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Structural signature of plasma proteins
classifies the status of Alzheimer’s disease
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Alzheimer’s disease (AD) involves proteostasis dysregulation causing

protein misfolding, but whether these structural changes manifest as
plasma conformational biomarkers remains unclear. We profiled plasma
protein structures from 520 participants including individuals with AD,
individuals with mild cognitive impairment (MCI) and healthy controls.
Using mass spectrometry and machine learning, we systematically
characterized the structural proteome changes associated with ApoE
variations and neuropsychiatric symptoms to identify AD-specific
signatures. We developed a diagnostic panel using peptides from C1QA,
CLUS and ApoB representing AD-associated structural changes. This
three-marker panel achieved 83.44% accuracy in three-way classification
(healthy versus MCl versus AD). Binary classification yielded area under the
receiver operating characteristic curves of 0.9343 for healthy versus MCI
and 0.9325 for MCl versus AD. Longitudinal samples were classified with
86.0% accuracy. This multi-marker panel based on plasma protein structural
alterations represents a promising diagnostic approach that may enhance
early AD detection and provide insights for clinical trials, improving
therapeutic outcomes.

Proper protein folding and misfolded protein removal are essential
for cellular function'. Despite meticulous cellular surveillance sys-
tems, approximately 30% of newly synthesized proteins are prone to
misfolding>’. Misfolded proteins cause cellular malfunctions, includ-
ing mitochondrial dysfunction, calcium dysregulation and inflamma-
tion*.In AD, the inability to sustain proper protein folding because of
decreased proteostasis is observed in the brain. AD is closely corre-
lated with aging, and declining proteostasis allows the accumulation
of damaged organelles and misfolded proteins, ultimately causing
extensive protein aggregation’. Aggregated amyloid-f3, an AD hall-
mark, accumulates between neurons approximately 15 years before
clinical symptoms appear®. However, as the understanding of AD’s

complex biology has grown, research has expanded beyond individ-
ual protein misfolding like amyloid plaques or tau tangles to include
protein conformations and interactions’’, Bamberger et al.*reported
conformational differences in brain tissue proteins between AD and
normal controls, suggesting conformational perturbations beyond
amyloid-p misfolds. Comprehensive investigation of global structural
changesin AD-associated proteins could reveal mechanisms underly-
ing disease risk factors or symptoms and potentially identify plasma
protein structural signatures.

Apolipoprotein E (encoded by APOE) is a polymorphic gene encod-
ing a plasma protein that chaperones cholesterol and blood lipids.
Three major allelic variants exist (€2, €3, €4), with APOE €3 being most
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common (70-80% allele frequency)™. ApoE isoforms produce proteins
differing by only 1-2 amino acids but with different binding interac-
tions". APOE €4 and €2 correlate with AD risk'; individuals with £4/¢4
were 15 times more likely to develop AD than €3/e3, while €2/e2 showed
40% lower risk. Approximately 50-65% of individuals with AD carry
the £4 allele’®”. Studies have differentiated protein and RNA expres-
sion profiles of APOE genotypes and identified their protein network
impact'"*. However, few studies have examined how the APOE geno-
type affects ApoE-interacting protein structures, despite evidence of
differential binding.

Almost all individuals with AD develop neuropsychiatric symp-
toms (NPSs), but women reportedly develop severe cognitive impair-
ment more rapidly than men®™, Studies found that women with AD
exhibit delusion more often, whereas apathy and agitation were more
common inmen®?, Interest in characterizing molecular profiles and
pathway alterations related to NPSs and AD is continuing to grow?.
However, the sex-NPS relationship remains unsubstantiated®, and
providing molecular pathological evidence is challenging because of
substantial AD clinical heterogeneity?*.

In this study, we conducted an unbiased analysis to determine
if protein structural changes underlie AD post-onset symptoms. We
hypothesized that AD-induced proteostasis reduction causes struc-
tural perturbations in AD-associated plasma proteins. We examined
how ApoE-interacting proteins were structurally influenced by APOE
allelic variations and identified proteins with structural changes corre-
lating with NPS severity in male and female participants. We used deep
learning algorithms to develop an optimized multi-marker panel from
AD-associated conformational changesin three proteins (C1QA, CLUS
and ApoB). This panel was the best-performing among 18 candidates
created using 18 distinct machine learning algorithms, evaluated using
470 blood samples from healthy controls, individuals with MCI and
individuals with AD. This three-marker panel achieved 83.44% accuracy,
simultaneously classifying healthy, MCland AD inthe unsupervised test
set, was unaffected by age-related health conditions and was validated
using 50 longitudinal follow-up samples.

Results

Demographic characteristics of participants from two cohorts
and profiles of protein structure

The proteinstructures of 520 plasmasamples from two retrospective
cohorts were profiled. The University of Kansas Alzheimer’s Disease
Research Center (KU ADRC) cohort (n =320) included medical his-
tory, cognitive testing results and neuropsychiatric symptoms. Of
these individuals, 50 were followed longitudinally to track disease
progression for up to 255 days. The University of California San Diego
(UCSD) cohort (n=200) included sex, age and cerebrospinal fluid (CSF)
amyloid-p and tau measurements (Table 1). Presence of AD-related brain
pathology was determined using CSF amyloid-f3 and tau measurements
(Extended DataFig.1). Median amyloid-p 42 (AB,,) concentrations were
408 pg mI™* (AD), 553 pg mI™* (MCI) and 701 pg mI™ (healthy individu-
als). Median A, ratios were 0.0448 (AD), 0.0639 (MCI) and 0.0746
(healthy individuals). Median total-tau concentrations were 658 pg ml™
(AD), 385 pg mI™* (MCI) and 304 pg ml™ (healthy individuals). Median
concentrations of 181-phosphorylated taul81 were 93.7 pg ml™ (AD),
49.8 pg ml™ (MCI) and 42.1 pg ml™ (healthy individuals). CSF biomarker
concentrationsin AD were significantly different from MCl and healthy
individuals (analysis of variance, adjusted P (P,g;) < 0.05).

Agedid notdifferacross groupsineither cohort (P=0.7880 for KU
ADRC, P=0.2026 for UCSD) except in longitudinal follow-up samples.
The longitudinal samples were slightly older than the cross-sectional
samples; however, this difference did not affect the identification
of disease-specific protein structural changes or biomarker panel
generation because the longitudinal samples were used solely for
multi-marker panel validation. In the KU ADRC cohort, the APOE geno-
types were determined for 256 of 270 individuals (94.8%), with none

exhibiting the APOE €2/¢2 genotype. In total, 33 healthy individuals
(32.4%), 35 individuals with MCI (45.3%) and 54 individuals with AD
(55.9%) carried APOE €4, while 2 healthy individuals (2.0%), 8 individuals
with MCI (10.7%) and 17 individuals with AD (18.3%) had two €4 cop-
ies. The average Mini-Mental State Examination (MMSE) and Clinical
Dementia Rating Sum of Boxes (CDRSUM) scores were 29.0 + 1.1 and
0.1+ 0.4 (healthyindividuals),26.5 + 2.6 and 1.7 + 0.8 (individuals with
MCI) and 22.4 + 4.9 and 5.5 + 3.2 (individuals with AD), respectively.

We globally profiled proteome structures inblood samples from
allparticipants (n = 520) using covalent protein profiling (CPP), achem-
icalmethod for quantitative protein footprinting that probes exposed
and buried amino acids on protein surfaces (Fig. 1a). This method
quantifies protein conformational changes ona proteome-wide scale
based on dimethyl labeling of exposed lysine residues. CPP quanti-
fies lysine exposure and represents it as accessibility (%), independ-
ent of protein abundance. Accessibility reflects the proportion of
dimethylated lysine residues relative to the theoretical maximum.
Higheraccessibility indicates more lysine sites exposed to solvent with
greater dimethylation accessibility, while lower accessibility indicates
buried or structurally protected lysine residues. While CPP resolution
is limited regarding atomic-level structural changes, the accessibility
score offers a quantitative global perspective by reflecting structural
changesacrossthe entire proteomein asingle experimental batch. We
quantified 3,655 labeled lysine-containing peptides corresponding
to 373 proteins from 520 blood samples. Subsequently, we focused
on 879 labeled peptides (representing 109 proteins) quantified in
more than 25% of total participants (n>130) (Supplementary Fig. 1).
This study aimed to identify AD markers based on structural changes
rather than conducting in-depth proteome profiling or achieving
large dynamic range proteomic analysis. Prioritizing potential AD
marker utility in clinical settings, we minimized sample preparation to
reduce experimental errors. We assumed that if structural changes in
relatively abundant proteins could effectively discriminate AD, these
findings would offer clinical application advantages with reliable and
consistent measurements. To monitor quality control, we pooled indi-
vidual samples to create 13 quality control samples runintermittently
during liquid chromatography-mass spectrometry (LC-MS) analysis
of individual samples (Supplementary Fig. 2a-c). The coefficient of
variation was approximately 5% or less for both labeled peptides and
non-lysine-containing peptides, confirming that the analysis was not
technically biased and was reproducible.

Assessing the potential of protein structure as a classifier via
global profiling

To evaluate the potential of using protein structure for disease clas-
sification, we sought to compare interindividual variability in protein
structure with the variability of protein expression. Accessibility aver-
aged 93.2% for healthy individuals (n = 227),92.0% for individuals with
MCI (n =135) and 91.1% for individuals with AD (n = 158) across the 879
labeled peptides (Fig. 1b). Overall, accessibility decreased across the
three groups, suggesting that lysines are less exposed as the disease
progresses, presumably because of dysregulation of proteostasis. The
differences between these groups were statistically significant. We
determined the coefficient of variation of the accessibility for each
peptide to assess the interindividual variability of structures. The
average CV within each group increased as the disease progressed:
7.4% (interquartile range (IQR) 2.6-8.3) for healthy individuals, 8.1%
(IQR3.2-9.9) for individuals with MCl and 8.8% (IQR 3.4-10.8) for indi-
viduals with AD (Fig. 1c). The decrease in accessibility and increase in
variability of the accessibility across groups aligned with the compel-
ling hypothesis that proteostasis function progressively declines in
the diseased state, leading to misfolded proteins*?. There was less
variation in the abundance of non-lysine-containing peptides (which
typically conveys protein expression information) with coefficient of
variationof 6.1% (IQR 4.5-7.3) for healthy individuals, 6.3% (IQR 4.6-7.5)
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Table 1| Demographic characteristics

Healthy individuals (n=227) MCI (n=135) AD (n=158)
Age (years) 74.0 (6.7) 74.0 (6.9) 73.8(9.4)
Sex (male/female) 99/128 73/62 82/76
BMI (kgm™) 27.3(4.7) 277 (4.9) 271(6.0)
AB, mean (pgml™) 11,066 10,382 9,241
25th-75th percentiles 8,230-13,705 7,310-12,238 7130-11,166
AB4, mean (pgml™) 786.60 709.40 41550
25th-75th percentiles 550-985 422-910 286-503
p-tau181 mean (pgml™) 49.09 61.33 105.70
25th-75th percentiles 30.55-59.55 30.5-92.8 57.6-125.2
T-tau mean (pgml™) 345.50 43710 772.00
25th-75th percentiles 223-442 219-642 347-917
Ratio (AB,/AB.4,) Mmean 0.07 0.07 0.05
25th-75th percentiles 0.049-0.093 0.049-0.0931 0.0383-0.0567
APOE genotype (1/2/3/4/5) 50/31/16/2/0 29/26/1/8/1 32/35/6/17/2
Hypertension (absent/present) 64/33 32/39 A4/47
Hypercholesterolemia (absent/present) 36/61 21/50 27/64
MMSE 29.0(11) 26.5(2.6) 22.4(4.9)
CDRSUM 0.1(0.4) 1.7(0.8) 5.5(3.2)

“APOE genotype: 1=3/e3, 2=£3/e4, 3=£3/e2, 4=e4/c4, 5=c4/e2. The numbers in parentheses are the s.d.

forindividuals withMCland 6.1% (IQR 4.2-7.4) for individuals with AD
(Fig.1d); coefficient of variation values did not differ between the three
groups. Structural changes exhibited slightly higher variability than
expression changes. When structural and expression changes in MCI
and AD were compared at the protein level, we found an overlap of 55
proteins; when healthy individuals were compared with individuals
with MCI, there was an overlap of 66 proteins (Supplementary Fig. 3).
Under physiological dysregulation, proteins undergo post-synthesis
modifications that affect their function and stability, leading to protein
misfolding. Additionally, we were able to compare the variability in
heterogenousindividual samples by repeatedly measuring the 13 qual-
ity control samples. The structural variability of proteins in the quality
control samples was slightly lower than thatin the individual samples.
The higher variability of the individual samples probably results from
theinfluence of genetic variations (such as single-nucleotide polymor-
phisms) or fromenvironmental factors. Nevertheless, the average coef-
ficient of variation values for the individual samples remained below
10%, indicating considerable uniformity of proteomic conformations
within the same group. These results suggest that protein structural
changes can be used as signatures for disease classification.
Toinvestigate structural alterationsin proteins across groups, we
analyzed the accessibility of labeled peptides. In parallel, we assessed
differences in protein expression levels by examining the intensity of
peptideslacking lysine residues (non-K-containing peptides). For the
healthy versus MCI groups, significant differences in accessibility or
intensity were observedin 42.3% (n=372) of 879 labeled peptides and
in 31.8% (n =456) of 1,431 non-lysine-containing peptides. Similarly,
significant differencesinaccessibility or expression were observedin
22.5% (n=198) of 879 labeled peptides, and in 19.0% (n =273) of 1,431
non-lysine-containing peptides for the advanced stages of MCl versus
AD (Fig.1e). Despite the higher coefficient of variation of accessibility
among individuals within the group, protein structure appeared to be
more influenced by disease than protein expression. These observa-
tions suggest that protein structure might contain essential informa-
tion that could be used to identify disease state. Assuming that protein
structures were dysregulated by AD, we examined how the extent of

structural changes is correlated with the alterations throughout the
overall disease progression. A higher correlation was observed between
the initial and overall changes (R = 0.83) than was observed between
late and overall changes (R=0.71) (Fig. 1f). These observations sug-
gest a nonlinear relationship between protein structure changes and
disease stages; some change occur early, while others change as the
disease advances.

Impact of the APOE genotype on the structure of the proteome
APOE g4 poses ageneticrisk for AD, while APOE €2 provides protective
effects'*?%, Studies have reported that APOE functionality is altered
by the isoforms® 2, We hypothesized that investigating structural
changesin ApoE-interacting proteins based on APOE genotypes could
enhance our understanding of AD and predictits onset and progression.
Toachieve this, we used  coefficients from multiple linear regression
modelsfor eachlabeled peptide toidentify proteins structurally asso-
ciated with ApoE, regardless of disease status. APOE €3/€3 (the most
prevalentgenotype) served as reference. Ninety-one labeled peptides
mapping to 43 proteins showed nominally significant accessibility
differences (P < 0.05) based on €4/¢€4, e4/€3 and €2/¢3 (Fig. 2a). Of 91
peptides, 73 had significantly lower accessibility in €4/e4. Of these 73
peptides, 10 showed accessibility differences with only one €4 allele
copy. After multiple comparison correction (Benjamini-Hochberg
P<0.05), seven peptides remained significantly different in e4/¢4.
Of 43 proteins corresponding to these 91 peptides, 25 reportedly
interact with ApoE per STRING database (Fig. 2b). Twenty-six pro-
teins (including ApoE) enriched 17 Gene Ontology terms generaliz-
able as binding activities, enzyme activities, lipid metabolism and
protein-folding chaperone binding (Supplementary Fig. 4). Four pro-
teins exhibited decreased expression with ApoE €4 versus €3/€3. Four
proteins exhibited decreased expression with ApoE €4 versus €3/€3
(Supplementary Table1).

Unsupervised clustering of 91 ApoE-associated labeled peptides
revealed two distinct clusters: one mainly for healthy individuals and
another for mixed-disease individuals (MCI and AD). These peptides
could not differentiate between AD and MCI (Fig. 2c). We anticipated
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Fig. 1| Distribution of the accessibility of 879 peptides. a, Workflow of CPP
using the blood samples. b, Averaged accessibility decreased significantly
across groups (healthy versus MCI:*P = 0.019, MCl versus AD: *P = 0.046,
two-sided t-test). The box represents the IQR (25th-75th percentiles), center
line, median, whiskers and 1.5x the IQR; outliers shown as individual points.

c,d, Mean coefficient of variation (CV) for 879 labeled peptides (c) and 1,432
non-labeled peptides (d) in 520 individuals. The error bars indicate standard the

deviation (*P=0.0049, two-sided t-test). e, Peptides with significantly different
accessibility (green) or intensity (blue) between groups (P < 0.05, two-sided
t-test). The thick colors indicate significant proportions. f, Protein conformational
changes compared as fold change between disease groups. Early accessibility
changes showed stronger correlation with overall changes (R = 0.83) than late
changes (R = 0.71). Rsignifies the Spearman’s correlation coefficient. The blue
line represents the best-fit linear regression.

that ApoE-related structural information might not effectively distin-
guish MCIfrom AD because APOE €4 isacommon risk factor for both,
and MCl represents the transitional stage between healthy aging and
AD. We identified 37 labeled peptides showing significant accessibil-
ity differences between individuals from different clusters with the
same disease, but not between individuals with different diseases
within the same cluster (Supplementary Fig. 5a). Among these, C1QA
exhibited the most significant accessibility differences across APOE
genotypes. APOE €4/¢4 carriers showed the lowest accessibility, with
significantly reduced levels versus €2/€3, €3/e3 and €3/e4 carriers
(Fig. 2d, P,4;< 0.05). We observed a bimodal accessibility of DVFEEG-
TEASAATAVKITLL (SERPINA3) based on APOE allelic variants (Fig. 2e
and Supplementary Fig. 5b), indicating two distinct subpopulations
with highorlowaccessibility rather than continuous distribution. Nota-
bly, thelow accessibility proportionincreased in APOE €4 carriers (par-
ticularly e4/e4), potentially reflecting genotype-associated population

shifts.In 58.7% (n =34) of e4 allele carriers, DVFEEGTEASAATAVKITLL
accessibility was less than 20%.

Toinvestigate the structural basis for APOE genotype-dependent
SERPINA3 accessibility changes, we performed computational struc-
tural analysis. No studies have revealed direct experimental evidence
for ApoE-SERPINA3 physical interaction. However, haptoglobin (HP)
was experimentally validated to have interactions with both ApoE**
and SERPINA3*"*, We hypothesized that HP serves as mediator in
tripartite complex, facilitating APOE genotype-dependent SER-
PINA3 structural changes. We constructed an ApoE-HP-SERPINA3
ternary complex model using AlphaFold multimer to explore
potential indirect SERPINA3 (DVFEEGTEASAATAVKITLL) across
ApoE isoforms, with progressive reduction from ApoE €2 (16.3 A;
Extended Data Fig. 2a,b) to €3 (15.9 A; Extended Data Fig. 2c,d) to
€4 (10.0 A; Extended Data Fig. 2¢,f). This ternary complex model
provides computational support for ApoE-dependent SERPINA3
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clusters mainly included diseased individuals but were not disease-specific.

d, APOE €4 /¢4 carriers showed significant CIQA structural changes

(decreased GFCDTTNLKGLF accessibility) compared to the other genotypes
(n=13,64,47,17 for €3/€2, €3/€3, €3/e4, €4/e4). The error bars represent the s.d.
Kruskal-Wallis test with Dunn’s post hoc test: €3/e2 showed higher accessibility
than all genotypes (Pvalues: €3/€3, 0.037; €3/e4, 0.016; €4/¢4, <0.001); €4/c4 lower
than €3/€3 (P=0.004) and £3/¢4 (P=0.012).*P< 0.05; ***P < 0.005; **P< 0.0001
ApoE €4/¢4 carrier.e, DVFEEGTEASAATAVKITLL (SERPINA3) accessibility showed
bimodal distribution. The bar represents the percentage of individuals with
accessibility <20% per APOE genotype. A Fisher’s exact test was used (P=0.014); a
pairwise Bonferroni correctionidentified group differences (*P,4;= 0.024).

accessibility changes observed in our CPP data. Furthermore, the
predicted SERPINA3 structure aligned well with the experimentally
validated structure (S0M2, X-ray diffraction, 1.47 A resolution),
showing root mean square deviation values of 1.76 A (ApoE €2),
1.78 A (ApoE £3) and 1.65 A (ApoE £4). Interface analysis revealed dis-
tinct structural characteristics among ApoE isoforms, with ApoE 4
demonstrating highest contact density (Extended Data Fig. 2g) and
most efficient molecular packing despite a moderate interface area
(Extended Data Fig. 2h). Contact efficiency measurements showed

that ApoE €4 achieved more intermolecular interactions per unit sur-
face area than ApoE €2 or ApoE €3. These structural differences cor-
related with progressive increases in binding affinity (AGibbs energy;
Extended Data Fig. 2i) from ApoE €2 to ApoE €4, indicating that ApoE
€4 forms the most structurally optimized SERPINA3 complex. Our
computational structural analyses demonstrated close agreement
with experimentally determined SERPINA3 structures, confirming
that the predicted ternary complex is consistent with CPP-derived
findings of reduced accessibility in ApoE €4. Interface analysis provided
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orthogonal support for our experimental results. These findings estab-
lish discovery-level evidence for ApoE €4 structural differences and lay
the foundation for future biochemical studies elucidating biological
implications of these conformational changes.

Protein structural changes are differentially influenced by
neuropsychiatric symptoms in the sexes

NPSs such as depression, anxiety, elation, hallucination and apathy are
observed in more than 97% of individuals with AD™. To quantitatively
evaluate NPSs, we aggregated ratings assigned by patients for 122 NPSs
(agitation, anxiety, apathy, appetite, delusions, depression, disinhibi-
tion, elation, hallucination, irritability, motor disturbance, nighttime
behaviors). Ratings were: 0, none; 1, mild; 2, moderate; and 3, severe.
Summed score ranged from 0 to 24.In healthy individuals and individu-
alswith MCI, the NPS score did not differ between the sexes, whereasin
the group with AD, female participants scored higher than male partici-
pants, suggesting that female participants with AD had greater cogni-
tive functionimpairment and mood disorder than male participants***
(Extended Data Fig. 3a,b). Based on these sex-dependent symptom
phenotypes, we examined NPS associations with protein structural
changes. We established linear relationship between labeled peptide
accessibility and NPS score using linear regression analysis. Most pep-
tides showed a negative relationship between accessibility and NPS
scores (Fig.3a). Among peptides with significant linear relationships,
74 out of 79 (93.7%) were negative in male participants and 110 out of
129 (85.2%) in female participants. These patternsindicate that severe
NPSs are correlated with decreased peptide accessibility, mirroring
the global accessibility trend across healthy individuals, individuals
with MCland individuals with AD. When testing sex differences in the
accessibility-NPS relationship for each peptide, we found that 45 pep-
tides showed sex-influenced linearity (Fig. 3a). Of these 45 peptides,
17 (representing 13 proteins) showed significant linearity (§ =-4.2
to —-0.1) in male participants only. Of 45 peptides mapping to 19 pro-
teins, 28 showed significantlinearity (8 = —4.0 to 2.4) infemale partici-
pants only (Supplementary Table 2). Meanwhile, 26 labeled peptides
showed accessibility variation with NPS scores in both sexes without
sex dependence. The S coefficients for these 26 peptides were highly
correlated between male and female participants (R = 0.93, 95% con-
fidence interval (CI) 0.85-0.97) (Fig.3b). Among 20 proteins mapped
by these 26 peptides, 10 proteins (APCS, ApoD, C1S, CLUS, FN1, GSN,
ITIH4, KLKB1, PROS1and SERPINA3) showed no sex-specific influence
in any identified peptide region (Fig. 3c and Supplementary Table 3).
These 10 proteins were enriched to amyloidosis and AD in the Human
Disease Ontology database (Fig. 3c).

NPS scores showed higher discriminatory power in female than
male participants. Area under the receiver operating characteris-
tic curves (AUROCs) for healthy versus AD differed significantly
betweenmale (0.8435) and female (0.9321) participants (DeLong test,
P=0.0477), suggesting more severe cognitive impairment in women
during AD progression. We evaluated the distinguishing power of pro-
tein structural changes reflecting cognitive impairment differences.
More peptides exhibited distinguishable characteristics (AUROC > 0.7)
in early versus advanced disease stages. We identified 160 and 115
labeled peptides for healthy versus MCI, and 54 and 80 for MCl versus
AD in male and female participants, respectively. Four peptides from
four proteins (C3, CLUS, ITIH2 and PROS1) inmale participants and five
peptidesfromfive proteins (CFB, CLUS, FN1, HPX and PROS1) in female
participants showed AUROCs greater than 0.7 for both healthy versus
MCland MClversus AD (Fig. 3d). ITIH2 conformation was significantly
correlated with NPS severity, with high negative  coefficients (-5.24
and -3.29) for DMENFRTEVNVLPGAKVQF accessibility versus NPS
scores in male and female participants, respectively. This peptide
showed significant sex differences in discriminatory power for early
disease (MCl versus AD), performing better in men (AUROC = 0.838)
thanwomen (AUROC = 0.625) (Extended DataFig. 3c). Studies reported

thesalutary effect of ITIH2in neurological recovery after braininjury,
suggesting that these proteins maintain normal homeostatic balance
and that genetic polymorphisms may contribute to neuropsychiatric
disorder risk**™*, Clusterin (CLUS) has been associated with AP clear-
ance or aggregation”. In our study, the SVDCSTNNPSQAKL (CLUS)
lysine residue became increasingly concealed as NPSs worsened
(B=-0.65male,-0.78 female using simple linear regression) (Fig. 3e).
Additionally, SVDCSTNNPSQAKL accessibility distinguished disease
states in early (healthy versus MCI) and late stages (MCI versus AD)
with AUROCs greater than 0.7 for both sexes (Extended Data Fig. 3d).

Multi-marker panel based on protein structural status

To mitigate cohort-specific marker selection bias and improve popula-
tion heterogeneity representation, we combined the KUMC and UCSD
samples and split them into discovery (training) and test sets. Of 470
samples, two-thirds (n = 313;135 healthy, 83 with MCI, 95 with AD) were
used to identify structural signatures simultaneously differentiat-
ing healthy versus MCl versus AD. The remaining one-third (n =157;
67 healthy, 42 with MCI, 48 with AD) independently tested the model
generated from the training set (Supplementary Fig. 6). Additionally,
longitudinal samples (n =50) validated the model’s discriminatory
power. Missing values were imputed using the k-nearest neighbor
method, which preserves the original dataset patterns more effectively
than mean or minimum value imputation*, before training. Missing
value imputation was validated as described in the Supplementary
Data, ‘Missing value imputation validation’ and Supplementary Fig. 7.

We systematically evaluated 18 established machine learning
algorithms toidentify the optimal approach, including random forest,
gradient-boosted trees, decision tree, deep learning, k-nearest neigh-
bor, naive Bayes (kernel), rule induction, support vector machine,
linear discriminant analysis, neural net, naive Bayes, generalized
linear model, decision stump, randomtree, onerule (single attribute),
quadratic discriminant analysis, regularized discriminant analysis
and AutoMLP*. Eleven algorithms (random forest, gradient-boosted
trees, decision tree, deep learning, k-nearest neighbor, naive Bayes
(Kernel), rule induction, support vector machine, linear discriminant
analysis, neural net, generalized linear model, AutoMLP) demon-
strated 70% or greater accuracy on both training and test sets (Fig. 4a).
Deep learning, random forest and k-nearest neighbor exhibited supe-
rior test set performance with accuracies of 83.4%, 81.5% and 80.2%,
respectively. The deep-learning-based panel achieved the highest
test set accuracy (83.4%), with no significant reduction in the unsu-
pervised test set, indicating no overfitting. The multi-marker model
included GFCDTTNKGLF (C1QA), SVDCSTNNPSQAKL (CLUS) and
AVLCEFISQSIKSF (ApoB).

Using this multi-marker model, 84 out of 95 individuals with AD in
the training set were accurately classified based on structural status.
Similarly, 42 out of 48 test set participants were correctly classified
(Fig.4b).Inboth sets, all false-negative AD cases were assigned to MCI,
and all falsely classified healthy individuals were classified as MCI.
When individuals with AD were misclassified as MClI, the structural
variation trends of all three proteins resembled the precursor condi-
tion (MCI). However, some misclassified individuals with MCl were
classified as healthy, while more were classified as having AD. Notably,
GFCDTTNKGLF (C1QA) and SVDCSTNNPSQAKL (CLUS) consistently
emerged as selected features in multi-marker panels developed by
ten different algorithms, demonstrating more than 80% training set
accuracy and more than 70% test set accuracy (Fig. 4c). As expected,
these the accessibility of these two peptides decreased consistently
from healthy to MCI to AD, with significantly different distributions
between groups (Fig.4d). When the three-marker deep-learning-based
panel distinguished two groups (healthy versus MCl or MCl versus AD),
disease state discriminationimproved, withan AUROC = 0.9343 (95% CI
0.8874-0.9815) for healthy versus MCI (Fig. 4e) and an AUROC = 0.9325
(95% C1 0.8753-0.9898) for MCl versus AD (Fig. 4f). All performance
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Fig. 3| Sex-dependent associations of protein structure withNPSs. a, Simple
linear regression analyses for male and female plotted as f coefficient versus
-log(P). The labeled dots represent peptides showing significant accessibility-
NPS relationships (P < 0.05) with sex differences. Red and blue represent
positive and negative relationships. b, Twenty-six peptides showed significant
NPS-accessibility relationships without sex influence. 8 coefficients were highly
correlated between the sexes. ¢, Protein interaction network showing nine of
ten proteinsinteracting with each other; PROS1is not shown (no interactions).
d, Four peptides from four proteins (CLUS, PROSI, ITIH2 and C3) in male

participants, and five peptides from five proteins (FN1, CFB, HPX, CLUS and
PROS1) in female participants showed AUROCs > 0.7 for both healthy versus MCI
and MCl versus AD. VTVEKGSYYPGSGIAQF (PROS1) and SVDCSTNNPSQAKL
(CLUS) showed AUROCSs > 0.7 in both sexes. Diamonds indicate 3 coefficients;
nonsignificant values are not shown. e, SVUDCSTNNPSQAKL (CLUS) accessibility
was significantly related to NPSs in both sexes using linear regression. No sex
differences were observed. Blue and red indicate male and female. The shaded
areaindicates the 95% CI.

indices (F; score, accuracy, precision, recall) scored more than 0.75
for both discriminations. To benchmark our structural change-based
approach against conventional expression-based approaches, we
used deep learning to construct amulti-marker model usingintensity
data from the same protein set. The model was trained on the train-
ing set and validated on the independent test set, achieving 64.3%
overallaccuracy for simultaneous three-group classification (healthy,
MClI or AD) (Extended Data Fig. 4a,b). Furthermore, we developed a
comprehensive expression-based model using intensity data from

all available proteins to establish the maximum diagnostic potential
of conventional approaches. Using this complete intensity dataset,
three-group classification achieved amodest 65.0% test set accuracy.
Group-specific performance analysis revealed that healthy demon-
strated the highest sensitivity (79.1%), followed by AD (60.4%) and MCI
(47.6%) (Extended Data Fig. 4c,d). Collectively, these results indicate
thatincorporating structural protein changesinto diagnostic models
may enhance classification performance compared to relying solely
on expression-level data.
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Fig. 4| Generation of the multistructural marker model using the deep learning
algorithm. a, Eighteen machine learning algorithms were tested. The red bars

show algorithms with anaccuracy greater than 70%. Deep learning was selected
for the highest test set accuracy (83.4%). b, Accuracy was 88.49% on the training set
and 83.44% on the test set. The numbers in the boxes indicate individuals classified
using the deep-learning-based multi-marker model. ¢, GFCDTTNLKGLF (C1QA)
and SVDCSTNNPSQAKL (CLUS) were commonly selected in ten multi-marker

models withan accuracy greater than 70%. d, Accessibility distributions of
GFCDTTNLKGLF (C1QA) and SVDCSTNNPSQAKL (CLUS) represented according
togroup. Atwo-sided ¢-test was used. *P < 0.05; ***P < 0.001; ***P < 0.0001.

e f, Amulti-marker model was applied for binary classification: healthy versus
MCI(AUROC = 0.9343) (e) and MCl versus AD (f) (AUROC = 0.9325). The blue area
indicates the 95% CI. Right: the bar graphs show the performance indices.

NPV, negative predictive value; PPV, positive predictive value.
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bars signify the R values; the gray bars indicate non-significance. Pvalue: right
inferior lateral ventricle = 0.0043, left inferior lateral ventricle = 0.0311, left
lateral ventricle = 0.0332, third ventricle = 0.0372.d, AD confidence scores were
significantly correlated with CSF biomarkers (n =167, P < 0.0001, two-sided
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Evaluation of analytical confounders in protein marker
discovery strategy

We validated the robustness and reliability of our marker identification
approachthrough multiple analytical scenarios. First, we investigated
whether data imputation or cohort-specific effects influenced the
discriminatory power of the three-marker panel. To validate that the
dataset was not distorted by imputation, we compared the discrimi-
natory power of the three-marker panel with the independent test set
without imputation to that with imputation. The simultaneous clas-
sification of 157 individuals in the test set into three distinct groups
yielded an accuracy of 87.90%, an efficacy comparable to the analysis
conducted withimputed data (accuracy = 83.44%). The AUROCs of the
two groups (0.976 healthy versus MCI, 0.939 MCl versus AD) from data
without imputation were not statistically significantly different from
those ofimputed data (Supplementary Fig. 8a-c). These results suggest
that after theimputation procedure, the intrinsic data distribution of
the original dataset and its characteristics were not influenced by the
k-nearest neighbor imputation.

To examine the cohort-specific bias, we distinguished the test
datasetaccording to cohortand verified the classification performance
for each cohortindependently. The simultaneous classification of the
three groups yielded accuracies of 89.55% and 82.22% for the UCSD and
KUMC cohorts, respectively, thus confirming a performance similar
to our original analysis (Extended Data Fig. 5a,b). When assessing the
ability to differentiate AD from MCl or healthy, the AUROCs exceeded
0.88inboth cohorts (Extended Data Fig. 5c). Additionally, no statisti-
cally significant differences in performance were observed between
the cohorts (P> 0.05). The comparable discriminative performances

ofboth cohorts suggests that cohort-specific differences do not signifi-
cantly affect biomarker performance, supporting the generalizability
and reliability of AD-associated protein structural changes identified
through the integrated cohort analysis pipeline.

In parallel validation efforts, we hypothesized that if the proteins
weinitially identified were truly significant, they would be consistently
selectedinseparate cohort training scenarios. Using the KUMC cohort
(102 healthy, 75 with MCI, 93 with AD) as the training dataset and the
UCSD cohort (100 healthy, 50 with MCI, 50 with AD) as the independ-
ent test dataset, we found that CLUS and C1QA, two key proteins of
interest from our original findings, were consistently identified with an
accuracy of 76.00% (Supplementary Fig. 9). This consistency across dif-
ferent cohort configurations provides robust support for our methodo-
logical approach and the validity of our initial protein identification.

The power calculation details are shown in the Supplementary
Data, (‘Power/precision calculation: post hoc performance metrics’
section) and Extended Data Fig. 6. Age did not significantly confound
the proteinstructural changes when evaluated using the multi-marker
panel (Seethe ‘Evaluation of age as aconfounder’in the Supplementary
Dataand Extended Data Fig. 7).

Correlation of the multi-marker panel with established
screening tools and brain pathological change

The MMSE and CDRSUM scores strongly correlated with the value
of ‘confidence’ from the multi-marker panel, R =-0.8000 (95% CI
-0.8668 to —0.7049) and R = 0.8502 (95% C1 0.7781-0.9002), respec-
tively (Fig. 5a,b). The MMSE and CDRSUM scores for individuals with AD
were distributed within the ‘normal-to-moderate impairment’ range,
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remaining in the same disease state (MCl or AD) and transitioning to an advanced
stage (healthy to MCl or healthy to AD or healthy to AD). A two-sided Wilcoxon
test was used.*P=0.0019.

while scores from the multi-marker panel classified all individuals with
AD as having AD. Given that the purpose of multi-marker modelsis to
screen for disease, minimizing false negatives is critical to ensuring
early detection.

We found that the multi-marker panel detected pathological
changesinthebrain. Ventricular expansion has received attentionin AD
research®®because enlargement of the ventricles resulting from shrink-
age of the braintissue is observedin neurodegenerative disorders. The
confidence score for AD determined by the multi-marker panel was
moderately positively correlated with the volume of the brain ventricles
as measured by magnetic resonance imaging (Fig. 5¢). Specifically,
the volume of the third ventricle showed the most significant correla-
tion with the AD scores, with an R of 0.48. Of the three proteinsin our
multi-marker panel (CLUS, C1QA and ApoB), CLUS exhibited moderate
correlation with the volume of the ventricles. The accessibility of the
lysine residue in SVDCSTNNPSQAKL (CLUS) was negatively correlated
with the volume of the ventricles, corresponding to atrend toward its
decreased accessibility as AD progresses (Supplementary Fig. 10a).
While the correlation between our plasma-based multi-marker panel
and CSF biomarkers was moderate (R=-0.24 to 0.51) (Fig. 5d and
Supplementary Fig. 10b), it is consistent with the inherent biologi-
cal differences between compartments. As our multi-marker panel
measures protein structural changes rather than absolute concen-
trations, it may provide information that is complementary to but
distinct from data obtained from traditional CSF concentration-based
biomarkers. The performance of the CSF markers is presented in
detail in the Supplementary Data (‘Evaluation of the discriminatory
power of the multi-marker panel depending on CSF biomarkers’) and
Supplementary Figs. 11-13.

Reproducible performance of the multi-marker panelin
longitudinal follow-up samples

Plasma samples from 50 individuals (healthy (n =34), MCI (n=4), AD
(n=12)) were longitudinally followed up to 255 days to track progres-
sionto AD. Even though the follow-up period was less than a year, our
multi-marker panel discriminated not only conversion to AD, but also
from healthy to MCI (Fig. 6a). There were three possibilities for paired
samples: (1) healthy people remained healthy at the re-visit (n =25,
healthy-healthy); (2) individuals with MCl or AD were diagnosed with

thesame disease atare-visit (n =14, MCI-MClor AD-AD); and (3) healthy
participants were diagnosed with MCl or AD, or individuals with MCI
were diagnosed with AD at the re-visit (n =11, healthy-MCI, healthy-AD,
MCI-AD). When assessing the changes in the accessibility of individual
peptides, only SVDCSTNNPSQAKL of CLUS reflected disease progres-
sion; SVDCSTNNPSQAKL only showed significantly decreased acces-
sibility in the group with a changed diagnosis (Extended Data Fig. 8).
The other two labeled peptides (GFCDTTNKGLF of C1QA and AVL-
CEFISQSIKSF of ApoB) did not significantly change in accessibility
even when the diagnostic status changed. The three-marker panel
achieved anaccuracy of 86% with the longitudinal samples. The scores
ofthe three-marker panel were significantly altered when disease status
changed to AD or MCI, whereas the scores of a three-marker panel did
not change significantly when the diagnosis was unchanged for the
paired samples (Fig. 6b). Interestingly, when an MCl or AD diagnosis
remained unchanged throughout the follow-up period, the confidence
in AD via the three-marker panel increased, but not significantly.

We inferred that this trend might be attributed to physiological
perturbations worsening during the follow-up period, even though
the clinical diagnostic status remained unchanged. This implies
that as individuals progress from healthy to AD, the three-marker
panel can classify them as healthy, MCl or AD based on the structural
characteristics of CIQA, CLUS and ApoB, which are altered through
physiological perturbations.

Discussion

We identified a multi-marker panel including C1QA, CLUS and ApoB,
proteins previously associated with AD pathophysiology and under
activeinvestigation® >, Still, most multi-marker studies have focused
on protein expression rather than structural changes as biomarker
candidates. C1QA is a subunit of complement component 1q (Clq),
whichservesastherecognition componentinthe classical complement
pathway. Clqbindsto Ap plaques and reportedly has a protectiverole
in early AD, while reduced CSF complement protein levels have been
implicated in AD progression®**>. The multi-marker panel includes
peptide GFCDTTNKGLF from the C1QA’s C1q domain, whichisinvolved
in protein folding and recognition of diverse molecules, including
pathogen surface ligands**. GFCDTTNKGLF had the highest weightin
the multi-marker panel with accessibility related to ApoE genotypes
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(higher in ApoE €2/¢€3 than for ApoE €3/€3). Our findings suggest that
increased lysine exposure in GFCDTTNKGLF may be protective against
AD, providing evidence that complement components undergo struc-
tural changes in AD. Recent cross-linking MS studies demonstrated
dynamicstructural alterations incomplement component 3 during AD
progression, particularly inits interactions with a-1-antitrypsin®’. Our
C1QA findings support the concept that multiple complement pathway
proteins experience conformational modificationsin AD, suggesting
that complement system dysfunctioninvolves widespread structural
perturbations across components. CLUS (also known as Apo)), the sec-
ond highest weighted attribute in the multi-marker panel, was reported
to bind to AP and appears to alter aggregation and promote Ap clear-
ance, suggesting a neuroprotective role*”*8, CLUS is abundant in the
CSF (-2-6 pg ml™) and plasma (<100-200 pg ml™)*, and is considered
the third greatest genetic risk factor for AD after ApoE and BIN1%. A
plaques colocalize with upregulated CLUS in the hippocampus and
cortex of the AD brain®"*, and blood CLUS levels differ between patients
with AD with and without cognitive impairment®. In our study, lysine
exposure in SVDCSTNNPSQAKL (amino acids 310-323) of CLUS cor-
related with AD pathological changes. SVDCSTNNPSQAKL accessibility
was linearly correlated with NPS severity (8 =-0.65and -0.78 for male
and female, respectively), while CLUS expression did not correlate
with MMSE or CDRSUM scores. SVDCSTNNPSQAKL accessibility alone
exhibited strong discriminatory power with AUROCs of 0.80 (healthy
versus MCI) and 0.79 (MCl versus AD).

Current AD biomarkers include positron emission tomography
(PET) imaging for amyloid deposition and CSF measurements of A and
tau®. However, PET is cost-prohibitive as ascreening tool and typically
used for diagnosis confirmation, while structural changes detectable
using magnetic resonance imaging manifest relatively late in disease
progression. Our multi-marker panel offers potential for early AD
detection and stage classification, enhancing diagnostic precision and
enabling timely interventions. Previous studies achieved ~90% accu-
racy measuring plasma Ap,_,o/Ap,4 ratios viaimmunoprecipitation-MS
using PET as refs. 62,63. Multi-protein panels can outperform single
biomarkers by better characterizing disease pathology®*~*, and MS
enables unbiased biomarker discovery through simultaneous multi-
plexed measurements without requiring prior protein knowledge®*°.
However, most multi-marker studies focus on protein expression rather
thanstructural changes. Notably, our three proteins (C1QA, CLUS and
ApoB) were identified based on quantitative structural changes, not
expression changes.

A limitation is the potential co-depletion of proteins bound to
the 14 immunoaffinity-depleted abundant proteins (human serum
albumin, IgG, IgA, IgM, IgD, IgE, kappa and lambda light chains,
alpha-1-acidglycoprotein, alpha-1-antitrypsin, alpha-2-macroglobulin,
apolipoprotein Al, fibrinogen, haptoglobin and transferrin), poten-
tially losing clinically relevant biomarkers. Immunoaffinity depletion
fundamentally alters plasma matrix composition, potentially affecting
protein conformation and interactions. Disease-stage-specific varia-
tionsin protein-proteininteractions may cause differential depletion
effects across healthy, MCI and AD groups. Altered binding patterns
in disease states could create stage-specific co-depletion biases,
confounding interpretation of observations as artificial rather than
disease-specific alterations. The irreversible nature of immunoaffin-
ity depletion prevents direct validation against nondepleted samples,
limiting our ability to distinguish genuine disease-related changes from
depletion-related effects. While enrichment strategies could enable
comprehensive protein detection, they would significantly increase
processing time and costs, making them impractical for large-scale
processing. Despite these limitations, depleting the top 14 abundant
proteins was essential to detect low-abundance proteins and prevent
signal overwhelming.

Our longitudinal analysis was constrained by a 255-day follow-up
period and limited sample size because of sequential sample availability

from participating institutions. While our findings demonstrate sig-
nificant protein accessibility changes within this timeframe, longer
follow-up with larger cohorts would strengthen clinical utility and
provide comprehensive insights into disease progression trajectories.

Weinvestigated protein structural alterations associated with AD
inasubstantial cohort of human blood samples, focusing on molecular
pathology. We used deep learning methods to develop amulti-marker
panel using structural changes in proteins associated with causative
factors and observable symptoms to classify progressive AD stages.
Our findings highlight the significance of protein structural modifica-
tions as informative biomarkers for diagnosing and tracking AD. This
multistructural marker panel holds promise for early AD detection
and stage classification.

Methods

Criteria for diagnosis and recruitment of blood samples
Whole-blood samples collected from participants of the UCSD and
University of Southern California Alzheimer’s Disease Research Cent-
erswere used for this study. Blood was processed to plasma, which was
aliquoted and frozen within 2 h of draw. Presence of brain pathology
related to AD was determined by CSF analyses for Ap and tau. Partici-
pants were also seen biannually for cognitive visits. The KU ADRC col-
lects longitudinal data on a clinical cohort that includes participants
with cognitive impairment and with normal cognition. Our assessment
protocolincludes the uniform dataset. Cognitively normal individuals
aged 60 and older are included. Cohort entry requires written consent
from each participant, and written consent from a study partner. The
consent forms and processes were approved by the University of Kansas
Medical Center’sinstitutional review board and research activities were
conducted in accordance with the 1975 Declaration of Helsinki. Par-
ticipants undergo a CDRinterview. Participants completed the uniform
dataset evaluation defined by the National Institute on Aging (NIA) ADRC
network, as well as additional cognitive tests thatinclude letter number
sequencing, the Free and Cued Selective Reminding Test and Stroop test.
APOE genotype was determined at the time of cohort entry, and plasma
samples were collected, prepared and frozen. The KU ADRC reviewed
initial and subsequent annual CDR and neuropsychological test scores
at weekly consensus diagnostic conferences that include clinicians, a
neuropsychologist, psychometricians and other staff who participate
inthe evaluation process. Participants with aglobal CDR score of O have
no ascertainable objective evidence of cognitive deficits and were clas-
sified as cognitively normal. Participants with a global CDR score of 0.5
were assigned a categorical designation of MCl if there are objective
deficits on cognitive testing but the participant s fully independentin
terms of daily function; and very mild dementia if there were objective
deficits on cognitive testing but the participant is not fullyindependent
interms of daily function. Those receiving aglobal CDR score of 1or more
were assigned a categorical designation of dementia (mild, moderate
or severe). For those with MCI and dementia, an underlying basis for
the syndrome (AD or an alternative condition that can cause cognitive
impairment) was decided through consensus. The level of certainty
regarding whether individuals with MCl have an underlying AD pathol-
ogy were determined based on the etiological diagnosis. Individuals
determined to have AD met the McKhann et al. AD diagnostic criteria™.
The ADsamples were selected based onthe primary etiology diagnosis as
ADinNACCETPR from NACC”. Writteninformed consent was obtained
fromall participants at the time of sample collection.

Plasma proteome sample preparation with dimethyl labeling

The preparation of samples was randomized to avoid bias. The top
14 abundant proteins in 2 pl of plasma samples were depleted using a
depletion spin column (cat. no. A36369, Thermo Fisher Scientific) and
the depletion solutions were washed. The proteins were concentrated
using a 3,000 Da filter. Protein concentration was determined using a
bicinchoninicacid assay (cat.no. 23225, Thermo Fisher Scientific). Lysine
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residesin 50 pg of proteins (30 pl of volume) were dimethyl-labeled with
10 pl of labeling solution (final concentration: 30 mM sodium cyanob-
orodeuteride; NaBD,CN, 1% formaldehyde; *CD,0) and the reaction was
quenched by the addition of 10 pl of 250 mM ammonium bicarbonate
(ABC), toafinal concentration of 50 mM ABC. To precipitate the proteins,
200 plof methanol, 50 pl of chloroform and 150 pl of water were added
and mixed vigorously. After centrifugation with 15,000 rpm at 4 °C for
30 min, the pellet was washed by adding 800 pl of methanol, mixed
vigorously and centrifuged. After discarding the supernatant, the pellet
was air-dried. Protein was denatured with 80 pl of solution (2% sodium
deoxycholate, 10 mM Tris(2-carboxyethyl)phosphine) and was incu-
bated at 60 °Cfor 60 min onashaker. The reduced disulfide bonds were
alkylated with 20 pl ofiodoacetamide andincubated at 25 °C for 30 min.
The denatured proteins were digested with chymotrypsin (enzyme to
substrate =1:100 (w:w)) at 37 °C for 16 h. The enzymatic digestion was
quenched by the addition of 30 pl of 15% formic acid, to a final concen-
tration of 1% formic acid. The sample was incubated at 37 °C for 30 min
and the supernatant was collected after centrifugation. Again, the col-
lected sample was centrifuged at 13,000 rpm to collect a clear sample.
Sample cleanup and second dimethyl labeling on the newly exposed
lysine residues were performed on a 96-well plate using a C18 pipette
tip (cat. no. 87782, Thermo Fisher Scientific). The C18 pipette tip was
washed by aspirating and dispensing methanol and acetonitrile and was
equilibrated by aspirating and dispensing 0.1% formicacid. The sample
wasloaded into the C18tip by aspirating and dispensing. The C18 tip was
washed by aspirating and dispensing 0.1% formicacid. To adjust the pH
ofthesampleinthe C18tip,20 mMHEPES was aspirated and dispensed
by pipetting. Thelabeling solution (300 mM sodium cyanoborohydride;
NaBH,CN, 1% formicacid;>CD,0) was aspirated and dispensed into the
C18 tip and the reaction was quenched by aspirating and dispensing
50 mM of ABC. After quenching the reaction, the pH was adjusted by
aspirating and dispensing 20 mM HEPES and the C18 tip was washed
by aspiratingand dispensing 0.1% formic acid. The peptidesretainedin
the C18 tip were eluted by aspirating and dispensing 40% acetonitrile
in0.1formicand 60% acetonitrile in 0.1% formic acid, sequentially. The
peptide solution was lyophilized.

LC-MS/MS analysis

LC-MS/MS analysis was performed as described previously”. EvoTips
were prepared with samples according to the supplier’s instructions.
Chromatographic separation and mass spectrometric analysis were
performed using an Evosep One systeminterfaced with atimsTOF Pro
instrument (Bruker). Peptides wereresolved ona15 ¢cm x 150 pminner
diameter column containing BEH C18 particles (1.7 pm, Waters) with
an integrated electrospray emitter (manufactured in-house), using
the 30 SPD gradient program. Aqueous and organic mobile phases
consisted of 0.1% formic acid inwater and acetonitrile, respectively. MS
used the PASEF acquisition mode, witheach 1.1-s duty cycle comprising
one TIMS-MS survey scan followed by PASEF-based fragmentation.
Both ion accumulation and ramp duration in the dual TIMS device
were configured to100 ms, withion mobility spanning 0.6-1.6 Vs cm™
(1/KO). Precursor selection used mass windows of 2 Th (m/z < 700) or
3 Th (m/z>700) across m/z100-1,700. Collision energy decreased
linearly with ion mobility from 59 eV (1/KO =1.6 Vs cm™) to 20 eV
(1/K0 = 0.6 Vs cm™). A polygon filter removed singly charged species,
while MS/MS precursors required aminimum intensity of 2,500 counts
to ensure adequate spectral quality for confident identification. A
targetion count of 20,000 provided sufficient signal for effective frag-
mentation, and a 24-s dynamic exclusion window maximized proteome
coverage by preventing repeated sampling of identical precursors.

MS data analysis

Raw files were processed with MSFragger (v.17.1) using mass calibra-
tion and parameter optimization against the human Swiss-Prot-
UniProt database (downloaded 28 January 2022), which included

canonical and isoform sequences’™. Philosopher filtered
peptide-spectrum matches, while lonQuant handled quantification™”,
Chymotrypsin was specified as the digestion enzyme with up to two
missed cleavages allowed. Peptides shorter than six amino acids
were excluded. Variable modifications were methionine oxidation
(15.9949 Da), light dimethyl labeling (32.0564 Da) and heavy dimethyl
labeling (36.0757 Da) at lysine and N termini, with carbamidometh-
ylation of cysteine (57.0214 Da) as a fixed modification. Precursor and
fragment mass tolerances were both set to 50 ppm, which accounts
for mass distribution variability from chymotryptic digestion and
dimethyllabeling while staying within the instrument’s mass accuracy
range. Isotope errors of 0, 1 or 2 were considered. Peptide-spectrum
matches required at least two fragment ion peaks for modeling and
four for reporting. The top 150 most intense peaks were used, with
a minimum of 15 fragment peaks needed to search each spectrum.
Adecoy database searchwasincluded and identifications were filtered
toal% peptidefalse discovery rate, astandard threshold in proteomics.
Asour analysis targeted structural changes, we identified and quanti-
fied modified peptides to track site-specific lysine dimethylation.

Determination of accessibility of dimethyl labeling on

lysine sites

Lysine residues undergo dimethylation with either light or heavy iso-
topic labels based on their solvent exposure. By comparing peptide
signal intensities between the two sequential labeling reactions, we
calculated the Rratio”. This ratio quantifies the fraction of each lysine
site that was available for initial modification, providing a measure
that remains unaffected by total protein concentrationinthe sample.
We convert R values to accessibility percentages using the following
formula: accessibility (%) = R/(1+ R) x100, whichindicates the degree
of lysine exposure to the labeling reagent.

Functional annotation and enrichment analysis

Functional enrichment was performed with ClueGO (a plug-in to
Cytoscape) to identify the significant biological functions of the pro-
teins. The analysis for protein-protein interactions was performed
using the STRING database and the resulting networks were visualized
on Cytoscape.

Machine learning methods

A comprehensive machinelearning framework was developed for class
prediction using MS data, with a feed-forward deep neural network
serving as the primary model alongside 17 comparative algorithms.
The dataset of 313 samples was partitioned using a stratified approach,
where 90% (approximately 282 samples) constituted the model devel-
opmentset and 10% (31samples) were reserved asanindependent test
set for final validation. Tenfold cross-validation was implemented to
enhance model generalization and provide robust performance esti-
mates by evaluating the model on multiple, independent data subsets.
Each fold preserved the proportional representation of control and
case groups foundinthe original dataset. This stratified approach was
consistently applied across allmachine learning algorithms to ensure
fair comparison. The deep neural network architecture was optimized
through comprehensive grid search, resulting in a configuration of two
hidden layers with 20 nodes per layer and rectifier (ReLU) activation
functions. Training was conducted for 400 epochs with robust regu-
larization strategies, including L2 regularization coefficient” (pen-
alty =1.0 x107) and dropout (ratio = 0.5 for hidden layers) to mitigate
overfitting. The optimization included ten critical hyperparameters
spanning network architecture, activation functions, regularization
coefficients and training dynamics. Class imbalance was addressed
through stratified sampling throughout the analytical pipeline, using
acomprehensive suite of evaluation metrics. Class-specific accuracy,
precision, recall and F; scores were calculated to ensure balanced
performance across both minority and majority classes. The AUROC
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was used as the primary metric for model comparison because of its
robustness to class distribution. Feature selection was performed
using astepwise approachthat systematically evaluated each variable’s
contribution to model performance. This methodology identified the
most informative features while eliminating redundant or noisy vari-
ables. The resulting feature set was validated across all 18 algorithms
to confirm generalizability. Model robustness was assessed through
100 bootstrapiterations usinga 90:10 train-test split ratio, providing
Clsforall performance metrics. All analyses were performed using the
H20 package (v.3.10.3.6) inR (v.3.3.3), leveragingits efficient handling
of high-dimensional data and systematic hyperparameter optimiza-
tion capabilities. The deep learning method was compared with 17
alternative machine learning techniques, including random forest,
gradient-boosted trees, decision tree, autoMLP, k-NN, naive Bayes,
ruleinduction, support vector machine, linear discriminant analysis,
neural net, generalized linear model, decision stump, random free,
One Rule and discriminant analysis methods’. The training and test
data were processed the same way as they were in the deep-learning
approach; hyperparameter optimization was carried out using a grid
searchin the R package for the five methods®°.

Complex modeling with AlphaFold2-multimer

We used AlphaFold2-multimer to predict the protein-protein inter-
action motif of each complex. AlphaFold2-multimer modeling was
performed with ColabFold®. Input multiple sequence alignment
(MSA) features were generated by local ColabFold using the ‘MMseqs2
(Uniref + Environmental)’ MSA mode. By default, the constructed
MSAs contain both unpaired (per-chain) and paired sequences. Alpha-
Fold2-multimer was runwithone or several options from the following
list: model type = alphafold2_multimer v3, num recycles = 3, recycle
early stop tolerance = 0.5, max msa = auto, numseeds =1. The models
wereranked accordingto confidence score, and rank1was selected as
the most accurate model. The distance between two lysine residues
was calculated using PyMOL2v.2.5 (Schrédinger LLC).

Statistics and reproducibility

No statistical methods were used to predetermine sample sizes. Sample
sizeswere chosen based onestablished practicesindiscovery proteom-
icsand to ensure sufficientrepresentation and variability across study
groups. Samples were processed using block randomization. Briefly,
random numbers were generated using Microsoft Excel and were
ordered accordingly. Within each block of 24 samples, samples were
allocated to the three groupsin equal proportions to ensure balanced
group representation. Samples or data points with excessive missing
values were excluded from the analyses. Comparisons of the global
accessibility between groups were conducted using unpaired ¢-test.
The relationships between the fold changes were determined using
simple linear regression. Associations between accessibility and the
genotype of APOE were examined using multiple linear regression.
Each genotype was treated as a categorical variable for the multiple
linear regression analysis. A technique of dummy coding was used
to represent each APOE genotype as binary (0 or 1) variables. The
coefficient from the multiple linear regression was used as a measure
of the effect of the relationship between each genotype and acces-
sibility. Analysis of covariance (ANCOVA) was used to assess whether
sex influences the relationship between NPSs and accessibility. The
relationships between NPSs and accessibility were calculated using
simplelinear regression and showed the effect of the relationship based
onthe B coefficient from the simple linear regression. For dataanalyzed
using t-tests or ANCOVA, normality was assumed as required for these
parametric tests but was not formally verified. Comparisons of the
confidence score with longitudinal samples were conducted using a
Mann-Whitney U-test because of the low number of samples. Diagnos-
ticaccuracies were assessed withROC curve analysis. A DeLong test was
used to compare the performance of two ROC curves. The association

between the multi-marker model and the conventional tool (MMSE or
CDRSUM) was tested with a nonlinear polynomial spline model. The
confidence score from the multi-marker modelwas used in this regres-
sionanalysis. All analyses were performed using RStudioandRv.4.2.1
(packages pROC and splines). Datawere visualized using either Prism
8 (GraphPad Software) or RStudio. An unadjusted two-sided P < 0.05
was considered statistically significant.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Alldatasupporting the findings of this study, including processed data,
areavailable fromthe corresponding author uponreasonable request.
The mass spectrometry raw data have been deposited to the MassIVE
repository at https://massive.ucsd.edu/ProteoSAFe/dataset.jsp?task=
4d36129273c0401eb470f840d123c808.
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Extended DataFig. 1| Level of biomarkers in CSF. Statistical significance was ***p =0.0005 (MClvs AD); T-tau: ***p < 0.0001 (NOR vs AD, MCl vs AD); P-tau:
determined by one-way ANOVA with Tukey’s post-hoc test. P-values shown are ****p <0.0001 (NOR vs AD, MClvs AD). P-values less than 0.0001 are reported

adjusted p-values. AB40: *p = 0.0377 (NOR vs AD); A42: ****p < 0.0001 (NOR vs asp<0.0001.
AD), **p =0.0007 (MClvs AD); Ratio [AB42/AB40]: ****p < 0.0001 (NORvs AD),
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Extended Data Fig. 2| Complexes of SERPINA3, HP, and ApoE isoforms.
Complexes were predicted using AlphaFold multimer, based on different
sequences of the ApoE isoforms ApoE €2 (A), ApoE €3 (C), and ApoE &4 (E)
based on the structure of ApoE €2, the closest amino acid of HP to the lysine in
DVFEEGTEASAATAVKITLL of SERPINA3 was identified and fixed at a distance of
16.3 A between the two amino acids. For ApoE £3 and £4, the distances between
the amino acid of HP and the lysine of SERPINA3 were measured tobe 15.9 Aand

Q'

> & >
$ $ $ o 88 $ S S
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B APOE €3
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10.0 A, respectively. Zoom views are presented for ApoE £2 (B), ApoE €3 (D),
and ApoE €4 (F). Predicted SERINA3 is displayed in red, HP in cyan, and ApoE
inpurple. The green represents the sequence (DVFEEGTEASAATAVKITLL) of
SERPINA3. The experimentally determined structure of SERPINA3 isin grey.
Contact density (G), interface area (H), and binding affinity (I) between the
proteins were calculated.
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Extended Data Fig. 3 | Relation of NPS and structural change of protein.
NPSincluding agitation, anxiety, apathy, appetite, delusions, depression,
disinhibition, elation, hallucination, irritability, motor disturbance, nighttime
behaviors were considered. In the patient’s medical record, each symptom was
scaled from O (none) to 3 (severe), the score for 12 symptoms were summed

for each individual. There were 130 male participants (A), and 135 female
participants (B). The proportion value represents the number of individuals with
eachsummed score relative to the total number of individuals in the same disease
group. ROC curves are presented for NOR vs. MCI (left) and MCl vs. AD (right)

for DMENFRTEVNVLPGAKVQF of ITIH2 (C). Discriminatory power was different
between male and female at the early stage (Delong’s test, P-value = 0.0115).
Numbersin the square brackets are 95% confidence interval (Cl). The shade
areaindicates 95% CI. Blue indicates male, red indicates female. ROC curves are
presented for NOR vs. MCI (left) and MCl vs. AD (right) for SYUDCSTNNPSQAKL
of CLUS (D). AUROCSs for SVDCSTNNPSQAKL of CLUS were over 0.7 for all
classifications for both male and female. Blue indicates male, red indicates
female.
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Extended Data Fig. 4 | Performance of Classification of the multi-protein panel based on intensity data. The panel was developed using the 3 proteins (C1QA, CLU,
and ApoB) using a step-wise approach (A, B). All intensity data was used to generate the multi-protein panel (C, D).
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Extended Data Fig. 5| Evaluation of cohort-specific bias. Cohort-specific bias
was assessed by comparing the discriminatory power of UCSD (33 NOR, 17 MCl,
17 AD) and KUMC (34 NOR, 15 MCl, 31 AD) cohorts. The 3-marker panel classified
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NOR, MCI, and AD with accuracies of 89.55% (A) and 82.22% (B) for UCSD and
KUMC cohorts, respectively. ROC curves were used to assess the classification AD

against both MCland NOR (C). The discriminatory powers were not significantly
different between UCSD and KUMC for either NOR vs. AD (P-value = 0.31) or MCI
vs. AD (P-value = 0.24) comparisons. The index values for the discriminatory
power for each comparison were represented in the table.
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Extended Data Fig. 6| ROC comparison on the independent test set. Multi-marker panel (blue) vs amyloid-p 42/40 ratio (red). Shaded areas indicate 95% Cls; the gray
diagonal is random performance. AUCs: panel 0.934; AB42/40 0.742.
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(A). Statistical significance was determined by one-way ANOVA. Exact p-values
are presented. Extremely low P-values below 0.0001 are reported as p < 0.0001.
The average age within each group, divided by age, was significantly statistically
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Extended Data Fig. 7 | Assessing the confounding effect of age. “Age group”
indicates groups based on age (young, middle, old), regardless of the disease

different. “Original group” represents a group based on disease and was used
as atest set when employing amulti-marker panel. The performance of the

Accuracy: 83.80%

multi-marker panel showed very low distinguish power within the Age groups
(B). Confusion matrices showing classification performance of the multi-marker
panelinyoung (C) group (£70 years, n=46) and old (D) group (> 70 year,n =111).
Numbersin each cell indicate the number of correctly or incorrectly classified
samples. Diagonal cells (highlighted in yellow) represents correct classifications.
Overallaccuracy is shown below each matrix.
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Extended Data Fig. 8| Change of the accessibility of the individual peptide samples. Only SVDCSTNNPSQAKL exhibited the distinct change of the
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and severe NPS compared to males.

Reporting on race, ethnicity, or |Please specify the socially constructed or socially relevant categorization variable(s) used in your manuscript and explain why
other socially relevant they were used. Please note that such variables should not be used as proxies for other socially constructed/relevant variables
groupings (for example, race or ethnicity should not be used as a proxy for socioeconomic status).
Provide clear definitions of the relevant terms used, how they were provided (by the participants/respondents, the
researchers, or third parties), and the method(s) used to classify people into the different categories (e.g. self-report, census or
administrative data, social media data, etc.)
Please provide details about how you controlled for confounding variables in your analyses.

Population characteristics Study participants included 520 individuals: NOR (n=227, mean age 74.0 years), MCl (n=135, 74.0 years), and AD (n=158, 73.8
years). Data collected included APOE genotype, BMI, hypertension/hypercholesterolemia status, MMSE and CDRSUM scores.
The UCSD cohort included CSF biomarkers (AB40/42, tau, p-taul81). Sex distribution was 254 males and 266 females.

Recruitment Participants were recruited from UC San Diego and University of Kansas Alzheimer's Disease Research Centers. Cognitively
normal controls were aged 60 and older who provided written consent and completed CDR interviews and UDS evaluations.
Potential self-selection bias may exist due to ADRC cohort characteristics, but generalizability was enhanced by using two
independent cohorts. Written informed consent was obtained from all participants at the time of sample collection.

Ethics oversight The Institutional Review Board (IRB) at University of Kansas Medical Center approved the study protocol. All research
activities were conducted in accordance with the Helsinki Declaration of 1975.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|Z Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size No sample size calculation was performed.

Data exclusions | Describe any data exclusions. If no data were excluded from the analyses, state so OR if data were excluded, describe the exclusions and the
rationale behind them, indicating whether exclusion criteria were pre-established.

Replication No replication
Randomization  Samples were processed using block randomization. Breifly, random numbers were generated using Microsoft Excel, and were ordered
accordingly. Within each block of 24 samples, samples were allocated to the three groups in equal proportions to ensure balanced group

representation.

Blinding Blinding was performed during sample preparation and data acquisition from the mass spectrometry.




Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies IZ |:| ChlP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms
Clinical data
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Plants

Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
wuas upplied:

Authentication Deseribe-any-atthentication-procedures for-each-seed-stock-used-or-novel-genotype-generated—Describe-any-experiments-used-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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