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High-density lipoprotein (HDL) carries proteins and glycoproteins involved in lipid metabolism and inflammatory
regulation, yet quantitative characterization of HDL-associated peptides in Alzheimer's disease (AD) cohorts

remains challenging due to small biological effect sizes superimposed on substantial technical variability. We

applied a Locally Estimated Scatterplot Smoothing (LOESS)-based drift correction and internal-standard-
guided normalization workflow to targeted multiple reaction monitoring (MRM) glycoproteomic data
generated from HDL isolates collected from 194 participants spanning the cognitive spectrum. Of the 164
transitions originally targeted, 59 features passed quality control (QC), and 21 HDL-associated peptide and
glycopeptide features showed consistent signal across all 194 samples; these 21 analytes were used for
analysis. Normalization improved analytical reproducibility, reducing median HDL pooled QC coefficients of

variation from 69.1% to 55.2%. APOE genotype analyses identified six peptides with statistically significant
differences between APOE3/E3 and APOE3/E4 carriers, five of which remained statistically significant after

false-discovery rate correction, and all six of which remained significant in covariate-adjusted models,

whereas disease-related differences within APOE3/E3 carriers were modest and did not remain statistically

significant after covariate adjustment. These findings demonstrate that LOESS-based drift correction
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combined with feature-specific internal-standard selection stabilizes quantitative HDL glycoproteomic

measurements and support downstream comparisons. This workflow provides a practical framework for QC-
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1. Introduction

Glycosylation changes in cancer are often large, allowing group
differences to be resolved using conventional analytical pipe-
lines. For example, advanced cancers exhibit marked shifts in
serum glycan profiles that can reliably separate patient groups.*
In contrast, glycomic and glycoproteomic alterations associated
with Alzheimer's disease (AD) and related dementias tend to be
more modest in magnitude and heterogeneous across cohorts,
particularly in peripheral blood. Recent serum and whole-blood
glycomic studies report modest average changes between AD
patients and age-matched controls, with alterations sometimes
restricted to specific subgroups rather than the entire disease
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informed normalization in targeted glycoproteomics and highlights APOE-associated variation in HDL
peptides within an aging clinical cohort.

population.>* These small effect sizes highlight the need for
analytical strategies that improve signal-to-noise and reduce the
risk that technical variability obscures true biological variation.

Older individuals with neurodegenerative disease also
display substantial inter-individual variability due to aging,
comorbidities, and metabolic factors. A recent population of
1516 adults reported that aging is accompanied by a shift
toward simpler N-glycan profiles, including higher levels of
agalactosylated and other low-complexity structures, with indi-
viduals exhibiting greater metabolic comorbidity dispropor-
tionately represented in this “simple-glycan” cluster.* Such
background variation complicates efforts to detect disease-
specific glycosylation signatures in AD and increases the like-
lihood that apparent group differences reflect unrelated physi-
ological processes rather than disease biology. Even well-
studied circulating AD markers display inconsistent patterns
across disease stage and biological compartments. For example,
plasma clusterin has been reported to be elevated in AD
dementia, but findings in mild cognitive impairment (MCI) are
inconsistent, and serum and cerebrospinal fluid concentrations
show only modest or absent correspondence.® These factors
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underscore the analytical challenges inherent to biomarker
discovery in heterogeneous aging populations.

High-density lipoproteins (HDL) carry a defined set of
apolipoproteins and immune-related proteins involved in lipid
transport and inflammation, including apolipoprotein A-1
(ApoA1), apolipoprotein E (ApoE), apolipoprotein D (ApoD),
apolipoprotein M (ApoM), complement components, and acute-
phase proteins.® HDL has also been linked to vascular and
amyloid-related processes relevant to AD physiology.” In our
previous work, HDL isolated from individuals with MCI and AD
exhibited reduced lecithin-cholesterol acyltransferase (LCAT)
activity and smaller particle size, and both measures were
related to cognitive performance.® These findings support the
idea that HDL provides a controlled biochemical matrix in
which subtle AD-related alterations may be easier to resolve
than in unfractionated plasma or serum.

The analytical challenge addressed in this study is that gly-
coproteomic measurements of HDL often contain small bio-
logical effect sizes superimposed on substantial technical
variability, including run-order drift, plate-to-plate differences,
and intensity-dependent noise. Standard normalization
approaches are frequently inadequate for data of this type.
Demonstrating an effective normalization strategy for HDL-
targeted glycoproteomic measurements is therefore important
because this matrix exhibits distinct drift and variability
patterns and no standardized workflow has yet been estab-
lished. Here, we evaluated a combined strategy incorporating
internal standards and Locally Estimated Scatterplot
Smoothing (LOESS)-based correction to improve peptide-level
reproducibility in a large HDL glycoproteomic dataset from
194 participants. We assessed performance using objective
metrics, including coefficients of variation, stabilization rates,
and preservation of biologically interpretable signal distribu-
tions. This workflow provides a generalizable approach for
improving data quality in glycoproteomic studies where
disease-associated differences are subtle and technically chal-
lenging to detect.

2. Results and discussion
2.1 Participant characteristics

Participant characteristics for the 194 individuals are summarized
in Table S1. The cohort included 83 controls, 40 individuals with
MCI, and 71 with AD dementia. All experiments were performed
in accordance with the Guidelines of the Declaration of Helsinki,
and experiments were approved by the ethics committee at the
University of California at Davis. Informed consents were ob-
tained from human participants of this study. Age differed
modestly across groups, whereas sex, ethnicity, BMI, and hyper-
tension were broadly similar. Several metabolic variables (for
example BMI and history of diabetes, hypercholesterolemia, and
hypertension) showed group differences or trends and had
incomplete data. Because these clinical variables represent
downstream metabolic or vascular conditions that may them-
selves be influenced by cognitive status or APOE genotype, they
were not used as covariates in peptide-level models. All partici-
pants had complete age and ethnicity data and were included in
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covariate-adjusted models. The final analytic dataset included
APOE3/E3 and APOE3/E4 carriers only, with both genotype groups
represented across all diagnostic groups.

2.2 LOESS drift correction of internal standards

Our approach builds on and extends prior work on QC-based
LOESS normalization in mass-spectrometry omics. Comparative
evaluations across multi-omics datasets have identified LOESS
and related QC-anchored LOESS procedures, together with Prob-
abilistic Quotient Normalization (PQN) and median scaling, as
among the most robust strategies for improving QC feature
consistency while preserving treatment- and time-related variance
in metabolomics, lipidomics, and proteomics.® In parallel,
previous HDL glycoproteomic workflows from our group and
others have typically relied on either a single synthetic internal
standard or on normalization of glycopeptides to nonglycosylated
peptides from the same protein, without explicit drift modeling,
and have generally been applied in relatively small pilot cohorts
(~5-80 participants).®* In contrast, the present study applies
a QC-informed, multi-internal-standard framework in 194 older
adults. Rather than applying LOESS directly to all features, we
fitted LOESS models to each internal-standard peptide as a func-
tion of injection order within pooled HDL QC injections and used
the LOESS-corrected internal standards for feature-level scaling.
This design accounts for run-order drift across the full acquisition
sequence and allows each analyte to be normalized to the internal
standard that minimizes QC variance, which is particularly valu-
able in a heterogeneous matrix such as HDL where no single
internal standard performs optimally for all targets.

Fig. 1 outlines the QC-informed normalization workflow
used in this study, providing the basis for the LOESS-based drift
correction and downstream analyses described below. The
LOESS-based drift correction applied to the internal-standard
peptides in the pooled HDL QC samples effectively removed
non-linear intensity fluctuations associated with injection
order, producing a stabilized baseline suitable for downstream
normalization (Fig. 2). Across the QC panel, the median coeffi-
cient of variation decreased from 69.1% before normalization to
55.2% after LOESS correction and internal-standard scaling,
with 55 of 59 QC-passing features (93.2%) exhibiting improved
reproducibility. Pre- and post-normalization CVs for all QC-
passing features are provided in Table S2. Of the 59 QC-robust
features, 21 demonstrated measurable signal across the 194
participant samples and were carried forward into differential-
expression analyses (Table S3). The feature-specific Sigma
peptide yielding the lowest post-normalization CV for each
analyte is listed in Table S4. These QC metrics indicate that the
LOESS- and internal-standard-based normalization framework
effectively stabilized technical variation in the HDL glyco-
proteomic panel.

2.3 Differential expression analysis of HDL-associated
glycopeptides

Across the 21 HDL-associated peptide and glycopeptide features
that passed normalization and QC filtering, six showed nominally
significant differences between APOE3/E3 and APOE3/E4 catrriers,
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Fig. 1 Schematic of LOESS normalization workflow for targeted HDL glycoproteomics.

regardless of diagnosis status (Fig. 3). These included A1AT 271
MC_5402 (p = 0.021), APOD_VLNQELR (p = 0.011),
APOE_AATVGSLAGQPLQER _z2 (p < 0.001), APOE_LGPLVEQGR
(p < 0.001), APOM_AFLLTPR (p = 0.011), and APOM_SLTSCLDSK
(p = 0.002). Across these six peptides, median log, intensities were

consistently lower in APOE3/E4 compared with APOE3/E3 carriers,
with genotype-associated differences ranging from —0.27 to —0.65
log, units, corresponding to approximately 17 to 36% lower
abundance in APOE3/E4 carriers. The largest difference was
observed for A1AT 271 MC_5402 (—0.65 log, units, ~36% lower).
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Fig. 2 LOESS drift correction of internal standard (Sigma) peptides across the analytical run. Raw intensities for 12 Sigma internal standards
(green points) demonstrated pronounced non-linear injection-order drift, with elevated mid-run signal followed by progressive decline. LOESS
smoothing (blue dashed line) modeled the systematic trend for each internal standard using pooled HDL QC injections distributed across all
plates. Application of LOESS-based correction and internal-standard rescaling effectively removed this drift, producing stabilized post-
normalization intensities (orange points) that no longer followed the injection-order trajectory. Each facet represents one Sigma peptide, di-
splayed on its raw intensity scale.
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Fig. 3 Differential expression of HDL-associated peptides between APOE3/E3 and APOE3/E4 carriers regardless of diagnosis status. Box-and-
scatter plots show log,-normalized intensities for six peptides with nominal genotype-associated differences. Asterisks indicate nominal
significance from unadjusted Wilcoxon rank-sum tests (p < 0.05). FDR-adjusted q values and covariate-adjusted linear-model p values are
reported in Table S5. All six features also remained significant after covariate adjustment for age, ethnicity, and clinical status. *P < 0.05,

**P < 0.01, ***P < 0.001.

Five of the six peptides met the significance threshold after FDR
correction (g < 0.05), and all six remained statistically significant in
covariate-adjusted linear models that accounted for age, ethnicity,
and clinical status, with adjusted p values ranging from 5.33 x
107" to 0.019. Complete statistical results, including unadjusted p
values from Wilcoxon rank-sum tests, FDR-adjusted q values,
covariate-adjusted p values, and direction of effect, are provided in
Table S5.

Although prior HDL glycoproteomic studies have not strati-
fied by APOE genotype, our previous work has shown that site-
specific glycoforms of HDL-associated ApoE and other glyco-
proteins are strongly associated with HDL cholesterol efflux
capacity and immunomodulatory function, suggesting that
relatively small changes in HDL glycoprotein composition can
have functional consequences.'* Related intervention work in
children has further demonstrated that nutritionally induced
changes in HDL glycopeptide profiles, including A1AT and
other acute-phase proteins, track with changes in cholesterol
efflux capacity, reinforcing the functional relevance of HDL
glycoprotein composition.” In the present cohort, we did not
directly quantify ApoE glycopeptides but instead observed
genotype effects on ApoE peptides and an A1AT glycopeptide,
consistent with the idea that APOE genotype may influence both
ApOE content and the broader HDL glycoprotein milieu. A1AT is
an anti-inflammatory acute-phase component of HDL, whereas
ApoM is a lipid-binding HDL apolipoprotein linked to endo-
thelial and lipoprotein signaling.® Lower abundance of these
peptides in APOE3/E4 carriers may therefore reflect broader
genotype-associated differences in inflammatory regulation and

© 2026 The Author(s). Published by the Royal Society of Chemistry

HDL functional composition, although the present data do not
establish mechanisms. These peptide-level differences are
qualitatively compatible with epidemiologic data showing that
plasma and HDL ApoE concentrations vary by APOE genotype
and that higher ApoE content in specific HDL subspecies has
been associated with better cognitive performance and lower
dementia risk.” Our results are not intended to establish clin-
ical biomarkers; rather, they demonstrate that once technical
variation is controlled, subtle genotype-associated differences
in HDL-associated peptides can be detected in a moderately
sized cohort.

2.4 Disease-group differences within APOE3/E3

Disease-related differences were examined within APOE3/E3
carriers. Two analytes showed nominally statistically significant
variation across clinical groups. APOA1_LAEYHAK differed
between control and MCI participants (p = 0.036), and APO-
M_AFLLTPR also showed a difference between control and MCI
(p = 0.044), with both analytes exhibiting lower abundance in
MCI than in controls (Fig. 4). No significant differences were
observed for control versus AD or for MCI versus AD. In
covariate-adjusted linear models that included age and
ethnicity, none of the disease-related associations remained
significant after FDR correction. APOE3/E4 carrier status did not
modify disease-related patterns; no peptide or glycopeptide
showed significant clinical-group differences within APOE3/E4
carriers, consistent with the exploratory Wilcoxon results. This
is consistent with the broader difficulty of identifying strong
peripheral protein or lipid signatures of AD in bulk blood

RSC Adv, 2026, 16, 22252-22260 | 22255
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Fig. 4 Comparison of HDL-associated peptide intensities across clinical groups (Control, MCI, AD) within APOE3/E3 carriers. Two peptides
(APOA1_LAEYHAK and APOM_AFLLTPR) showed nominal differences between Control and MCI by Wilcoxon rank-sum testing. No other
pairwise comparisons were significant, and no disease-related associations remained significant after covariate adjustment. *P < 0.05.

compartments, where effect sizes tend to be modest and often
require very large cohorts or multiplexed biomarker panels to
reach clinical significance. Because the analytical panel was
applied to a single bulk HDL fraction, any disease-related signal
would be distributed across heterogeneous HDL subspecies,
attenuating detectable group differences. In addition, because
the cohort was of moderate size and covariate adjustment was
limited to age, ethnicity, and clinical status, residual con-
founding by unmeasured metabolic, vascular, medication-
related, or other clinical factors cannot be excluded. The
present results should therefore be interpreted as demon-
strating the utility of the normalization framework within this
cohort rather than as definitive estimates of genotype- or
disease-specific effect sizes.

A key implication of these findings is that bulk HDL
measurements,
proteomics, may obscure subclass-specific changes that are
biologically important. HDL is a structurally and composition-
ally heterogeneous family of particles, with established

even when informed by targeted glyco-

subclasses that differ in density, size, and protein cargo.® Gly-
comic and glycoproteomic analyses have shown that HDL
carries a highly sialylated and compositionally distinct glycome
compared with plasma and that proteins such as A1AT, APOC3,
and clusterin exhibit HDL-enriched glycoforms, underscoring
glycosylation as an additional axis of HDL specialization.'®*
Proteomic analyses of HDL subclasses have shown that large
and small HDL fractions carry distinct protein complements
and exhibit divergent functional capacities, including differ-
ences in cholesterol efflux and antioxidant activity.'®'” Consis-
tent with this, size-based isolation of HDL demonstrates that
ApOE is substantially more abundant in the largest HDL frac-
tions than in smaller particles, indicating marked enrichment

22256 | RSC Adv, 2026, 16, 22252-22260

of ApoE on large HDL in plasma.'® Emerging work on ApoE-
containing HDL and other protein-defined HDL subspecies
links these subclass-specific proteotypes to cardiometabolic
and vascular outcomes and to dementia risk."*° In parallel,
large cohort and imaging studies show that peripheral ApoE
concentration and isoform balance in plasma are associated
with dementia-associated mortality and with AD-relevant
measures of gray matter volume and cerebral glucose metabo-
lism.”*** Isoform-resolved analyses comparing central and
peripheral ApoE further demonstrate that these pools are only
partially coupled, with APOE3/E4 heterozygotes exhibiting
higher ApoE4/ApoE3 ratios in cerebrospinal fluid and brain but
lower ratios in plasma.”® These observations suggest that
subclass-specific HDL proteotypes, and particularly ApoE-
enriched HDL in plasma, may also be relevant to cognitive
decline and dementia. In that context, the present study can be
viewed as a bulk-HDL proof of principle: it establishes and tests
a normalization framework that can be directly extended to
HDL subclass-resolved datasets generated using newer isolation
methods and higher-coverage proteotyping workflows. Future
subclass-resolved HDL studies that combine improved isolation
of large and small HDL fractions with QC-informed normali-
zation frameworks like the one described here may be well
positioned to localize ApoE-, A1AT, and ApoC3-containing gly-
coproteoforms to discrete HDL subclasses and to relate those
subclass-specific profiles to cognitive trajectories and AD
biomarkers.

3. Conclusions

This study implemented and evaluated a QC-informed
normalization framework for targeted HDL glycoproteomics

© 2026 The Author(s). Published by the Royal Society of Chemistry
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in an aging cohort spanning cognitively normal controls, MCI,
and AD dementia. The analytical sequence comprised about
three weeks of continuous acquisition, monitoring 164 targeted
transitions in 194 participants, with pooled HDL QC injections
interleaved throughout to capture injection-order-dependent
drift. Combining LOESS-based correction of internal-standard
peptides in pooled HDL QC samples with feature-specific
internal-standard selection at the transition level improved
analytical stability for HDL-associated peptides and glycopep-
tides carried forward for downstream analyses. For a dataset of
this scale, implementing transition-level drift modeling and
internal-standard-based normalization corresponds to months
of systematic data processing and QC review. Baseline behavior
was estimated separately for each monitored transition and
then propagated across the cohort. This work shows that
rigorous, QC-based normalization can stabilize HDL-targeted
glycoproteomic measurements across extended acquisition
periods and enables detection of APOE genotype-associated
differences in HDL-associated peptide and glycopeptide abun-
dances. The LOESS- and internal-standard-based workflow
described here is generalizable to other targeted lipoprotein
assays and can be integrated with emerging HDL subclass-
specific isolation and data-independent acquisition-based pro-
teotyping strategies to support larger, more deeply phenotyped
cohorts. As HDL isolation, subclass separation, and quantitative
proteomics continue to advance, incorporating such normali-
zation strategies will improve the reliability of HDL-focused
glycoproteomic studies and enable detailed dissection of how
HDL composition, APOE genotype, and subclass distribution
intersect in the pathobiology of neurodegenerative disease.

4. Experimental
4.1 Participants and clinical characterization

This cross-sectional analysis utilized plasma samples from 194
older adults enrolled in a longitudinal cohort and maintained
in the associated biorepository, including cognitively normal
controls, individuals with MCI, and patients with AD dementia,
as previously described.® Participants underwent standardized
neuropsychological assessment and consensus clinical diag-
nosis. Cognitive status (control, MCI, AD dementia) was
assigned using established criteria based on clinical history,
neurological examination, functional status, and cognitive
testing. Venous blood was collected in EDTA tubes, processed,
and plasma was aliquoted and stored at —80 °C until analysis.
All 194 individuals provided HDL samples with non-missing
signal for each of the 21 analytes included in downstream
analyses and had complete age and ethnicity data for covariate-
adjusted models. Other metabolic and vascular clinical vari-
ables (for example BMI and histories of diabetes and hyper-
cholesterolemia), several of which had incomplete data and all
of which may represent downstream phenotypes influenced by
cognitive status or APOE genotype, were not used as covariates.

All procedures were approved by the Institutional Review
Board of the University of California, Davis, and all participants
or their legally authorized representatives provided written
informed consent.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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4.2 HDL isolation

HDL particles were isolated from frozen EDTA plasma using
a two-step procedure consisting of sequential flotation ultra-
centrifugation followed by size exclusion chromatography, as
described previously.*® In brief, 500 uL of thawed plasma were
underlaid beneath potassium bromide (KBr) density solution (d
= 1.006 ¢ mL™") in OptiSeal tubes and centrifuged at 110
000 rpm at 15 °C to remove chylomicrons and very-low-density
lipoproteins. The infranatant was then adjusted to d = 1.21 g
mL ! with KBr and centrifuged again to separate lipoproteins
from denser plasma proteins. The fraction with density 1.006—
1.21 ¢ mL™, containing IDL, LDL, and HDL, was recovered,
dialyzed into phosphate-buffered saline, and loaded onto
a Superdex 200 Increase 10/300 GL size exclusion column on an
AKTA FPLC system.'® Fractions corresponding to the HDL peak
were pooled based on the UV absorbance chromatogram and
used for subsequent proteomic and glycoproteomic analyses.
All samples in the present study were processed using the same
isolation protocol and batch structure.

4.3 Glycoproteomic data acquisition, quality control, and
normalization

HDL isolates were prepared for targeted multiple reaction
monitoring (MRM) LC-MS analysis by reduction, alkylation, and
overnight tryptic digestion in ammonium bicarbonate buffer
using an established in-plate workflow."” Briefly, samples were
processed in a 96-well format with freshly prepared 50 mM
ammonium bicarbonate, reduced with dithiothreitol (DTT) at
elevated temperature, alkylated with iodoacetamide (IAA) in the
dark, and digested with sequencing-grade trypsin for 18 h at
37 °C. Proteolysis was quenched by acidification (formic acid
(FA)) prior to MRM LC-MS analysis.*> This reduction, alkylation,
and digestion approach is also consistent with established in-
plate digestion procedures used in glycoproteomic MRM
workflows in serum and related matrices.** MRM LC-MS anal-
yses were performed on an Agilent HPLC triple quadrupole
(QQQ) mass spectrometry (MS) platform. Chromatographic
separation was carried out using a reversed-phase C18 column
under conditions consistent with previously published HDL
and plasma glycoproteomic MRM workflows from our
group.*>** A concise summary of the LC-MRM acquisition and
run-design parameters used in the current study is provided in
Table S6.

A panel of 12 commercially available synthetic peptide
internal standards (“Sigma peptides”) was spiked into all
samples and pooled QC injections at a constant amount
immediately prior to LC-MS analysis to monitor instrument
response and support normalization. HDL digests were subse-
quently analyzed through LC-MS using a targeted MRM glyco-
proteomic workflow designed to quantify a panel of HDL-
associated peptide and glycopeptide features. Glycopeptide
targets were initially identified and validated from Orbitrap data
searched with Byonic, and glycopeptide-spectrum matches were
filtered using the Byonic score, retaining assignments with
a score = 50, at which tandem MS spectra provided sufficient
fragment ion coverage to support peptide backbone and glycan

RSC Adv, 2026, 16, 22252-22260 | 22257


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6ra01426g

Open Access Article. Published on 28 April 2026. Downloaded on 6/18/2026 3:39:23 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

RSC Advances

structure assignments.”® For each monitored transition, chro-
matographic peaks were integrated only when signal exceeded
local background noise, with baselines inspected and manually
adjusted when necessary. In addition, a pooled HDL sample-
preparation quality control (QC1) was generated by combining
equal-volume aliquots of HDL from all 194 study participants
and processed using the same HDL isolation and digestion
procedures as the study samples. The 194 participant samples
were analyzed in three 96-well plates over a 20 day period (20
September to 9 October 2023) in a series of overnight runs. A
commercial human HDL preparation (Sigma) was injected at
the start of each acquisition day to monitor long-term instru-
ment stability. QC1 was injected at the beginning of each plate-
row block (well position 1 of rows C through H on plates 1-3; for
example P1C1, P1D1 ... P3E1), approximately every ten study
samples, yielding 20 QC1 injections distributed across the full
acquisition sequence. The Sigma peptides and interleaved QC1
injections were used to characterize run-order drift and to
monitor potential plate and row-position effects across the
acquisition, supporting the LOESS-based normalization and
feature-level internal-standard assignment described below.

Of the 164 transitions originally targeted, 59 features passed
the QC mean-intensity threshold of 20 000 in pooled HDL and
were detected in the participant dataset. This threshold was
applied to exclude low-abundance features with unstable signal
in the pooled HDL quality-control injections. Among these, 21
features had above baseline signal intensities across all 194
participant samples and were thus included in downstream
analyses. Filtering therefore proceeded in two stages: first,
a pooled-QC screen to remove low-abundance or unstable
transitions, and second, a participant-level screen to retain
analytes with quantifiable signal across the full cohort for
comparative modeling. These features comprised 11 non-
glycosylated peptides and 10 glycopeptides or glycoforms (see
Table S3). Glycopeptide compositions are encoded by a numeric
string appended to the peptide identifier in the format Pro-
tein_site_code. The four-digit composition codes used here (for
example 1101 or 5401) denote the numbers of hexose (Hex), N-
acetylhexosamine (HexNAc), fucose (Fuc), and N-acetylneur-
aminic acid or sialic acid (Neu5Ac), respectively. Thus,
APOC3_94_1101 describes a glycopeptide of apolipoprotein C-
IIT with a glycan consisting of 1 Hex, 1 HexNAc, 0 Fuc, and 1
Neu5Ac attached at asparagine position 94 in the peptide. For
extended five-digit codes (for example 11 000), the first four
positions follow the same convention, and the fifth digit
denotes an additional monosaccharide as defined by the Byonic
glycan library used in the discovery experiments (see Table S2).
Zero intensities were retained in the raw and QC summaries
and were interpreted as signals below the limit of detection for
that analyte in that sample. For inferential models using log,
intensities, we added a constant offset of 1 to each corrected
intensity (log, (corrected_intensity + 1)) before transformation.
All 21 analytes had measurable values across all participants
after normalization.

Normalization was based on a LOESS-corrected internal-
standard framework developed using the pooled QC data. For
each Sigma peptide, a LOESS model was fitted to its intensity as
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a function of QC injection order across the full acquisition
sequence, and LOESS-corrected Sigma peptide intensities were
then normalized by the median LOESS-corrected intensity for
that Sigma peptide and rescaled to the global raw median
intensity of that Sigma peptide. LOESS smoothing was imple-
mented using the base R stats::loess function with a smoothing
span of 0.5, and the resulting fitted values were used as pre-
dicted intensity trends. A smoothing span of 0.5 was selected
empirically after inspection of the pooled QC drift profiles
because it captured the broad non-linear injection-order trend
while avoiding overfitting to short-range fluctuations in the
internal-standard signals. Observed Sigma intensities were
divided by the corresponding LOESS trends to remove injection-
order drift and then scaled by the ratio of the global median to
the median LOESS-corrected intensity for that Sigma peptide:

Global Median
Median Sigma

Sigma Intensity

Rescaled Sigma Intensity = Loess Trend

Median-based scaling was used because the median LOESS-
corrected Sigma intensity provides a robust estimate of the
typical internal-standard signal across QC injections, reducing
the influence of occasional outlier injections while preserving
the overall raw intensity scale via rescaling to the global median.
These corrected Sigma peptides served as internal standards for
feature-level normalization. Each analyte was normalized to
each Sigma peptide in turn, and the sigma peptide that mini-
mized QC-based coefficient of variation (CV) was selected as the
optimal internal standard. This feature-specific internal-
standard assignment was applied to all participant samples.
The resulting LOESS-normalized, internal-standard-scaled
analyte intensities were log,-transformed for statistical anal-
ysis. QC-derived feature summaries used to assess analytical
reproducibility, evaluate normalization performance, and select
feature-specific internal standards are provided in Dataset S1.
Participant-level peptide and glycopeptide intensity data for the
21 analytes quantified across all 194 participants, provided
prior to LOESS correction and transformation, are provided in
Dataset S2.

4.4 Statistical analysis

All statistical analyses were performed in R (version 4.3.2) using
log,-transformed, LOESS-normalized, and internal-standard-
scaled intensities. Differential expression was evaluated at the
individual feature level to preserve peptide- and glycoform-
specific variation. To examine disease-related differences,
analyses were conducted within APOE3/E3 and APOE3/E4
carriers to reduce confounding by genotype. For each of the 21
analytes quantified across the 194 participants, unadjusted
pairwise Wilcoxon rank-sum tests were performed for control
versus MCI, control versus AD, and MCI versus AD. These p
values were used for visualization and descriptive interpretation
and were not FDR-corrected because they served as exploratory
follow-up comparisons rather than primary inferential tests.
For APOE genotype comparisons, unadjusted differences
between APOE3/E3 and APOE3/E4 carriers were first assessed for
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each analyte using Wilcoxon rank-sum tests. These unadjusted
p values are shown in Fig. 2 and reported in Table S5 and they
were used for Benjamini-Hochberg false-discovery rate (FDR)
correction across the 21 analytes. Covariate-adjusted analyses
were performed using feature-specific linear models with log,
intensity as the outcome and APOE genotype (E3/E3 vs. E3/E4) as
the primary predictor, adjusting for age, ethnicity, and clinical
status. The adjusted p values from these models are also re-
ported in Table S5. Clinical-status differences were further
evaluated within each genotype stratum using linear models
with log, intensity as a function of clinical status, age, and
ethnicity. For each analyte, the p value for clinical status was
obtained from an F-test and corrected for multiple testing
within each genotype stratum.

Age and ethnicity were included as covariates because they
represent upstream demographic factors known to influence
peptide abundance and were available for all 194 participants.
Other clinical characteristics (BMI, diabetes, history of diabetes,
history of hypercholesterolemia, history of hypertension) were
not included as covariates because they exhibited incomplete
data and reflect metabolic states that may be influenced by
cognitive diagnosis, making them unsuitable for adjustment in
these peptide-level models.
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