence among NHAAs and HAs and confer different AD

risk relative to NHWs.3 Furthermore, metabolic factors, including

fatty acid-binding protein (FABP), glucagon-like peptide-1 (GLP-1), and

insulin, are differentially abundant in some HA populations compared

to NHWs.15 Metabolic dysregulation is a recognized characteristic of

AD,17 evidenced by altered brain glucose uptake detectable via flu-

orodeoxyglucose (FDG)-based positron emission tomography (PET)

scans,18 by the APOE4 allele, which influences lipid metabolism,19

and by metabolomics analyses showing metabolic changes in post-

mortem brain tissue correlated with AD pathology.20,21 Metabolism

has become a strategic focus in AD treatment, as reflected in the
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RESEARCH INCONTEXT

1. Systematic review: Given that metabolic physiology

varies across ethnoracial groups and metabolic dysfunc-

tion is central to AD, understanding how these factors

interact is essential. Yet, most brain metabolomics stud-

ies have focused on non-Hispanic White populations,

limiting insights into population-specific brain metabolic

alterations in AD.

2. Interpretation: We analyzed 547 dorsolateral prefrontal

cortex samples fromnon-Hispanic African American, His-

panic American, and non-Hispanic White donors. Mod-

eling interactions between metabolite abundance and

AD neuropathology revealed pathways whose AD asso-

ciations differ across ethnoracial groups, including the

sphingolipid–ceramide pathway, the TCA cycle, dipep-

tides, and acetylcholinemetabolism.

3. Future directions: Metabolism is a key focus in AD treat-

ment, with interest in therapies like GLP-1 agonists for

insulin regulation and lifestyle interventions to boost

cognitive health. In light of these treatment interests,

our results identify demographic differences across AD-

related metabolic pathways and neuropathology, high-

lighting the need for validation in diverse cohorts.

growing interest in therapies such as GLP-1 agonists for insulin and

glucose regulation22 or dietary and lifestyle interventions to enhance

cognitive health.23,24 However, how metabolic differences across eth-

noracial groups contribute to clinical and molecular heterogeneity in

AD remains insufficiently characterized.

To our knowledge, this is the first study to apply untargeted

metabolomics to a large multiethnic postmortem brain collection

to date. In this study, to elucidate metabolic alterations asso-

ciated with AD across different ethnoracial groups, we applied

metabolomics to postmortem brain tissue samples from the Acceler-

ating Medicines Partnership–Alzheimer’s Disease (AMP-AD) Diverse

Cohorts Study (Figure 1). Metabolomics offers a powerful approach

to reveal small-molecule changes reflecting both genetic and envi-

ronmental influences on health. We applied high-performance liquid

chromatography–tandem mass spectrometry (UPLC/MS-MS)-based

metabolomics to profile ∼900 metabolites in the dorsolateral pre-

frontal cortex (DLPFC) of 547 donors, collected from four study sites

across the United States. The DLPFC is a key neocortical region for

executive functions such as working memory and cognitive flexibility,

which are progressively impaired in AD and coincide with AD-related

pathological changes in this region, including tau pathology.25–27

Donorswere balanced acrossmajor ethnoracial groups commonly rep-

resented in the United States. Rigorous quality-control measures were

implemented to remove site-related variation, followed by associa-

tion testing using linear models with interaction analysis to identify

metabolites differentially linked to AD pathology across ethnoracial

groups. Our findings highlight several metabolic pathways that exhibit

heterogeneity across these groups, underscoring the importance of

considering population-specific metabolic influences in AD research.

2 METHODS

2.1 Brain sample and clinical metadata collection

The metabolomics data used in this study originates from the Acceler-

atingMedicines Partnership–Alzheimer’s Disease (AMP-AD) Diversity

Cohorts Study,7,28 a collaborative project involvingmultiple study sites

and designed to capture a broad spectrum of multi-omics data, includ-

ingproteomics, genomics, andmetabolomics frombrain tissue samples.

741 brain samples from the temporal cortex and dorsolateral pre-

frontal cortex were collected from 716 subjects across four study

sites—Mayo Clinic, Rush AD Center, Mount Sinai University Hospi-

tal, and Emory University—with a focus on enriching for samples from

African American andHispanic American populations.

Demographic and biological variables available across studies

included sex, age at death, postmortem interval (PMI), and APOE geno-

type. Self-reported race (American Indian or Alaska Native, Asian,

Black or African American, White, Other) and self-reported ethnic-

ity (“is Latin American/Hispanic” yes or no) were also collected. Three

ethnoracial groups had sufficient sample size for further analysis and

were defined as follows: All subjects who responded “yes” to “is Latin

American/Hispanic” were labeled as “Hispanic American” (HA). Of the

remaining non-Hispanic population, those who reported their race as

“White” were labeled as “non-Hispanic White” (NHW) and those who

reported their race as “Black or African American” were labeled as

“non-Hispanic African American” (NHAA).

AD likelihood, diagnosis, and neuropathological burden were

assessed using semi-quantitative neuropathological measures without

knowledge of clinical information: Braak staging was used to classify

the severity of tau pathology in the brain, ranging from stages I–VI.29

For non-Mayo Clinic samples, CERAD values were used to assess the

severity of amyloid pathology on a four-level scale, categorized from

frequent neuritic plaques (CERAD 1) to no pathology (CERAD 4).30

Moreover, NIA-Reagan criteria, a combination of Braak staging and

CERAD scores, were categorized from high likelihood (Reagan score 1)

to no AD (Reagan score 4).31 For Mayo Clinic samples, Thal phase was

used to measure amyloid. Finally, a binary AD diagnosis was derived

using the following criteria: AD case status was assigned where Braak

stage was ≥ 4 and CERAD score was ≤ 2; control status was assigned

where Braak stage was ≤ 3 and CERAD score was ≥ 3. Samples meet-

ing neither case nor control criteria were excluded from downstream

analyses requiringADdiagnosis. AllMayoClinic AD samples hadBraak

neurofibrillary tangle (NFT) stage of ≥ IV and evidence of Thal≥ 2

amyloid deposits and were given diagnosis of AD according to the

NINCDS-ADRDA criteria.32

For the present study, samples from brain regions other than dorso-

lateral prefrontal cortex (DLPFC) were removed (25 samples), as were
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F IGURE 1 Study overview.

samples with missing ethnoracial information or belonging to ethnora-

cial groups with less than 15 subjects (21 samples). Samples missing

key covariate information, including sex, age at death, PMI, and APOE

genotype were also removed (146 samples). Detailed descriptions of

study sites, sample collection and phenotype harmonization have been

previously published7.

2.2 Metabolomics data acquisition

Brain tissue samples (n = 741) and NIST plasma samples (n = 44)

were processed using Metabolon’s global metabolomics platform.

Upon receipt of brain tissue, samples were accessioned into a lab-

oratory information management system (LIMS), stored at −80◦C,
and prepared using an automated MicroLab STAR® system. Metabo-

lite extraction involved protein precipitation with methanol, followed

by centrifugation. Each extract was split into four aliquots and pro-

filed by UPLC-MS/MS using two C18 reverse-phase positive-ion runs

(early- and late-eluting), one C18 reverse-phase negative-ion run, and

one HILIC negative-ion run. Peak identification was conducted using

Metabolon’s proprietary software, referencing a library of authen-

ticated standards and recurrent biochemicals. Data normalization

corrected for inter-day instrument variability. Quality control included

internal standards, 88 pooled matrix samples, and process blanks to

ensure data reliability. A total of 1388metabolites were identified and

reported.

A detailed description of the metabolomics measurement proce-

dures is provided in SupplementaryMaterials.

2.3 Data preprocessing and study site correction

Metabolites with more than 25% missing values were removed (481

metabolites). Probabilistic quotient normalization33 was applied to

correct for sample-wise variation, followed by log2 transformation.

Remaining missing values were imputed using a k-nearest-neighbor-

based algorithm (kNN).34 The local factor outlier (LOF) method35 was

used to identify sample outliers (2 samples). To account for irregularly

high or low individual concentrations, values with absolute abundance

above q= abs(qnorm(0.0125/n)) under a scaled-data assumption, with n

representing the number of samples, were set to missing. This formula

finds cutoffs to flag values with less than 2.5% two-tailed probabil-

ity to originate from the same normal distribution as the rest of the

measurement values, after applying a Bonferroni-inspired correction

factor (division by sample size). These new missing values were then

imputed by another round of the k-nearest-neighbor algorithm. Finally,

195 metabolites were removed because their coefficient of variation

within the pooled matrix samples was greater than 30%. After prepro-

cessing, the final data matrix consisted of 712 metabolites measured

for 547 samples. All preprocessing was performed using the maplet36

R package.

To adjust for site variability onmetabolite abundancewhile preserv-

ing true biological signal, we employed ComBat, a parametric empirical

Bayes method for batch effect correction, where batch in this case is

the study site.37 In brief, ComBat assumes that the observed abun-

dance for metabolite m in sample i, denoted Yi,m, can be decomposed

into a biological component plus a batch-specific effect:

Yi,m = Xi 𝛽m + 𝛾b(i),m + 𝛿b(i), m𝜀i,m (1)

where Xi is a vector of our covariates of interest for sample i (sex, age

at death, PMI, APOE genotype, and ethnoracial group), 𝛽m is the corre-

sponding coefficient vector for metabolitem, b(i) represents the batch

(in our case, study site) membership of sample i, and 𝛾b(i),m and 𝛿b(i), m

model the mean and variance adjustments for each batch, respec-

tively. ComBat pools information across metabolites to shrink these

batch-specific parameters (𝛾b(i),m and 𝛿b(i), ) toward global estimates via

empirical Bayes.

Xi was included in the batch-correction step due to observed imbal-

ances in the distribution of ethnoracial groups and age at death across

study sites. The metabolite variation due to covariates designated in

Xi remains preserved so that true biological variability of interest is

retained after correction.
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To ensure this correction step correctly removed the study site

signal while preserving the signal of the covariates in Xi, a variance par-

titioning analysis was performed38. The following linearmodel was run

for everymetabolite:

Metabolite = 𝛽0 + 𝛽1(Sex) + 𝛽2(Age at Death)

+𝛽3(APOE4 alleles) + 𝛽4(PMI) + 𝛽5(Study Site)

+𝛽6(Ethnoracial Group) + 𝛽7(Braak Stage) (2)

Thevariance explained for eachof themodel variableswas collected

for eachmetabolite and compared between pre- and post- correction.

2.4 Statistical analysis

After correcting for study site variation, we performed association

analysis between metabolites and the four AD-related neuropatho-

logical measure, Braak stage, CERAD score, Reagan score, and AD

diagnosis. For each measure (outcome) and each metabolite, the

followingmodels were calculated:

BaseModel:

Outcome = 𝛽0 + 𝛽1(Metabolite Abundance)

+𝛽2(Ethnoracial Group) + covariates (3)

InteractionModel:

Outcome = 𝛽0 + 𝛽1(Metabolite Abundance)

+𝛽2(Ethnoracial Group)

+𝛽3(Metabolite Abundance ∗ Ethnoracial Group)

+covariates (4)

Likelihood Ratio test:

0 = log(Pr(data|BaseModel) (5)

1 = log(Pr(data|InteractionModel) (6)

Λ = −2[0 − 1] ∼ 𝜒2
df=1 (7)

Since Braak, CERAD, and Reagan are ordinal parameters, an ordinal

regression model was used for both base and interaction models using

the rms package in R39. For AD diagnosis, a logistic regression model

was used. Covariates included sex, age at death, PMI, and number of

APOE4 alleles. The likelihood ratio test between the two regression

models with (4) and without (3) the interaction term of metabolite

and ethnoracial group assesses the added value of the interaction

term. Specifically,0(5) represents the log-likelihood of the basemodel

and 1(6) represents the log-likelihood of the interaction model. The

likelihood ratio statistic Λ, calculated in (7), approximately follows a

Chi-square distribution, which was used to calculate a p-value of the

interaction. To account for multiple hypothesis testing, p-values were

corrected using the Benjamini-Hochberg (BH)method.40

For metabolites with significant interaction effects, we addition-

ally examined each ethnoracial group separately to determine which

groups were contributing to the observed heterogeneity. In these

within-group analyses, we used the same base model (3) without the

ethnoracial group covariate. This allowed us to identify which ethnora-

cial group (if any) had a significantmetabolite-outcome association and

thereby pinpoint the source of the interaction signal.

3 RESULTS

3.1 Sample characteristics

This study examined how associations between metabolites in the

dorsolateral prefrontal cortex (DLPFC) and AD neuropathology dif-

fer across ethnoracial groups. Four neuropathological measures were

analyzed: Braak stage, CERAD score, Reagan score, and AD diagnosis

(derived from Braak and CERAD scores or Thal phase). The analysis

was restricted to samples with complete data for all covariates (sex,

age at death, PMI, APOE4 allele count) and neuropathology. Detailed

characteristics of the unfiltered data with 716 DLPFC samples can be

found in Table S1. Of the 547 preprocessed brain tissue samples, Braak

stage information was available for the largest number of subjects,

resulting in a study group of 545 subjects (Table 1), while CERAD and

Reagan score analyses included 428 samples andADdiagnosis analysis

included 426 samples. Samples used for the Braak analysis consisted of

220 non-Hispanic AfricanAmericans (NHAA), 148Hispanic Americans

(HA), and 177 non-HispanicWhites (NHWs). Among these 545 partici-

pants, 59% had a neuropathologic diagnosis of AD, 65% were female,

and 38% were APOE4 allele carriers. Stratified by ethnoracial group,

APOE4 frequency was 52% in NHAAs, 29% in HAs, and 29% in NHWs.

Detailed distributions of neuropathology measures across ethnoracial

groups can be found in Table S2.

Notably, the NHW samples had a higher age at death as compared

to HAs and NHAAs. In addition, ethnoracial groups were not equally

represented in all study sites, as theEmory site contributednoHispanic

American samples, and theMt. Sinai site contributed noNHWsamples

(Table 1).

3.2 Metabolomic profiling and batch effects

Brain metabolomic profiles were measured using Metabolon Inc.’s

untargeted metabolomics platform. This platform identified 1,388

metabolites from various chemical classes (super-pathways) in the

DLPFC tissue samples, which were filtered down to 712 metabolites

with sufficient coverage across samples (Supplementary Data 1).

Importantly, 71% of the metabolites were significantly associ-

ated with study site (FDR adjusted p-value < 0.05, Figure 2A). To

address this unwanted variation introduced by study site, which could

obscure the biological signals of interest, the batch correction method

ComBat37 was applied. This method is able to remove batch effects
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TABLE 1 Descriptive characteristics of study participants, tabulated by ethnoracial group.

Characteristic

Overall

N= 545a,b
Hispanic American

N= 148a

Non-Hispanic African

American

N= 220a
Non-HispanicWhite

N= 177a

Study Site

Emory 77 (14%) 0 (0%) 40 (18%) 37 (21%)

Mayo Clinic 117 (21%) 73 (49%) 29 (13%) 15 (8.5%)

Mt Sinai Brain Bank 55 (10%) 27 (18%) 28 (13%) 0 (0%)

RADCc 296 (54%) 48 (32%) 123 (56%) 125 (71%)

Sex

Female 356 (65%) 88 (59%) 141 (64%) 127 (72%)

Male 189 (35%) 60 (41%) 79 (36%) 50 (28%)

Number of APOE4 alleles

0 337 (62%) 105 (71%) 106 (48%) 126 (71%)

1 167 (31%) 34 (23%) 91 (41%) 42 (24%)

2 41 (7.5%) 9 (6.1%) 23 (10%) 9 (5.1%)

Alzheimer’s Disease Diagnosis

Case 320 (59%) 90 (61%) 125 (57%) 105 (59%)

Control 103 (19%) 13 (8.8%) 46 (21%) 44 (25%)

Otherd 122 (22%) 45 (30%) 49 (22%) 28 (16%)

Post-mortem Interval (hours) 8 (6, 14) 8 (5, 15) 8 (6, 15) 7 (5, 10)

Age at death (years) 84 (76, 90) 81 (73, 88) 82 (76, 89) 90 (83, 95)

an (%); Median (Q1, Q3).b
bSample size after removingmissing Braak pathology.
cRADC: Rush Alzheimer’s Disease Center.
dDid not meet case or control criteria (Case: Braak stage≥ 4 and CERAD score≤ 2; Control: Braak stage≤ 3 and CERAD≥ 3).

despite the main biological variable (ethnoracial group) being con-

founded by the batch variable (site). For details, seeMethods. Variance

partition analysis38 (VPA) showed that ComBat successfully removed

unwanted variation from the study site while preserving the desired

variation from variables of interest (Figure 2B). The variation associ-

ated with study site decreased from an average of 4.2% permetabolite

before correction to 0.25% after correction, while variation linked to

all other variables of interest, including ethnoracial group, remained

largely unaffected.

3.3 Ethnoracial interaction screen identifies 48
Braak-stage-dependent metabolites

Out of 712 metabolites used in this analysis, lipids made up the

largest category (42.1%), followed by amino acids (21.8%), nucleotides

(7.2%), peptides (5.1%), carbohydrates (4.2%), cofactors/vitamins

(3.8%), xenobiotics (3.5%), energy-related metabolites (1.1%), and an

additional∼11% that remain uncharacterized (Figure 3A, left).

To determine whether neuropathology associated with metabolites

differently across ethnoracial groups, each metabolite was examined

with a model that included Braak stage, ethnoracial group, and their

interaction. This approach identified 48 out of 712 metabolites (6.7%)

levels ofwhich showeda significant or suggestiveBraak-by-ethnoracial

interaction after FDR adjustment (p < 0.1). By contrast, the same

analysis based on CERAD score, Reagan score, and AD diagnosis

revealed no significant interactions (see Supplementary Data 2). The

class distribution of the 48 Braak-related interaction hits resembled

the background distribution, with lipids again representing the pre-

dominant group (45.8%). In addition, energy metabolites (tricarboxylic

acid cycle intermediates) were significantly over-represented relative

to their baseline frequency (Fisher’s exact test, p = 0.027; Figure 3A,

right). Dipeptides showed the second-highest enrichment by percent-

age, although this was not significant relative to background (Fisher’s

exact test, p=0.1015).Notably,within-group associations between tau

and metabolites were predominantly observed in HAs and NHWs but

were largely absent in NHAAs (44 significant associations after multi-

ple testing correction in HAs, 37 in NHWs, and only 5 in NHAAs, see

Supplementary Data 3).

Acetylcholine, the only neurotransmitter among the 48 signif-

icant metabolites, exhibited significant ethnoracial heterogeneity

(BH-adjusted p < 0.1), with all three groups showing a decline in abun-

dance with advancing Braak stage. However, the magnitude of decline

differed markedly, with a much more pronounced effect in HAs as

compared to NHWs andNHAAs (Figure S1).

Fumarate, malate, and succinate showed divergent behavior by

ethnoracial group with NHAAs differing in metabolite trajectories

as compared to HA and NHW groups (Figure 3B). Interaction
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SCHWEICKART ET AL. 7 of 15

F IGURE 2 QC and batch correction. (A) 71% of themetabolites were significantly associated with the sites (FDR p-value< 0.05), indicating
strong batch effects. (B) ComBat was used to remove batch effects in the presence of confounding between batch variable (study sites) and
biological variables of interest. Variance partition analysis1showed that variation associated with study sites decreased from an average of 4.2%
permetabolite before correction to 0.25% after correction, while variation in all other variables remained largely unaffected.

testing confirmed significant ethnoracial heterogeneity for all three

TCA-cycle metabolites, but the source of this heterogeneity was

metabolite-specific (Supplementary Data 3). Follow-up, within-group-

specific models showed that for fumarate, the interaction signal was

driven primarily by a significant positive association in HAs, with no

detectable relationship inNHWsorNHAAs; for succinate, robust asso-

ciations were present in both HAs and NHWs but absent in NHAAs;

and for malate, the heterogeneity arose from a weak trend in HAs

(BH-adjusted p= 0.06), with no association in the other groups.

Five dipeptides met the interaction significance threshold

(Figure 3C and Figure S1). In Hispanic American donors, dipep-

tide abundance rose sharply with advancing Braak stage while

Non-Hispanic Whites showed a more modest upward trend and

non-Hispanic African Americans displayed no detectable change. This

was confirmed by within-group analysis, where the HA group showed

consistent significant associations between Braak and the dipeptides,

which were attenuated in the NHW group and non-existent in the

NHAA group (Supplementary Data 3).

3.4 Selective reduction of sphingomyelins and
ceramides distinguishes Braak stage progression in
ethnoracial groups

Examination of the strongest signals revealed a coherent lipid-centric

theme: ten of the fifteen most significant hits (66.7%) mapped to

the ceramide/sphingomyelin (SM) pathway (Table 2, Figure 4A). As

Braak stage increased, SM and ceramide species declined in both

NHW and HA donors, whereas levels remained unchanged in NHAAs.

Within-group analysis confirmed that there were significant associa-

tions between Braak stage and these lipids specifically in the HA and

NHW groups (Supplementary Data 3). This collective downward tra-

jectory was consistent across all heterogeneous metabolites in the

pathway, indicating a coordinated rewiring of sphingolipid metabolism

with advancing tau pathology in NHWs and HAs, but not NHAAs

(Figure 4B).

To pinpoint the biochemical features driving this signal, we stratified

sphingomyelins and ceramides by fatty-acyl chain length and degree of
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8 of 15 SCHWEICKART ET AL.

F IGURE 3 Ethnoracial differences in the relationship between brainmetabolite abundance and Braak neurofibrillary-tangle stage. (A) Among
712 quantifiedmetabolites, 48 showed an interaction between Braak stage and ethnoracial group at FDR< 0.10. The distribution of these
heterogeneous hits (right) largely mirrors the overall chemical profile (left), though dipeptides and energy-pathwaymetabolites are significantly
proportionally enriched. (B) Key tricarboxylic-acid-cycle intermediates (malate, fumarate, succinate) also diverge by ethnoracial group:
abundances increase with Braak stage in Hispanic Americans (HA), remain flat or decline in non-HispanicWhites (NHW), and show little change in
non-Hispanic Africans American (NHAA). (C) Box plots for four significant dipeptides showed amarked, stage-dependent rise in HAs, a modest rise
in NHWs, and no clear change in NHAA brains. Notably, Braak stage 0 comprises< 5% of the cohort (Table S2); therefore, the apparent inflection
immediately beyond stage 0 should be interpreted cautiously and is unlikely to reflect a robust biological shift.

TABLE 2 15most significant metabolite interactions with ethnoracial group.

Metabolite Outcome

Adjusted

p-value Molecular classification

N-carboxymethylalanine Braak 0.0129 Food Component/Plant

lignoceroyl sphingomyelin (d18:1/24:0) Braak 0.0181 Sphingomyelins

behenoyl sphingomyelin (d18:1/22:0) Braak 0.0186 Sphingomyelins

glycosyl ceramide (d18:1/20:0, d16:1/22:0) Braak 0.0186 Hexosylceramides (HCER)

N-behenoyl-sphingadienine (d18:2/22:0) Braak 0.0186 Ceramides

Pantothenate Braak 0.0186 Pantothenate and CoAMetabolism

sphingomyelin (d18:1/21:0, d17:1/22:0, d16:1/23:0) Braak 0.0186 Sphingomyelins

tricosanoyl sphingomyelin (d18:1/23:0) Braak 0.0186 Sphingomyelins

ceramide (d18:1/20:0, d16:1/22:0, d20:1/18:0) Braak 0.0296 Ceramides

ceramide (d18:2/24:1, d18:1/24:2) Braak 0.0296 Ceramides

Maltotetraose Braak 0.0296 GlycogenMetabolism

N-stearoyl-sphinganine (d18:0/18:0) Braak 0.0296 Dihydroceramides

N-stearoyl-sphingosine (d18:1/18:0) Braak 0.0333 Ceramides

Piperidine Braak 0.0343 Food Component/Plant

Kynurenate Braak 0.0348 TryptophanMetabolism
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SCHWEICKART ET AL. 9 of 15

F IGURE 4 (A) Ceramide/Sphingomyelin Pathway. Adapted fromBaloni et al, 202249. Divergent metabolites were enriched in this pathway. (B)
Sphingomyelin and ceramide species by Braak stage and demographic group. Across the species of sphingomyelins and ceramides that show
significant divergence between demographic groups, the same pattern emerges: as Braak stage progresses, there is a decrease in themetabolites’
abundance amongst Hispanic American and non-HispanicWhite subjects, while there is no change in non-Hispanic African American subjects. This
pattern persists for all sphingomyelins and ceramides identified. (C) Significant divergence in ceramides/sphingomyelins by chain length and
saturation. Color represents –log10(nominal p-value), stars indicate significant divergent hits.While the ceramide/sphingomyelin pathwaywas
enriched among the divergent hits, not all species showed heterogeneous behavior by demographic group. Of the sphingomyelins with and 18:1
sphingosine chain, those with fatty acid chains with over 20 carbons showed divergent behavior.

saturation (Figure 4C). Among SMs, only species with very-long-chain

fatty acids (> C20) showed significant interactions between Braak

stage and ethnoracial group. Shorter-chain SMs (< C20) did not show

comparable divergence. Thus, the ethnoracial heterogeneity seems to

be driven by selective tau-dependent loss of very-long-chain SMs in

NHWandHAbrains. In contrast, ceramides showed interaction signals

at a handful of chain-length/saturation combinations, but these were

not enriched for particular biochemical properties.

To evaluate whether site-based batch correction preserved under-

lying biological signals rather than introducing site-specific artifacts,

we repeated the entire interaction analysis independently within the

two largest study sites (Mayo and RADC). No associations survived

multiple-testing correction in either site alone, consistentwith the sub-

stantially reduced sample size and statistical power of each single-site

analysis. At a nominal threshold (p< 0.1), theMayo andRADCanalyses

yielded 106 and 60 Braak-by-ethnoracial interactions, respectively, of

which only 12 were shared between the two sites. Of the 48 metabo-

lites that reached BH significance in the full cohort, 16 were nominally

recovered inMayoand14 inRADC,with25 (52%) replicating in at least

one site and 5 in both; the latter included key members of the sphin-

golipid pathway (a glycosyl ceramide and a sphingomyelin species). This

limited cross-site overlap is expected: each site is individually under-

powered, and—because ethnoracial group and study site are partially

confounded in this cohort (no non-Hispanic White donors at Mount

Sinai and noHispanic American donors at Rush)—no single site recapit-

ulates the full multiethnic comparison. These per-site analyses should

therefore be interpreted as a qualitative consistency check rather than

as independent replication, and we report the overlap explicitly here

to provide the context needed to interpret the cohort-level findings

(Supplementary Data 4 and 5).

Together with our findings related to dipeptide- and energy-

pathways, these results reveal a multi-layered, population-based

metabolic heterogeneity in AD that spans proteolysis, bioenergetics,

and, most prominently, sphingolipid remodeling.
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10 of 15 SCHWEICKART ET AL.

4 DISCUSSION

In this study, we applied untargetedmetabolomics to a large, multieth-

nic brain cohort, including dorsolateral prefrontal cortex tissue from

545 postmortemdonors consisting of 220 non-Hispanic African Amer-

icans, 148 Hispanic Americans and 177 non-HispanicWhites. As these

samples originated from four different study sites, stringent quality

control and batch correction was required to reduce site attributable

variance from ∼4 % to < 0.5 % per metabolite while preserving bio-

logical signals. By modelling each of 712 metabolites as a function of

four neuropathology measures of AD, and their interaction with eth-

noracial group membership, we found that only Braak stage, which

reflects neurofibrillary-tangle pathology, interacted with ethnoracial

group. Reagan score, CERAD score, and AD diagnosis showed no sig-

nificant interaction with ethnoracial group. This is consistent with our

previous work in NHWs, where we identified tau load as a potential

driverofmetabolic dysfunction in the late-stageADbrain,withminimal

contributions from A 𝛽 load.20 We speculate that tau’s prominent role

in driving metabolic dysfunction in the postmortem brain may under-

lie these group-specific differences emerging only for the tau-related

neuropathological measures. In total, 48 metabolites showed signifi-

cant Braak-by-group interactions, revealing divergent trajectories of

the neurotransmitter acetylcholine, driven by a sharper decline in His-

panic Americans as compared to shallower declines in other groups;

key tricarboxylic acid cycle intermediates, driven mainly by Hispanic

American samples; a steep Braak-dependent rise in dipeptides unique

to Hispanic Americans; and a pathway-wide, selective depletion of

very-long-chain sphingomyelins (with scattered ceramide changes) in

White andHispanic American brains but not in African Americans.

The population-level heterogeneity in acetylcholine decline could

have implications for drug efficacy and dosing of cholinesterase

inhibitors, a class of AD treatments that act by increasing acetylcholine

availability.41 The differences uncovered here for the first time in brain

tissue, suggest that response to cholinesterase-based therapy may

vary by ethnoracial group and should be considered in both clinical trial

design and treatment planning.

Overall, our findings indicate that tau pathology engages distinct

lipid, peptide-catabolic and bioenergetic programs according to eth-

noracial background, underscoring the need for population-aware

mechanistic models and therapeutic strategies in AD.

4.1 Sphingomyelin/ceramide pathway exhibits
population-specific disruption

The present findings revealed a tau-linked disruption of sphingolipid

metabolism that appears to differ by ethnoracial group. This is con-

sistent with previous studies that have already reported correla-

tions between myelin levels, metabolites, or transcriptomes with tau

pathology.42–48 In our data we observed that in non-Hispanic White

(NHW) and Hispanic American (HA) brains, advancing tau pathology

(indicated by higher Braak stage) was accompanied by a selective loss

of long-chain sphingomyelins (SM) and a parallel decline in ceramides.

Only SMspecieswith fatty acyl chains>C20,which arehighly enriched

in myelin sheaths,49,50 showed this tau-associated reduction.43 These

results indicate that that during late-stage tau pathology, sphingolipid

pools might become exhausted, or ceramides might be further metab-

olized, resulting in net lower levels. Regardless of the underlying

mechanism, the tau-associated loss of long-chain SMs in NHW and

Hispanics points to activemyelin degradation and lipid turnover, a pro-

cess that could contribute to neurodegeneration and is consistent with

knownwhite-matter damage in AD.

The absence of these sphingolipid changes in non-Hispanic African

Americans (NHAAs) underscores how population diversity can unveil

non-universal disease patterns. In our NHAA group, SM and ceramide

levels remained stable acrossBraak stages, indicating a relative preser-

vation of sphingolipid homeostasis despite accumulating tau. While

this divergence within brain tissue is a novel finding, prior research

hints at similar ethnoracial differences in fluids. For example, a plasma

metabolomics study found that AD NHWs and Caribbean Hispan-

ics showed altered glycosphingolipid metabolism, whereas African

American patients did not exhibit such lipid perturbations.51 Addi-

tionally, African Americans have been reported to display lower brain

tau biomarker levels in CSF as compared to whites with the same

degree of cognitive impairment.52 Such findings suggest that tau-

associated myelin damage or lipid release might be less pronounced

in NHAAs potentially due to genetic, environmental, or comorbidity

factors that modulate disease pathophysiology. This interpretation is

further supported by evidence that the allelic dosage of APOE4, which

plays a central role in brain lipid metabolism, results in slower decline

in cognitive tests in NHAAs as compared to NHWs,12 and less dis-

ease risk in individuals of African ancestry as compared to European

ancestry.53

Our results therefore emphasize that including diverse partic-

ipants can reveal divergent biochemical responses to AD pathol-

ogy that would be overlooked in homogeneous subjects. This has

significant clinical implications: in practice, a candidate therapy

aimed at bolstering myelin lipids54 or normalizing ceramide levels

might show varying efficacy across populations unless these differ-

ences are understood. Overall, the tau–sphingolipid findings in this

study highlight a multi-layered, population-dependent heterogeneity

in AD.

4.2 Divergent dipeptide and TCA trajectories
suggest heterogeneous proteostatic and bioenergetic
stress

Beyond sphingolipid remodeling, we observed population-specific

shifts in proteolytic and bioenergetic pathways associated with tau

pathology. Products of protein degradation in the form of dipep-

tides, were disproportionately represented among metabolites show-

ing Braak-stage interactions, with levels rising sharply in Hispanic

Americans, increasing modestly in non-Hispanic Whites (NHWs), and

remaining stable in non-Hispanic African Americans (NHAAs). While

the connection between dipeptides and AD is not clear, some evidence
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shows that the dipeptide carnosine, normally abundant in brain tis-

sue and cerebrospinal fluid, is depleted in AD and has been linked

to impaired cognitive function and reduced cerebral vasodilation.55,56

Loss of carnosine and other dipeptides with antioxidant or vasoreg-

ulatory roles may exacerbate neurovascular dysfunction in AD, a

mechanism potentially more active in Hispanic American brains where

dipeptide accumulationmay reflect compensatory or pathological pro-

teostatic stress. In support of this, studies in hypertensive rat models

show that certain orally delivered dipeptides can reverse neuronal

damage and cognitive deficits by activating pro-survival signaling and

reducing apoptosis,57 further underscoring the potential vascular and

metabolic significance of dipeptide regulation in AD.

Energy metabolites, specifically TCA-cycle intermediates fumarate,

malate, and succinate, also showed divergent trajectories across eth-

noracial groups. In NHWs and HAs, levels of these metabolites shifted

with increasing Braak stage, whereas NHAAs showed distinct or

flat patterns. These findings align with well-established mitochon-

drial dysfunction in AD brain tissue, where impaired TCA cycling and

oxidative phosphorylation lead to energy deficits, oxidative stress, and

neurodegeneration.58–62 Mechanistically, fumarate, malate, and succi-

nate lie downstream of succinyl-CoA. Common variation in SUCLG2,

the GDP-specific 𝛽 subunit of mitochondrial succinyl-CoA synthetase,

has been associated with AD phenotypes and cognitive decline.63

While mitochondrial failure is a common feature of AD, emerging

evidence suggests it may unfold differently across populations. For

example, oxidative damage to mitochondrial DNA has been reported

to be elevated in Mexican American AD patients compared to NHWs,

correlating with worse cognitive performance.64 Mitochondrial hap-

logroup associations with AD risk have also been explored, suggesting

that ancestry-related mtDNA variants may modulate susceptibility.65

The absence of consistent TCA metabolite shifts in NHAAs could

indicate more stable mitochondrial function in this group during tau

accumulation, or it may reflect distinct mechanisms of metabolic

adaptation or resilience.

These population-specific patterns in proteolysis and mitochon-

drial metabolites reinforce the idea that AD is not a monolithic

disease. Pathophysiological responses, including how the brain pro-

cesses damaged proteins and maintains energetic homeostasis, may

differ byancestrydue togenetic, environmental, or vascular co-factors.

Without samples from multi-ethnic cohorts representing different

ancestries and variable exposures, such divergent trajectories would

remain obscured, potentially leading to incomplete or biased models

of AD biology. Understanding these differences is not only critical for

interpreting disease mechanisms, but also for identifying biomarkers

and tailoring interventions that reflect the full spectrum of disease

across populations.

4.3 Complexities of self-reported ethnoracial
grouping

Our analysis rests on three self-identified categories: non-Hispanic

African American, Hispanic American, and non-Hispanic White. These

categories sit at the intersection of genetic ancestry and culture.

They capture broad continental ancestries but also likely embed social

parameters such as residential segregation, differential access to care,

diet, education, and chronic stress. These socially structured expo-

sures have been increasingly linked tomolecular phenotypes, including

emerging evidence that they shape the metabolome.66–68 Within-

group heterogeneity is therefore substantial: A “Latin/Hispanic” donor

may carry Indigenous, African, and European genetic traits in pro-

portions that vary by birthplace and family history, while an “African

American” donor from the U.S. Southeast may differ markedly in both

genome and lived experience from one raised in California.

Relying solely on genetic ancestry for grouping, while common

in research, risks overlooking important sociocultural and environ-

mental determinants of biology and health. The limitations of purely

genetic definitions are underscored by recent advances in genomics,

demonstrating that our existing genomic references, and by exten-

sion ancestry-based frameworks built upon them, are incomplete and

biased against underrepresented populations.69 Likewise, polygenic

risk score analyses across diverse African populations have shown

that prediction accuracy varies widely not only between continental

ancestries but also within Africa, where differences in local ancestry

can produce variability in predictive power as large as those between

continents.70 These findings highlight that genetic ancestry alone can-

not fully capture the biological, cultural, and environmental complexity

influencing disease risk or metabolism. Consequently, the metabolite-

by-group interactions we report cannot be assigned unambiguously to

germ-line genetics, social environment, or their interaction.

This ambiguity has two implications. First, the broad ethnoracial

labels themselves may dilute true effects: because each self-identified

category spans awide spectrumof genetic ancestries and social experi-

ences, themetabolic signalswe detect are probablyweakened. Second,

mechanistic inference is clouded: for example, selective loss of long-

chain sphingomyelins in HAs and NHWs could reflect allele-frequency

differences in lipid-metabolism genes, but it could equally index diet,

metabolic comorbidity, or medication patterns that covary with those

labels.

In future work, coupling genome-wide ancestry proportions with

granular social and lifestyle metrics, including education, neighbor-

hood, diet, and stress burden, will be essential for untangling social

from biological drivers and for ensuring that metabolic biomarkers

generalize across the full spectrum of human diversity. Furthermore,

future work should extend genetic analyses beyond APOE4 by incor-

porating genome-wide polygenic risk scores. Ancestry-informed fine-

mapping could then help pinpoint rare, population-enriched variants in

metabolic genes with outsized effects on thesemetabolic signatures.

4.4 Limitations and caveats

Several factors limit the generalizability of our findings.

First, residual site effects and pre-analytical variability may affect

ethnoracial associations. We combined tissue from four U.S. brain

banks that differed in autopsy workflow, storage logistics and donor
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composition. Although ComBat reduced the fraction of variance

attributable to “site” from ∼4 % to < 0.5 % per metabolite, the lack

of NHWs at Mount Sinai and of HAs at Rush means that ancestry and

site remain partially confounded. Consistent with this, repeating the

analysis within the two largest single sites yielded only modest cross-

site overlap (12 metabolites nominally significant in both Mayo and

RADC, and 5 of the 48 cohort-level hits among them; Supplementary

Data 4 and 5), underscoring that no individual site can reproduce the

full multiethnic comparison and that these per-site results should be

read as a consistency check rather than independent replication.More-

over, variations in parameters known to influence brain metabolite

read-outs, including freezing protocols or storage temperature,71,72

could leave artefacts that evade correction. Standardized, prospective

tissue-collection pipelines in future studies will be essential to confirm

the ancestry-linked sphingolipid signal we report.

Second, our study lacked complete clinical and lifestyle meta-

data. Key modifiers of brain metabolism, including years of education,

body-mass index, diet and physical activity were unavailable for most

donors, and detailed medication histories were lacking as well. Drugs

that alter lipid or energy metabolism (e.g., statins, antihypertensives,

GLP-1 agonists) might therefore confound some of the group-specific

trajectories we observe. Future studies that integrate richer covariate

sets will be required to disentangle social, behavioral and therapeutic

influences from ethnic and racial groupings.

Third, missing neuropathological endpoints limited our statistical

power. Our ancestry-by-Braak interaction screen benefited from the

largest complete-case sample (n = 545), but the CERAD, Reagan, and

AD-diagnosis subsets were roughly 20% smaller and may have been

under-powered to detect comparable heterogeneity. The absence of

interaction hits for those endpoints should therefore be interpreted

with caution rather than as clear evidence of pathologic specificity.

Consistent with this limitation, sex was included as a covariate in all

models, but sex-stratified and sex-interaction analyses were not pur-

sued due to insufficient subgroup sample sizes for adequate power and

reliable inference.

Fourth, allmeasurements derive froma single cortical region (dorso-

lateral prefrontal cortex, DLPFC) at one postmortem timepoint. There

may be brain-region specific metabolite changes. For example, we pre-

viously discovered that ceramides are upregulated in the cerebellar

cortex of AD brains,46 in contrast to the DLPFC findings here. Multi-

region brain metabolome profiling as well as longitudinal sampling of

blood or CSF from antemortem cohorts would be needed to estab-

lish whether the ethnoracial-linked signatures we describe have brain

regional specificity and precede, accompany or result from tau spread.

Finally, bulk-tissue metabolomics lacks the resolution to identify

cell-type-specific contributions to the observed associations. Differ-

ences in the relative abundance of neurons, glia, and other cell types

as well as cell-type specific metabolic reprogramming in response to

pathology could alter the bulk metabolic profile, convoluting down-

stream interpretation.73–75 Future work using single-cell or spatially

resolved metabolomics is needed to determine whether the hetero-

geneityweobserve is rooted in cell composition, cell-specificmetabolic

changes, or both.

4.5 Conclusion and future directions

By harmonizing untargeted metabolomic profiles from more than

five hundred postmortem brains across four U.S. sites, we assem-

bled the largest ethnoracially diverse brain metabolomics resource

to date. The dataset captures how self-identified ancestry, and its

intertwined social milieus, correlate with AD biochemistry. This

included ethnoracial-specific shifts in sphingolipid remodeling, pep-

tide catabolism, and mitochondrial fuel use. These findings provide a

first step towards a molecular rationale for tailoring both biomarkers

and therapies to the populations they are meant to serve. For exam-

ple, our data suggest that long-chain sphingomyelin loss is muted in

African Americans; therapeutic window may therefore differ between

ethnoracial groups, an important consideration for more efficacious

clinical trials.More broadly, thiswork offers a foundation for dissecting

howdemographic variables intersectwithdistinctmetabolic pathways,

neuropathologic markers, and druggable targets in AD, accelerating

progress toward truly precise, population-specific interventions.
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