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Abstract

INTRODUCTION: Cerebral amyloidosis is a defining feature of Alzheimer’s disease

(AD), yet the molecular heterogeneity among amyloidbeta-positive (Aβ+) individu-
als remains poorly defined. We aimed to map the proteomic correlates of cerebral

amyloidosis and link them to clinical variability within Aβ+ individuals.

METHODS: We integrated quantitative amyloid PET with large-scale plasma pro-

teomics (∼7000 proteins; SomaScan version 4.1) in Knight Alzheimer’s Disease

Research Center and Bio-Hermes cohorts (n = 1429). Proteome-wide association

analyses identified proteins associated with amyloid load, followed by unsupervised

clustering and pathway enrichment analyses.

RESULTS: We identified 454 amyloid-associated proteins, of which 54 replicated

cross-cohort. A derived 54-protein proteomic score correlated with amyloid burden,

AD biomarkers, and clinical severity. Pathway analyses of clinically distinct pro-

tein clusters revealed coordinated enrichment of intracellular signaling, immune, and

proteostasis modules.
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DISCUSSION: These findings delineate the circulating proteomic signature of cere-

bral amyloidosis and support plasma proteomics as a complementary approach to

phosphorylated tau at threonine 217 and amyloid PET for biological stratification and

characterization of disease heterogeneity in AD.
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Highlights

∙ Plasma proteomics identified reproducible amyloid-associated signatures across

cohorts.

∙ 454nominal proteins revealedwidespreadmolecular variation in amyloidpathology.

∙ A 54-protein panel captured heterogeneity within Aβ+ individuals.

∙ Protein modules were associated with cognitive and biomarker variation.

1 BACKGROUND

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder

characterized by the accumulation of amyloid beta (Aβ) plaques and
tau neurofibrillary tangles that lead to neuronal loss and cognitive

decline.1 While cerebrospinal fluid (CSF) and positron emission tomog-

raphy (PET) biomarkers of Aβ and tau have transformed the diagnostic

landscape of AD,2 these modalities are limited by invasiveness, cost,

and accessibility. Blood-based biomarkers are increasingly recognized

as scalable and minimally invasive tools for the early detection and

monitoring of AD pathology, with recent studies demonstrating strong

a correspondence between plasma measures of phosphorylated tau

isoforms (e.g., p-tau217 and p-tau181) and amyloid PET status.2,3

However, despite major advances in candidate biomarker discov-

ery, a deeper understanding of how peripheral protein changes

relate to amyloid pathology and clinical progression remains

incomplete.

Proteomic profiling offers a means to capture the complex molec-

ular heterogeneity of AD across multiple biological compartments.4–8

High-throughput platforms such as SomaScan and Olink enable simul-

taneous quantification of thousands of plasma proteins with high

sensitivity, facilitating the discovery of molecular signatures linked to

disease risk, progression, and resilience.9,10 Recent large-scale stud-

ies have revealed peripheral proteomic patterns that reflect brain

amyloidosis, neuroinflammation, and metabolic dysregulation, under-

scoring the potential of plasma proteomics as a readout of AD-related

biology.4–6,11 Integrative analyses combining plasma or CSF pro-

teomics with amyloid PET have identified dozens to hundreds of

proteins, including circulating immune mediators, lipoproteins, synap-

tic markers, and complement components, as correlates of amyloid

pathology.12–15 Nonetheless, the molecular specificity and hetero-

geneity among individuals with elevated amyloid burden remain

incompletely characterized. Most prior work relied on dichotomous

comparisons based on case-control or amyloid status, which may

obscure continuous relationships between proteomic variation and

amyloid load across the AD continuum. Moreover, the biological

diversity among Aβ-positive (Aβ+) individuals, who range from asymp-

tomatic to cognitively impaired, is poorly understood and motivates

data-driven molecular stratification approaches that relate proteomic

signatures to specific clinical trajectories.

In this study, we integrated quantitative amyloid PET with large-

scale plasma proteomic profiling to identify circulating molecular

correlates of cerebral amyloid burden. Proteome-wide analyses using

both continuous and dichotomized PET measures first captured

proteins associated with amyloidosis across its full spectrum, fol-

lowed by focused analyses within Aβ+ individuals to identify pro-

teins linked to higher amyloid load. Proteins showing reproducible

associations across independent cohorts were then combined to

derive a standardized 54-protein proteomic score (z) that summa-

rized amyloid-associated molecular variation. We further examined

these proteins and the composite score in relation to clinical and

molecular AD endophenotypes, revealing coordinated protein clus-

ters associated with traits such as earlier disease onset and greater

cognitive impairment. Pathway enrichment analyses provided bio-

logical context, highlighting the convergence of synaptic, immune,

metabolic, and proteostasis-related processes within the amyloid-

associated proteomic signature. Together, this work outlines the

circulating proteomic landscape of amyloidosis and introduces a

reproducible plasma-based signature that complements established

biomarkers such as Aβ and phosphorylated tau at threonine 217

(p-tau217), enabling finer molecular stratification of Aβ+ individ-

uals while reducing reliance on invasive or costly CSF and imag-

ing measures that are not readily suited for longitudinal disease

monitoring.
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RESEARCH INCONTEXT

1. Systematic review: We searched PubMed for studies on

plasma proteomics and cerebral amyloidosis in AD. Prior

work has identified plasma biomarkers such as p-tau217

and several proteomic signatures associatedwith amyloid

pathology. However, most studies rely on case-control or

amyloid status (positive vs negative) comparisons and do

not address molecular heterogeneity within Aβ+ individ-

uals or reproducibility across cohorts.

2. Interpretation: We integrated amyloid PET with large-

scale plasma proteomics across two independent cohorts

to identify reproducible amyloid-associated proteins and

derive a 54-protein signature of amyloid-related molec-

ular variation. By focusing on Aβ+ individuals, we

uncovered consistent associations with cognitive and

biomarkermeasures anddelineated distinct proteinmod-

ules that define divergent clinical trajectories.

3. Future directions: Future work incorporating longitu-

dinal plasma proteomics, multi-omics integration, and

larger, harmonized cohorts will be important to charac-

terize dynamic changes in amyloid-related protein net-

works and to evaluate their prognostic value.

2 METHODS

2.1 Study design and participant details

We designed a two-stage study to identify and validate plasma pro-

teomic signatures associated with amyloid burden as measured by

quantitative amyloid PET (Figure 1). The discovery cohort (Knight-

ADRC) included 558 participants, of whom 178 were Aβ+ and 380

were amyloid-negative (Aβ−), based on PET-derived standardized

uptake value ratios (SUVRs). All participants underwent plasma pro-

teomic profiling using the SomaScan version 4.1 platform. A validation

cohort of 871 individuals (241 Aβ+ and 630 Aβ−) with available amy-

loid PET and plasma proteomics was used to validate the findings

(Table 1).

In thediscovery stage, proteomic associationwith quantitative amy-

loid PET levels were assessed using linear regression models. The

identified proteins were further tested for their associations with

related clinical andbiomarker traits, includingClinicalDementiaRating

(CDR),Mini-Mental State Examination (MMSE), age at onset, CSFAβ42
(A), Aβ40, and p-tau181 (T) biomarker status. An amyloid-associated

proteomic score (z) was generated as the z-transformed weighted

sum of standardized protein abundances, using effect size estimates

from regression models of continuous amyloid PET levels among Aβ+
individuals asweights. Biological interpretationwasperformedbyclus-

tering proteins according to shared trait associations, followed by

pathway enrichment analysis. A completely independent validation of

TABLE 1 Demographic information of participants at time of
plasma collection.

Characteristics Knight-ADRC Bio-Hermes

Sample size (N) 558 871

Mean age (SD) 68.5 (9.3) 71.9 (6.7)

Male (%) 45.9 42.7

APOE ε4+ 229 (41.1%) 325 (37.3%)

Positive (Aβ+) 178 (32%) 241 (28%)

Tracer PiB (n= 320),

FBP (n= 238)

FBP (n= 871)

Note: Basic demographic information of plasma proteomics from discov-

ery (Knight-ADRC) and validation (Bio-Hermes) cohorts. For each cohort

we report the total sample size (N), mean age and its standard deviation

(SD), percentage (%) of males, number of APOE ε4+ individuals and Aβ PET-
positive (Aβ+) individuals, and tracer used to measure the amyloid PET

burden.

Abbreviations: FBP, florbetapir F-18; Knight-ADRC, Knight Alzheimer Dis-

ease Research Center; PiB, 11C-Pittsburgh compound-B; SD, standard

deviation.

protein correlation with quantitative Aβ+ levels and weighted pro-

teomic score (z) associationwith clinical status andADbiomarkerswas

assessed in the external Bio-Hermes validation cohort.

2.2 Knight-ADRC

The Knight Alzheimer’s Disease Research Center (Knight-ADRC)

cohort at Washington University School of Medicine has been recruit-

ing and longitudinally assessing community-dwelling adults older than

45 years old since 1979. The Memory and Aging Project (MAP)

at the Knight-ADRC collects biofluids and conducts annual clinical

assessments, neuropsychological testing, neuroimaging studies, and

autopsies of brain samples. Eligible participants may be asymptomatic

or have mild dementia at the time of enrollment. All participants are

required to participate in core study procedures, including annual

clinical assessments, neuropsychological testing, neuroimaging, and

biofluid biomarker studies. Annual cognitive assessments of the par-

ticipantswere conductedby experienced clinicians. These assessments

involveda semi-structured interviewwithbothaknowledgeable collat-

eral source and the individual displaying symptoms. The assessments

followed the Uniform Data Set protocol of the National Alzheimer’s

Coordinating Center16 and included a comprehensive neurological

examination.

2.3 Bio-Hermes

Between April 2021 and November 2022, 17 research sites collec-

tively recruited 1296 community-based participants, of whom 1001

were enrolled in the Bio-Hermes Study.17 These sites, all active in

clinical trials evaluating investigational treatments for AD, have exten-

sive expertise in recruiting individuals across the cognitive spectrum,
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F IGURE 1 Study design and analytical
workflow. Plasma proteomic signatures of
amyloid loadwere investigated using a
two-stage design. In the Knight-ADRC
discovery cohort (n= 558; 178 Aβ+ and 380
Aβ−), participants underwent amyloid PET
imaging using florbetapir F-18 (FBP) or
11C-Pittsburgh compound-B (PiB) tracers and
plasma proteomic profiling with the SomaScan
version 4.1 platform. Findings were validated
in an independent Bio-Hermes cohort (n= 871;
241 Aβ+ and 630 Aβ−) with amyloid PET (PiB)
and the same proteomic platform.
Computational analyses included (i) regression
models testing associations between individual
plasma proteins and continuous or
dichotomized amyloid PET; (ii) association
analyses of amyloid-related proteins with CSF
biomarkers (e.g., Aβ42, Aβ40, Aβ42/Aβ40 ratio)
and cognitive traits (e.g., CDR,MMSE); and (iii)
calculation of a standardized proteomic score
(z) based on 54 proteins that showed
replicated associations with amyloid load
across discovery and validation cohorts.
Biological interpretation focused on clustering
amyloid-associated proteins by their patterns
of association with biomarkers and clinical
outcomes, followed by pathway enrichment
analyses for each protein cluster to highlight
underlyingmolecular processes.

including cognitively normal controls (CO), those with mild cogni-

tive impairment (MCI), and those with mild AD. Each site also has

prior experience conducting studies requiring confirmed brain amy-

loid positivity as part of enrollment criteria. Plasmawas collected using

standardized protocols and frozen at−80◦Cuntil analysis. Cerebral Aβ
was assessedwith amyloid PET using the florbetapir F-18 (18F-AV-45)

tracer and with plasma p-tau217 (Eli Lilly). Associations of SomaScan

proteomic measurements with PET outcomes used blood samples col-

lected at the most recent Bio-Hermes study visit at which PET data

were collected.

2.4 Plasma proteomics measurement and quality
control

The proteomic data utilized in this study were obtained from in-house

generated (Knight-ADRC)18 and an external (Bio-Hermes) cohort

(Table 1). For both cohorts, baseline plasma samples were analyzed

using the SomaScan v4.1 platform, which measures more than 7,000

aptamers using an aptamer-based technology widely recognized for

biomarker discovery.19,20 This platform has demonstrated high repro-

ducibility in prior studies, with median coefficients of variation for

intra- and inter-plate assessments averaging around 5%.21,22 It can

detect proteins over a vast dynamic range, from femtomolar to micro-

molar concentrations, providing a sensitivity that exceeds that of

traditional immunoassays.

For the Knight-ADRC plasma samples collection and proteomic

data quality check and normalization was performed as described

previously.19,23 Briefly, plasma samples were collected in the morn-

ingwithout fasting. All samples followed standardized preparation and

processing protocols and were stored at −80◦C until sent for pro-

tein quantification. To reduce batch effects, the samples were shipped

together to SomaLogic and randomly distributed across plates. Protein

levels were measured using the SomaScan v4.1 platform, an aptamer-

based technology that allows for multiplexed protein quantification.

The resulting dataset included quantitative measurements of more
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than 7,000 aptamers, expressed in relative fluorescence units (RFU).

Initial data normalization was carried out by SomaLogic, which applied

hybridization controls to address intra-plate variation and median sig-

nals for inter-plate adjustments.22 Additionally, the data were further

normalized against an external reference to account for biological

variability.24

Subsequent quality control (QC) at both the aptamer and indi-

vidual sample levels was performed using an internally developed

protocol.23 Aptamers were first filtered based on limit of detection

(LOD), defined as the mean signal in buffer samples plus two standard

deviations. Aptamers with more than 85% of samples below the LOD

were excluded. Additional technical filters were then applied, remov-

ing aptamers if the maximum absolute difference between calibration

and median scale factors across plates exceeded 0.5, or if the median

coefficient of variation (CV) across plates was greater than 0.15. Out-

liers were identified using a 1.5× interquartile range (IQR) threshold

on log10-transformed RFU values and were set to missing rather than

removed. Following this, sequential two-stage call rate filtering was

applied, excluding aptamers and samples with call rates below 65%

and subsequently 85%. Aptamers targeting non-human proteins were

excluded in the final step. The log10-transformed RFU values were fur-

ther normalized using a z-score transformationwith center and scaling

set to true, which ensured they had a mean of 0 and a standard devi-

ation (SD) of 1. After applying all these QC steps, 558 samples (178

Aβ+ and 380 Aβ-) and 6,873 aptamers passed QC in the plasma data.

The same quality control and normalization pipelinewas applied to the

Bio-Hermes data.

2.5 Positron emission tomography

Knight-ADRC: The amyloid-β (Aβ) PET scanswere performed using dif-

ferent tracers, including 11C-Pittsburgh compound-B (PiB) measured

in Centiloid units and florbetapir F-18 (FBP). For standardization, amy-

loid PET data from each tracer were normalized to their reference

cerebellar regions in order to obtain SUVRs in a composite of cor-

tical brain areas. To normalize amyloid PET endophenotypes across

different tracers, we converted different amyloid imaging measures

into log10-normalized z-scores using the “scale” function in base R,

with “center” and “scale” set to true. These normalized z-scores were

used for dichotomizing Aβ PET into biomarker positive (Aβ+) and neg-
ative (Aβ−), as previously described.25,26 Briefly, defining biomarker

positivity and negativity requires the selection of a cut point. We

and others27,28 have demonstrated that it is possible to use a Gaus-

sian mixture model (GMM) to statistically infer that cut-off by relying

on hierarchical model-based agglomerative clustering. to dichotomize

amyloid PET, applying a z-score threshold of 0.78 (corresponding to a

raw value of 33.01) for FBP and 0.643 (corresponding to a raw value of

25.85) for PiB.26

Bio-Hermes: Cerebral Aβdepositionwas assessedwith amyloid PET

using the FBP tracer, described in detail elsewhere.17 For analysis in

which a binary cut-off for amyloid positivity was required, the z-score

cut-off of 0.71 (corresponding rawvalue of 62.71) for FBPwas selected

based on a GMM-based approach, as described earlier.

2.6 Differential abundance analysis (DAA)

Multiple linear regressionmodels adjusting for baseline age, sex, tracer

(in Knight-ADRC), and the first two proteomic principal components

(PC1 and PC2) were used to examine associations of proteins with

mean cortical Aβ. Because PiB PET in the presence of low or absent

Aβ (i.e., Aβ− participants) can reflect tracer kinetics rather than Aβ
deposition,29 we examined how proteins correlated with mean corti-

cal Aβ separately across Aβ+ participants and the total sample. Logistic

regressionmodels adjusted for the samecovariateswereused toexam-

ine associations of proteins with dichotomized (Aβ+ vs Aβ−) status.
Proteins that passed association with p < 0.05 and false discovery

rate (FDR) < 0.05 were treated as nominally and FDR significant,

respectively.

2.7 Derivation of amyloid-associated plasma
proteomic score and association analyses

To quantify the aggregate effect of replicated amyloid-associated

plasma proteins, we constructed a weighted proteomic score (z) based

on the 54 proteins that demonstrated concordant directionality and

nominal significance in both the Knight-ADRC (discovery) and Bio-

Hermes (validation) cohorts. Within each cohort, protein abundances

were first standardized to z-scores to ensure comparability across ana-

lytes with differing dynamic ranges. In the discovery cohort, we first

fit linear regression models relating each of these 54 proteins to con-

tinuous amyloid PET burden within Aβ+ individuals, and we used the

resulting effect-size estimates 𝛽j asweights. For a given individual i, the

raw proteomic score was calculated as

Si =
∑
j∈Oi

𝛽jZij,

where Zij is the standardized abundance of protein j in individual i,

and Oi is the set of proteins with non-missing measurements for that

individual. To avoid bias from missing values, we normalized this score

by the sum of the absolute weights for the observed proteins:

Snormi =
Si∑

j∈Oi
|𝛽j| .

The normalized score Snormi was then z-transformed across individ-

uals to obtain the final proteomic score used in downstream analyses.

An analogous cohort-specific score was independently derived in the

Bio-Hermes cohort using effect-size estimates generated within that

cohort.

Associations between the proteomic score and clinical, cognitive,

and biomarker traits were evaluated using linear or logistic regression
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models as appropriate. Continuous outcomes included MMSE, CDR-

SB, normalized amyloid PET burden, and plasma Aβ42 levels, while

clinical AD status was modeled as a categorical outcome. All models

were adjusted for age at blood draw, sex, and Apolipoprotien E (APOE)

genotype. Because the proteomic score was developed to capture

inter-individual variability in amyloid burden among Aβ+ participants,

primary analyses were conducted within the amyloid-PET-positive

subset, with full-cohort analyses performed for comparison. Effect

sizes (β), Pearson’s correlation coefficient (r) values, and corresponding
p values were reported, and statistical significance was assessed using

two-sidedWilcoxon rank-sum tests.30

2.8 Unsupervised hierarchical clustering of
plasma proteome

To examine global patterns of similarity across diagnostic groups, we

performed unsupervised hierarchical clustering on the standardized

effect size from the association analysis of identified proteins with dif-

ferent clinical and pathological traits. Effect sizes from the linear (in

the case of quantitative trait) and logistic (for binary traits) regression

models were divided by their standard error (SE). Hierarchical cluster-

ing was carried out using Euclidean distance as the similarity metric

and complete linkage as the agglomeration method. Heatmaps with

dendrograms were generated to visualize proteomic clustering pat-

terns across different clinical and biomarker traits. All analyses were

performed in R (version 4.3.0) using the packages ComplexHeatmap

(version 2.16.0) for heatmap visualization and stats for clustering.

2.9 Pathway enrichment analysis

Functional enrichment analysis was performed separately for

each protein cluster using the ClusterProfiler R package (version

4.8.1).31 Reactome32 pathway enrichment analysis was performed

using the “enrichPathway” function, Gene Ontology (GO)33 using

“EnrichGO,” Kyoto Encyclopedia of Genes and Genomes (KEGG)34

using “enrichKEGG,” WiKi pathways35 using “enrichWP,” and the

human disease ontology (DO)36 using “enrichDO.” The default uni-

versal set of genes served as the reference background for all of the

enrichment analyses. Only significantly enriched pathways (p < 0.05)

were reported. Functional enrichment significance was determined

using a hypergeometric test for over-representation.

2.10 Ethics statement

Ethics approval for the Knight-ADRC was obtained from the Institu-

tional ReviewBoards (IRBs), and the researchwas conducted following

the approved protocols (WUSTL IRB approval 201109148). Writ-

ten informed consent was obtained from participants or their family

members, and the study design was approved by all participating

institutions.

The Bio-Hermes protocol was approved by the central IRB. All par-

ticipants gave written informed consent prior to participation, and

de-identified data were used for analyses.

3 RESULTS

We analyzed plasma proteomic and amyloid PET data from two inde-

pendent cohorts separately, comprising a total of 1429 individuals.

(Figure 1, Table 1). The discovery cohort from the Knight-ADRC com-

prised 558 participants (178 Aβ+ and 380 Aβ−), and the Bio-Hermes

validation cohort included 871 participants (241 Aβ+ and 630 Aβ−).
Plasma proteins were quantified with the SomaScan version 4.1 plat-

form, yielding measurements for approximately 7000 analytes, and

were integrated with quantitative amyloid PET values obtained using

FBP and PiB tracers. We next examined plasma proteomic signatures

associated with amyloid load across all individuals (Aβ+ and Aβ−) and
only those that were Aβ+, evaluated their relationships with clinical

and fluid biomarker traits, developed a proteomic score to predict amy-

loid burden, and investigated the underlying biology through clustering

and pathway enrichment analyses.

3.1 Plasma proteomic signatures of amyloid PET

We first assessed associations between continuous amyloid PET mea-

sures and plasma protein levels in the Knight-ADRC cohort (n = 558)

using linear regression models adjusted for age, sex, tracer, and the

first two proteomic principal components. Of the 6870 protein ana-

lytes profiled, 470 were nominally associated (p < 0.05) with amyloid

load, and 14 remained significant after multiple testing correction

(FDR < 0.05; Figure 2A and Table S1). These proteins included previ-

ously implicated markers of neurodegeneration (e.g., FOXO1, SPC25,

and LRRN1) as well as putative novel candidates (e.g., CPLX2, CTF1,

TBCA). To further characterize the proteomic correlates of amyloid

pathology, we analyzed amyloid PET as a dichotomous trait (Aβ+
vs Aβ−; Figure 2B). This comparison yielded 895 nominally associ-

ated proteins, of which 53 passed FDR correction. Many of the top

signals overlapped with those from the continuous models for all indi-

viduals, reinforcing their relevance across different trait definitions;

SPC25, CPLX2, CTF1, and FOXO1 were among the most consistently

associated proteins.

Because our primary goal was to identify proteins linked to higher

amyloid burden, we next repeated the analysis in Aβ+ individuals only

(n = 178; Figure 2C). In this subset, 454 proteins showed nominal

associations (p < 0.05) with continuous amyloid PET. Proteins such as

C1orf185, LMNB1, and DNAJC19 showed the strongest positive cor-

relations with amyloid load, whereas VPS29, TGIF2, and DLL3 were

negatively associated. We then compared the sets of nominally asso-

ciated proteins across the three analytic strategies (continuous in all

participants, dichotomous Aβ+ vs Aβ−, and continuous in Aβ+ only;

Figure S1A). Twenty proteins were shared across all models, defin-

ing a core group of amyloid-related plasma markers, whereas larger
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F IGURE 2 Plasma proteomic associations with amyloid PET in discovery and validation cohorts. (A–C) Associations between plasma protein
levels and amyloid PET in the discovery cohort (Knight-ADRC). Each point in the volcano plots represents one of approximately 7000 proteins,
plotted by effect size (x-axis) and significance (−log10 FDR or p value, y-axis). Proteins positively associated with amyloid load are shown in red;
negatively associated proteins are shown in blue. (A) Continuous amyloid PET across all participants identified 470 nominally associated proteins,
including 14 that passed FDR correction. (B) Dichotomized amyloid PET status (Aβ+ vs Aβ−) across all participants identified 895 nominally
associated proteins, of which 53 remained significant after false discovery rate (FDR) correction. (C) Continuous amyloid PET among Aβ+
individuals identified 454 proteins with nominal associations. (D–F) Replication of amyloid-associated proteomic signatures in the Bio-Hermes
validation cohort. (D) Associations with continuous amyloid PET in all participants; (E) dichotomized amyloid status in all participants; (F)
continuous amyloid PET in Aβ+ individuals. (G) Heatmap of effect size for 54 proteins that showed robust associationwith continuous amyloid PET
in Aβ+ individuals across discovery (Knight-ADRC) and validation (Bio-Hermes) cohorts.

subsets were unique to individual approaches, indicating that continu-

ous and dichotomous PET measures captured complementary aspects

of amyloid-linked proteomic variation.On this basis, subsequent analy-

ses focusedonproteins associatedwith continuous amyloidPETwithin

Aβ+ individuals, to emphasize proteomic changes related to elevated

amyloid burden in the brain.

To evaluate the reproducibility of these associations, we carried

out independent validation in the Bio-Hermes cohort.17 Using the

same regression framework, we modeled protein associations with

three amyloid PET traits: continuous and dichotomized values in

all participants and continuous values in Aβ+ individuals. In Bio-

Hermes (n = 871), 32 and 27 proteins were significantly associated

(FDR < 0.05) with continuous and dichotomized amyloid PET, respec-

tively (Figure 2D,E). Several proteins identified in the Knight-ADRC

cohort, including SPC25, LRRN1, CTF1, CPLX2, and FOXO1, showed

concordant and significant associations in this independent valida-

tion cohort. When analyses were restricted to only Aβ+ individuals

(n = 241), 10 proteins remained significant after FDR correction

and an additional 855 were nominally associated (Figure 2F); among

the FDR-significant proteins, EIF2B1, ST13, and TPP2 also showed
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nominal associations with concordant effect size directions in Knight-

ADRC discovery cohort. Across all three analytic strategies in Bio-

Hermes, 66 proteins were consistently associated with amyloid PET

(Figure S1B), regardless of how the PET trait was defined.

We next examined effect-size concordance between cohorts to

evaluate the robustness of identified associations (Figure S2). For

continuous amyloid PET in all individuals, effect sizes for proteins

nominally associated in Bio-Hermes were strongly correlated with

those from Knight-ADRC (Pearson’s correlation coefficient r > 0.6,

p = 4.2×10−06), increasing to r = 0.97 (p < 1.2×10−12) when restricted
to proteins significant at FDR < 0.05 in Bio-Hermes. For analyses

limited to Aβ+ individuals, 290 of 436 overlapping proteins (67%)

showed concordant-effect directions, with an overall effect-size cor-

relation of 0.32 (p < 2.2×10−16; Table S2). This correlation improved

to 0.76 (p < 2.2×10−16) and 0.98 (p < 1.2×10−13) when only nom-

inally and FDR-significant proteins in Bio-Hermes were considered,

respectively. Of these 290 overlapping proteins, 54 were also nomi-

nally associated in theBio-Hermes cohort, indicating a subset of robust

amyloid-related markers with consistent effects across independent

samples (Figure 2G).

As a sensitivity analysis, we evaluated associations between plasma

proteins and tau-PET measures in the Knight-ADRC cohort. Although

tau PET and amyloid PET proteomic signatures showedmoderate con-

cordance in effect sizes (maximum r = 0.69; concordance = 81%),

the overlap of nominally associated proteins was limited (6% to

20% across tau-PET analyses), supporting the relative specificity of

the amyloid-associated proteomic signals (Figure S3). Together, these

results support a reproducible plasma proteomic signature of cerebral

amyloid burden across independent cohorts and provide a robust basis

for downstreammechanistic and translational analyses.

3.2 Plasma proteins define clinically relevant
molecular heterogeneity within Aβ+ individuals

To prioritize biologically robust signals linked to cerebral amyloid

pathology, we focused on the 54 plasma proteins that showed the

same direction of effects and nominal significance in both the Knight-

ADRCandBio-Hermes cohorts. In limitingour analyses toproteins that

replicated across these independent samples, we aimed to enrich for

shared amyloid-related biology rather than cohort-specific noise. The

replicated panel included regulators of proteostasis and cellular stress

(e.g., HSPA1A, UBE2K, SUMO2), kinase and metabolic signaling (e.g.,

PRKAA1/PRKAB1/PRKAG1, KRAS, MAP4K1, BAD), immune media-

tors (e.g., TYK2, IL-31RA, BCL6), and synaptic or neuronal components

(e.g., STX1A,ARPP21, PRKG1), suggesting coordinatedperturbationof

intracellular signaling, immune, and protein quality-control pathways.

Using effect-size estimates from Knight-ADRC, we constructed a

weighted amyloid-associated proteomic score (z) and examined its

clinical relevance. Because this score was designed to capture varia-

tion in amyloid burden among Aβ+ individuals, downstream analyses

were performed primarily in the Aβ+ subset (n = 178), where varia-

tion reflected disease severity rather than presence versus absence

of amyloid. Within this group, higher proteomic scores were asso-

ciated with greater clinical impairment: Scores were higher in AD

compared with cognitively normal individuals (p = 0.02; Figure 3A)

and increased across global CDR categories from 0 to 1 (p = 0.02;

Figure 3B). When stratified by combined CSF Aβ42 (A) and hyperphos-
phorylated tau181 (T) status, the highest scoreswere observed in A

+T+

individuals (p = 0.03), indicating that the proteomic signature tracked

withmore advanced biomarker-defined disease stage (Figure 3C).

Consistent with these group-wise differences, higher proteomic

scores tended to relate to worse cognition and function among Aβ+
individuals, showing a trend toward lower MMSE (r = −0.13, p = 0.08;

Figure 3D) and a significant positive association with CDR-Sum of

Boxes (CDR-SB) (r = 0.19, p = 0.01; Figure 3E). Effect-size estimates

were directionally consistent for associations between the proteomic

score and clinical/biomarker outcomes (Figure 3F). In contrast, asso-

ciations were attenuated and not statistically significant when the

score was evaluated in the full Knight-ADRC cohort (n = 558), con-

sistent with dilution of amyloid-related signal by Aβ− individuals

(Figure S4A–D). Pathway enrichment of the 54 proteins demonstrated

over-representation of PI3K-Akt/mTORsignaling, cell-cycle and kinase

complexes, interferon and immmue signaling, and autophagy-related

processes (Figure S4E andTable S3), underscoring the biological coher-

ence of this replicated plasma signature and its relevance to clinical

heterogeneity emerging after amyloid positivity.

In parallel, we generated a cohort-specific proteomic score in Bio-

Hermes using the same 54 proteins and their effect-size estimates

from that cohort.Higher values of this validation scorewere associated

with clinical AD diagnosis and higher normalized amyloid PET levels

and were inversely related to MMSE performance and plasma Aβ42
concentrations (Figure S4F–H). The concordant direction and pattern

of trait associations across both cohorts support the robustness of this

proteomic signature as a biologically meaningful correlate of amyloid-

related disease severity. Notably, in the Knight-ADRC cohort where

APOE genotype was available, the associations between the proteomic

score and clinical and biomarker traits were not modified by APOE

ε4 status (Figure S5), suggesting that this signature captures amyloid-

relatedmolecular variation that is largely independent of APOE-driven

genetic risk.

3.3 Association of amyloid-related plasma
proteins with clinical and molecular AD traits

To investigate the broader biological and clinical relevance of amyloid-

associated proteins, we related the 454 proteins identified in Aβ+
individuals to a panel of AD biomarkers and clinical measures. These

traits included CSF Aβ42, Aβ40, the Aβ42/Aβ40 ratio, hyperphospho-

rylated tau181 (p-tau), total tau (Tau), CSF AT status (A+T+ vs A−T−),

standardized CDR, binarized CDR status (CDR = 0 vs CDR > 0),

CDR-SB, clinical diagnosis (AD vs control), MMSE, age at onset, and

age-at-onset group (early vs late onset using a65-year cut-off).We first

focused on the 54 replicated proteins that showed concordant, nom-

inal associations with amyloid load in both cohorts. Several proteins,
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F IGURE 3 Amyloid-associated plasma proteomic score stratifies clinical severity within amyloid-positive individuals. Association of the
54-protein amyloid-associated proteomic score (z) with clinical and cognitive outcomes in amyloid-positive individuals (n= 178). (A) Distribution
of the proteomic score across clinical groups (cognitively normal [CO] vs Alzheimer’s disease [AD]). (B) Proteomic score across global Clinical
Dementia Rating (CDR) categories. (C) Proteomic score stratified by combined CSF Aβ42 (A) and hyperphosphorylated tau181 (T) status, showing
the highest levels in A+T+ individuals. (D) Association between proteomic score andMMSE. (E) Association between proteomic score and CDR-SB.
Lines represent linear regression fits with 95% confidence intervals. (F) Forest plot summarizing standardized effect sizes (beta coefficients± 95%
CI) for associations between the proteomic score and clinical/biomarker outcomes.

such as VAT1L and IL-31RA, were associated with clinical diagnosis,

whereas others, including CELF2, TYK2, and PRKAA1, showed con-

sistent relationships across multiple clinical and cognitive measures

(Figure 4A).

We then extended these analyses to all 454 proteins to identify

broader groups of proteins linked to shared clinical and biomarker pro-

files. Hierarchical clustering of trait-association effect sizes revealed

distinct modules of proteins with correlated patterns of association

(Figure 4B and Table S1). The Gap statistics (k)37 and total within-

cluster sum of squares38 supported a five-cluster solution (Figure

S6). Notably, some clusters were enriched for proteins showing con-

cordant associations with amyloid and tau biomarkers, while others

were more closely aligned with measures of clinical severity such as

MMSE and CDR. For example, proteins in Cluster 1 (84 proteins)

showed positive associations with higher CDR scores and earlier age

at onset, consistent with a molecular profile of more aggressive or

early-presenting disease. Proteins in Cluster 2 (51 proteins) were

also enriched for early-onset cases but showed comparatively weaker

associations with measures of clinical severity, suggesting trajectories

of earlier yet less rapidly progressive pathology. In contrast, pro-

teins in Cluster 3 (59 proteins) exhibited inverse associations with

both pathology and cognitive decline, compatible with a resilience-

or protection-related signature. Cluster 4 proteins (80 proteins) were

characterized by later onset but stronger associations with worsening

CDRandCDR-SB, indicating aprofile of rapiddeteriorationonce symp-

toms emerge. Finally, Cluster 5 (180 proteins) showed subtle but broad

positive associations across multiple traits, pointing to involvement

of more generalized systemic processes, including neurodegenera-

tive and inflammatory activity. Together, these findings indicate that

amyloid-associated plasma proteins do not form a single homogeneous

signal but instead resolve into biologically meaningful modules that

map onto distinct clinical trajectories, spanning early versus late onset,
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F IGURE 4 Trait associations and clustering of amyloid-related plasma proteins. (A) Heatmap of effect sizes for associations between the 54
replicated amyloid-related proteins and Alzheimer’s disease biomarkers and clinical traits in the Knight-ADRC cohort. Traits include CSF Aβ42,
Aβ40, Aβ42/Aβ40 ratio, hyperphosphorylated tau181 (pTau), total tau (Tau), CSF AT status (A+T+ vs A−T−), standardized CDR, binarized CDR
(CDR= 0 vs CDR> 0), CDR-Sum of Boxes (CDR-SB), clinical diagnosis, Mini-Mental State Examination (MMSE), age at onset, and age-at-onset
group (early vs late onset, 65-year cut-off). Asterisks denote nominally significant associations (p< 0.05). (B) Heatmap of effect sizes (β
coefficients) for associations between the full set of 454 amyloid-associated proteins and the same biomarker and clinical traits in Aβ+ individuals.
Hierarchical clustering of proteins and traits revealed five protein clusters (colored bars at the top) with correlated association patterns, as
determined by gap statistics andwithin-cluster sum-of-squares criteria. Red and blue indicate positive and negative associations, respectively.
These clusters represent coherent molecular modules that capture coordinated relationships among amyloid, tau, and clinical measures.

relatively benign versus high-risk progression, and putative resilience

in AD.

3.4 Pathway enrichment analysis

To better understand the biology underlying the five protein clus-

ters derived from the trait-association heatmap, we performed

pathway enrichment analyses using GO,33 KEGG,34 Reactome,32

WikiPathways,35 and DO36 databases. Distinct and biologically coher-

ent enrichment profiles emerged for each cluster, indicating that they

represented separable molecular programs that may contribute to dif-

ferent clinical trajectories among Aβ+ individuals (Figure 5 and Table

S4).

Cluster 1 (C1), which was positively associated with higher CDR

scores and earlier disease onset, was enriched for fibroblast growth

factor (FGF) signaling, cytokine activity, and postsynaptic organiza-

tion, including FGF2, interleukin (IL)-6R, IL-17C, IL-25, and NPTX2.

Enrichment for pathways such as response to fibroblast growth factor

stimulus and signaling by interleukins points to coordinated activation

of inflammatory and growth factor–mediated cascades,39,40 consis-

tent with glial activation and neuronal stress responses reported in

rapidly progressing AD.40 The presence of synaptic and neuronal pro-

teins such as STX1A, NPTX2, and SIRT2 further supports a role for

synaptic dysfunction and neurodegenerative signaling in this high-risk

cluster.10,41

Cluster 2 (C2), associated with earlier onset but comparatively

slower progression, showed enrichment for immune-modulatory

and cell-signaling pathways, including T-cell receptor signaling

(UBE2D1, UBE2V1, UBE2N) and mTOR signaling (EIF4E, YWHAB).

These pathways are implicated in neuroimmune interactions and

regulation of protein translation, processes that are relevant to

neurodegeneration.42,43 Additionally, IL-17 signaling and prostaglandin

signaling pathways (IL-17A, IL-17F) were also prominent, suggesting

cytokine-driven neuroinflammation and vascular contributions.44 DO

results further connected C2 proteins to macular degeneration, vas-

cular dementia, and both Alzheimer’s and tauopathy, demonstrating

a direct relationship of this cluster with canonical neurodegenerative

phenotypes.

Cluster 3 (C3) showed the opposite clinical pattern to C1, with later

onset and lower CDR scores, consistent with a resilience-associated

signature. Enriched pathways included positive regulation of leukocyte

activation (TNFSF4, BAD, FCGR3A, HAVCR1, IL-12RB1, THY1), mem-

ory T-cell differentiation (TNFSF4, IL-12RB1), and neuropeptide activity

(ADCYAP1, PNOC). Several C3 proteins (FMR1, THY1, APBB2, PNOC)

are involved in distal axon biology and synaptic plasticity, supporting a

role for neuronal resilience.45 Reactome terms highlighted downreg-

ulation of transforming growth factor beta (TGF-β) receptor signaling
(STUB1, BAMBI, USP15), a pathway that restrains glial activation

and chronic neuroinflammation,46 and p53-Dependent G1 DNA Dam-

age Response (PSMC3, CDK2, CCNA2), which are linked to cellular

stress resistance and neuroprotection.47 Together, these features sug-

gest that C3 captures adaptive immune and neuropeptide-mediated

mechanisms that may protect against amyloid-related decline.

Cluster 4 (C4) was enriched for vesicle lumen, lipoprotein particle

metabolism, cell chemotaxis, sphingolipid biosynthetic process, and protein

ubiquitination. Proteins such as SAA1, PON1, and MSR1 are impli-

cated in lipoprotein remodeling and innate immune activation,48,49

while PPM1L, SPTLC1, and SIRT3 pointed to the regulation of mito-

chondrial and membrane lipid homeostasis.50,51 Chemotaxis-related

proteins (GAS6, CXCL3, RAB13) and ubiquitination components (VCP,

UBE2V2, UBE2K) suggested links between immune recruitment, pro-

teostasis, and neurodegeneration.52,53 Overall, C4 reflects a lipid–

immune–proteostasis axis that may exacerbate metabolic stress and

neuroinflammatory imbalance, aligning with the rapid clinical decline

observed in this cluster.
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F IGURE 5 Pathway enrichment analysis of amyloid-associated plasma protein clusters. Dot plots display significant GeneOntology (GO;
including BP, CC,MF), KEGG, Reactome,Wiki Pathways, and DiseaseOntology (DO) enrichments for plasma protein clusters (n= 5) associated
with continuous amyloid PET in Aβ+ individuals. Proteins were grouped into clusters based on clinical trait associations, and pathway enrichment
was performed for each cluster. Dot size denotes the significance of enrichment (−log10 p), while color indicates cluster identity.

Cluster 5 (C5) displayed broad yet coordinated enrichment of

immune, metabolic, and intracellular signaling pathways, consistent

with systemic inflammation and neurodegenerative stress responses.

Key processes included adaptive immune regulation, chemokine and

cytokine-mediated signaling, autophagy, and FoxO/PI3K–Akt pathways.

Multifunctional proteins such as TGFB1, IL-12A/B, IL-4, PRKAA1, and

PRKAG1connect this cluster to inflammatory and longevity-regulating

mechanisms that likely reflect compensatory responses to accumu-

lating neural injury.54,55 Additional enrichment for neurotrophic and

metabolic regulators within PI3K–Akt signaling (NGF, FGFR3, INS, and

PPP2R1A) underscores cross-talk between neuronal survival, oxida-

tive stress control, and energy homeostasis.56 DO terms related to

diabetic neuropathy, hyperglycemia, and vascular disorders indicate

that C5 also captures systemic metabolic and vascular pathology that

can heighten vulnerability to neurodegeneration.

Taken together, these pathway results show that the five amyloid-

related plasma protein clusters represent biologically distinct molecu-

lar programs that align with their clinical phenotypes. The association

of C1 with growth factor signaling (FGF2, GALNT3) and synapse

organization (STX1A, NPTX2) corresponds to its link with aggres-

sive disease progression driven by neuroinflammation and synaptic

dysfunction. Enrichment of C2 for immune modulation (ADAM17, IL-

17A/F) and mechanistic target of repamycin (mTOR) / T-cell receptor

(TCR) signaling (YWHAB, UBE2D1) defines an early-onset but slower-

progressing profile involving neuroimmune and vascular processes.

The protective C3 is characterized by immune regulation (TNFSF4, IL-

12RB1), neuropeptide activity (ADCYAP1, PNOC), and stress response

(PSMC3, CDK2) pathways, suggesting molecular resilience through

adaptive immunity and neuroprotection. Involvement of C3 proteins in

lipid metabolism (PPM1L, SIRT3), vesicular transport (SAA1, CXCL3),
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and proteostasis (VCP, UBE2V2) highlights metabolic and immune

dysregulation that may drive rapid clinical decline. Finally, C5 inte-

grates systemic inflammation (TGFB1, IL-12A/B), autophagy (PRKAA1,

PRKAG1), and neurotrophic signaling (NGF, PPP2R1A) through FoxO

and PI3K-Akt pathways, reflecting widespread neurodegenerative

stress and metabolic vulnerability. Collectively, these pathway enrich-

ments provide mechanistic insights into the heterogeneous proteomic

states that underlie distinct clinical trajectories in Aβ+ individuals,

underscoring the value of cluster-basedmolecular stratification.

4 DISCUSSION

Plasma is an accessible biofluid that can captureboth systemic and cen-

tral nervous system (CNS)–related biology, offering a practical window

into molecular alterations associated with AD. Yet, our understand-

ing of robust, amyloid-specific changes within the plasma proteome

remains limited. Previous plasma and CSF proteomic studies iden-

tified candidate markers of amyloidosis and neurodegeneration, but

most profiled a limited subset of proteins and relied on dichotomous

case–control or amyloid status contrasts, which can obscure con-

tinuous relationships across the disease spectrum.12–15 Only a few

studies examined individuals across the full amyloid continuum, and

even fewer focused specifically on Aβ+ individuals to identify pro-

teins that track with continuous amyloid load,7 a key step toward

understanding biological heterogeneity and pathogenic mechanisms.

Although established biomarkers such as plasma p-tau217 provide

sensitive measures of AD-related pathology, they do not fully capture

the broader systemic and molecular processes that contribute to dis-

ease progression.57 In parallel, as anti-Aβ therapies increasingly target
preclinical or asymptomatic individuals,58 there is a growing need for

complementary blood-based biomarkers that can stratify individuals

by risk and enable non-invasive, cost-effective monitoring of disease

progression and therapeutic response.

In this study, we integrated quantitative amyloid PET with large-

scale plasma proteomics across two independent cohorts (Knight-

ADRC and Bio-Hermes, n = 1429) to identify reproducible amyloid-

associated plasma proteins, relate them to clinical and molecular

endophenotypes, and delineate their underlying biology through data-

driven clustering and pathway enrichment (Figure 1). Proteome-

wide analyses revealed that hundreds of circulating proteins track

with amyloid PET burden (Figure 2 and Table S1), recapitulating

previously reported markers such as SPC25,12–14 LRRN1,12,14 and

FOXO1,12,14 as well as novel candidates including CPLX1, TINAGL1,

and DLD, which are linked to synaptic regulation,59 extracellular

matrix remodeling,60 and cellularmetabolism,61 respectively. Restrict-

ing analyses to Aβ+ individuals further refined this landscape, nom-

inating proteins specifically associated with higher cerebral amyloid

load, including phosphatase-related (PPP2R1A),62 synaptic (STX1A,

VPS29),12,63 stress-response (HSPA1A, SUMO2),64,65 and ubiquitin-

pathway proteins (UBE2K, UBE2N), that have been implicated in

cognition, neuropathology, and AD risk. Importantly, replication in the

independent Bio-Hermes cohort confirmed 54 proteins with concor-

dant directions of effect, increasing confidence in the robustness of

these associations despite differences in sample composition and sta-

tistical power. Together, these findings indicate that plasmaproteomics

can capture both broad proteome-wide variation associated with

amyloid pathology and more specific signals within Aβ+ individuals,

complementingCSFand imagingbiomarkers. Althougheffect sizes var-

ied between cohorts even with similar platforms and z-score scaling,

directional consistency among top-ranked proteins suggests under-

lying biological convergence. These quantitative discrepancies likely

reflect differences in sample composition, statistical power, and cohort

heterogeneity, underscoring the biological and technical complexity

of amyloid-associated plasma signatures and highlighting the impor-

tance of harmonized study designs and larger samples for reproducible

validation.

Building on these associations, we derived an amyloid-associated

plasma proteomic score (z) that showed clinically meaningful associa-

tions specifically within Aβ+ individuals, whereas no significant links

were observed across the full cohort (Figure 3 and Figure S3). This

stage-dependent pattern is consistent with current AD biomarker

models, in which amyloid accumulation represents an early initiating

event and downstream molecular and clinical heterogeneity emerges

after pathological thresholds are exceeded.2,66 Because the score

was derived to capture inter-individual variability in amyloid bur-

den among Aβ+ participants, its associations with CDR-SB, MMSE,

and clinical diagnosis are most appropriately interpreted within this

subgroup. Inclusion of Aβ− individuals likely dilutes these effects, as

amyloid-driven biological responses may not yet be engaged, mirror-

ing observations for tau PET and plasma p-tau measures that show

their strongest clinical correlations after amyloid positivity.67,68 The

enrichment of constituent proteins in pathways related to PI3K–

Akt/mTOR signaling (PRKAA1, KRAS), kinase regulation (MAP4K1,

PPP2R1A), interferon-mediated immune responses (BCL6, IL-31RA),

and proteostasis (HSPA1A, UBE2K) provides biological context for

these associations, implicating processes central to metabolic regula-

tion, innate immune activation, and protein quality control that are

increasingly recognized in AD pathophysiology.69,70 The convergence

of these pathways within a replicated plasma signature suggests that

the proteomic score we developed may index coordinated systemic

responses to amyloid-related cellular stress that shape clinical expres-

sion. Although several associations were modest in magnitude, the

consistency in direction and trait relationships across both cohorts

supports the interpretation that this signature captures biologically

meaningful heterogeneity within the Aβ+ stage.

Beyond summarizing amyloid burden, the broader set of amyloid-

associated proteins revealed distinct molecular and clinical substruc-

tures. Clustering 454 amyloid-related proteins according to their

association patterns with established AD biomarkers (e.g., CSF Aβ42,
p-tau) and cognitive measures (CDR and MMSE) yielded five coher-

entmodules (C1–C5) that reflecteddiffering patterns of pathology, age

at onset, and cognitive decline (Figure 4). C1, associated with earlier

onset and higher CDR, was enriched for growth factor signaling (FGF2,

GALNT3), cytokine activity (IL-6R, IL-17C), and synaptic proteins

(STX1A, NPTX2), aligning with prior work implicating neuroinflamma-
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tion and synaptic dysfunction in more aggressive disease courses.39,71

C2 showed enrichment for immune pathways and mTOR/T-cell recep-

tor signaling (ADAM17, IL-17A/F, YWHAB), consistent with studies

linking peripheral immune remodeling and specific cytokine axes to

slower clinical progression.43,44 The C3 cluster, which was associated

with later onset and lower CDR, was enriched for immune regula-

tion and neuropeptide activity and contained key synaptic proteins

(THY1, FMR1) andneuropeptides (PNOC,ADCYAP1) that are involved

in synaptic plasticity,72 stressmodulation, and neuroprotection,73 con-

sistent with a putative resilience-related program. C4, characterized

by lipid metabolism and proteostasis proteins (SAA1, VCP), mirrors

evidence connecting altered lipid handling, mitochondrial function,

and protein quality control to neurodegeneration and more rapid

decline.49,74 Finally, C5 reflected systemic inflammation, autophagy,

and neurotrophic signaling (TGFB1, PRKAA1, NGF), echoing the

role of AMPK–FoxO and PI3K–Akt pathways in stress and energy

homeostasis.55,56 Taken together, these clusters highlight mechanistic

heterogeneity among Aβ+ individuals and suggest that distinct plasma

proteomic programs may underlie differences in age at onset, rate of

progression, and potentially treatment response.

While our findings are robust, several limitations merit consid-

eration. First, sample sizes within the Aβ+ subsets of both cohorts

limited power for stringent multiple-testing correction, particularly

for weaker effects, and the largely cross-sectional design precludes

causal inference. Future work incorporating longitudinal plasma pro-

teomics, multi-omics integration, and larger, harmonized cohorts will

be important to characterize dynamic changes in amyloid-related pro-

tein networks and to evaluate their prognostic value. Second, although

plasmaoffers aminimally invasivewindow intoCNS-related processes,

circulating protein levels are influenced by systemic factors such

as inflammation, metabolic status, medications, and comorbid condi-

tions, which may confound associations with cerebral amyloid load.5,6

Third, the cohorts analyzed here were predominantly of European

ancestry and recruited through specialized centers, which may limit

generalizability to more diverse and community-based populations.

Fourth, pathway and clustering inferences rely on current annotation

resources and may not capture context-specific interactions or novel

functions, emphasizing theneed for experimental validation of keypro-

teins and implicated pathways.75 Finally, although amyloid-associated

proteomic signals were largely concordant across cohorts, differences

in effect sizes likely reflect variation in sample size of Aβ+ individu-

als (229 in Knight-ADRC vs 325 in Bio-Hermes) and imaging protocols

(PiB and FBP in Knight-ADRC vs FBP in Bio-Hermes). Nonetheless, the

consistent directionality of effect sizes and replication of key proteins

acrossboth cohorts support the robustnessof theunderlyingbiological

signals.

In summary, this study defines a reproducible plasma proteomic

signature of cerebral amyloid load, delineates biologically distinct pro-

tein clusters linked to clinical and biomarker variation, and illustrates

the potential of peripheral proteomics for mechanistic insights and

molecular stratification in AD. By connecting systemic protein signa-

tures to central amyloid pathology and downstream clinical outcomes,

our findings provide a framework for incorporating plasma biomarkers

into precision medicine strategies that aim to stage disease, identify

high-risk or resilient subgroups, and monitor therapeutic effects in

individuals along the Alzheimer’s continuum.
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