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Abstract

INTRODUCTION: Alzheimer’s disease (AD) is a heterogeneous disease with diverse
disease progression trajectories and brain pathology. Identifying AD subtypes is essen-
tial for understanding AD etiology, heterogeneity, and developing precise treatment.
METHODS: We applied a subspace-merging algorithm to integrate multi-omics data
from brain tissues of three large AD cohorts and identify data-driven AD subtypes.
Within each cohort, we performed multiple analyses to characterize subtype-specific
biology. A Phenome-wide Association Study (PheWAS) of expression quantitative trait
loci (eQTLs) targeting differentially expressed genes (DEGs) was conducted to link
molecular differences to disease phenotypes.

RESULTS: We identified AD subtypes that differed in cognitive and pathological phe-
notypes in three cohorts. Further analyses highlighted synaptic and neurotransmission
pathways, and the PheWAS revealed significant associations with disease phenotypes.
DISCUSSION: Our developed integration algorithm successfully merged different data
modalities into a common subspace for patient clustering and identified data-driven
subtypes. The identified transcriptomic signatures provide valuable insights into the
molecular mechanisms underlying AD heterogeneity, paving the way for personalized
AD treatment.

KEYWORDS
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Highlights

* We integrated brain transcriptomics, DNA methylation, and proteomics from three
large Alzheimer’s disease (AD) cohorts: ROSMAP, MSBB, and MayoRNAseq, using
a subspace merging algorithm to embed these different data modalities onto a

common subspace for patient-level presentation and clustering, and identified two
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data-driven patient subtypes with significant cognitive and AD pathology differ-
ences in both studies, which are independent of apolipoprotein E (APOE) status and
other demographic traits.

Cross-tissue comparison identified nine overlapping differentially expressed genes
(DEGs) between brain and blood: RAB27B, XK, NWD2, DGAT2, ENO2, SYT2, NAPB,
MLLT11, and SMYD2, some of which may serve as potential blood biomarkers for
subtype identification.

Gene ontology (GO) enrichment revealed consistent altered pathways between the
subtypes identified independently from ROSMAP and MSBB. In the better-cognition
subtype, enriched molecular functions included neuropeptide hormone activity,
anion activity, chloride channel activity, chloride transporter activity, hormone activ-
ity, and GTPase activity; the enriched biological processes included potassium ion
transport, positive regulation of secretion by cell, regulation of catecholamine secre-
tion, catecholamine secretion, positive regulation of secretion, regulation of amine
transport, and amine transport.

Validation in the MayoRNAseq cohort demonstrated high cross-cohort consistency
with ROSMAP, identifying 439 shared DEGs that are consistently upregulated in
the less-severe subtype. GO enrichment analysis revealed shared biological pro-
cesses, including synapse organization, synaptic vesicle cycling, and cognition, and
shared molecular functions, including gated ion channel activity, y-aminobutyric acid
A (GABA-A) receptor activity, and ion channel activity

Phenome-wide Association Study (PheWAS) revealed 16 significant associations
between expression quantitative trait loci (eQTLs) targeting brain or blood sub-
type DEGs and clinical phenotypes, and broadened our understanding of AD

heterogeneity and links to other disease phenotypes.

In this study, we employ an advanced subspace merging algorithm?

to conduct unsupervised clustering analysis on patients with AD, inte-

Alzheimer’s disease (AD) is characterized by a high degree of het-
erogeneity, encompassing diverse brain pathological changes, pro-
gression trajectories, and a multitude of risk factors among affected
individuals.! Utilizing data-driven approaches for subtyping, AD holds
the promise for elucidating its etiology and profoundly improving AD
diagnosis, treatment, and disease management strategies. This project
endeavors to delineate subtypes of AD by leveraging integrative anal-
yses of multi-omics data derived from matched postmortem brain and
blood samples of patients with AD.

Integration of multi-omics data for disease subtyping has been stud-
ied widely in diseases such as cancers. There are multiple hurdles with
multi-omics data integration, including high-dimensionalities of the
omics data, different numerical ranges between data types, and strong
correlations between features (e.g., genes and proteins). These hurdles
make it challenging to integrate the features from different omics data
modalities for downstream subtyping analysis, which is often based on

unsupervised learning methods.

grating gene expression, proteomics, and DNA methylation data from
three large-scale AD studies: the Religious Orders Study and Memory
and Aging Project (ROSMAP),® the Mount Sinai Brain Bank (MSBB),*
and the Mayo RNAseq Study (MayoRNAseq).”

This design preserves modality-specific structure while capturing
shared patient-level patterns, providing a flexible and mathematically
grounded framework for discovering robust molecular subtypes.

We aim to translate the subtypes discovered using brain tissues
to blood samples, which can lead to the discovery of blood markers
in live patients with clinical significance for early AD subtype diag-
nosis. To achieve these goals, we analyzed RNA sequencing (RNAseq)
gene expression data collected from the blood samples of matched
patients from ROSMAP, expanding our analytical scope to periph-
eral biomarkers. We performed differential expression analysis, gene
ontology (GO) enrichment analysis, and pathway analysis to establish
potential connections between differentially expressed genes (DEGs)

identified from brain samples and those identified from blood samples.
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Furthermore, we investigate whether any clinical phenotypes are
associated with the expression levels of the discovered brain and blood
markers. Such phenotypes may serve as early indicators or markers to
predict different AD risks and progression trajectories. Specifically, we
conducted a phenome-wide association study (PheWAS)® using com-
prehensive genomics data from the All of Us Research Project, which
contains both genotype data and extensive clinical records for a large
heterogeneous cohort of adults covering different sexes and races. We
used established expression quantitative trait locus (eQTLs)’ to iden-
tify genetic variants associated with the expression levels of the DEGs
and then explored the association between the genetic variants of
these eQTLs and a wide variety of phenotypes in the All of Us cohort.

The identification of blood-based biomarkers holds significant
promise for advancing AD research and clinical practice, offering
potential advancement for enhancing diagnosis accuracy, treatment
efficacy, and preventive strategies. By exploring the molecular under-
pinnings of AD heterogeneity and establishing connections between
brain and peripheral biomarkers, our study contributes to precision
medicine aimed at improving the understanding and management of
AD.

2 | METHODS

2.1 | Previous work

With the accumulation of multi-omics data for diseases, several inte-
grative approaches have been proposed. One strategy involves con-
structing patient similarity networks for each omics modality and
merging them into a unified consensus network. Similarity Network
Fusion (SNF) adopts this approach and has been widely applied to dis-
ease subtyping, including cancer and neurological disorders. Another
representative method is Multi-Omics Factor Analysis (MOFA), which
models shared and modality-specific latent factors using a Bayesian
framework. MOFA is particularly effective in exploring the underly-
ing sources of variability across heterogeneous omics layers.? Similarly,
iClusterPlus leverages a joint latent variable model and likelihood-
based inference to simultaneously integrate multiple omics datasets
with different distributions, such as Gaussian or binomial, and has
been applied successfully to cancer subtype discovery.9 In this study
we apply the subspace merging algorithm. The subspace merging
algorithm was similar to the SNF algorithm, as it aims at integrat-
ing multiple patient networks generated from different types of data
for downstream clustering. The algorithm is based on a rigorous
graph-theoretical framework and has been demonstrated to be effec-
tive in discovering new disease subtypes in cancers with superior

performance than SNF and other related algorithms.?

2.2 | Data used in this study

Three types of omics data, namely bulk tissue transcriptome, DNA

methylome, and proteome data, were obtained from the Alzheimer’s
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RESEARCH IN CONTEXT

1. Systematic review: We reviewed peer-reviewed
(PubMed) and preprint literature and found limited
studies on Alzheimer's disease (AD) subtyping with
multi-omics data. We leveraged a subspace merging
algorithm to generate representations that capture
shared and omics-specific features. We performed differ-
ential expression, gene ontology (GO) enrichment, and
phenome-wide association study (PheWAS) analyses to
characterize the molecular differences distinguishing the
discovered AD subtypes.

2. Interpretation: We identified AD subtypes that differ in
cognition and pathological phenotypes. Enrichment anal-
ysis pointed to synaptic and neurotransmission pathways.
A cross-tissue analysis revealed nine overlapping differ-
entially expressed genes, highlighting tissue-specific and
context-dependent regulation that links peripheral biol-
ogy with central transcriptional states. PheWAS demon-
strated novel links between subtype-specific genetic
markers and various phenotypes, broadening the biologi-
cal scope of AD heterogeneity.

3. Future directions: Future research will focus on validat-
ing subtype generalizability in independent and longitu-
dinal cohorts. In addition, we will test peripheral markers
for prospective subtype prediction in living patients and

extend PheWAS analyses to prioritize causal targets.

Disease Knowledge Portal (https:/adknowledgeportal.synapse.org)
for both the ROSMAP and the MSBB study. For ROSMAP, additional
monocyte RNA-seq data collected on peripheral blood mononuclear
cells (PBMCs) from a subset of 28 matched patients with AD were
also incorporated into the analysis. The resulting ROSMAP dataset
included 79 AD patients with matched gene transcription,112 DNA
methylation,’® and proteomics!4-18 data from the dorsolateral pre-
frontal cortex (DLPFC) of autopsied brains and blood (Table 1).

For the MSBB study, multi-omics data from 83 AD patients were
incorporated, including RNA-seq data collected from four distinct
Brodmann areas: areas 22 and 36 from the temporal lobe and areas
10 and 44 from the frontal lobe of the brain (Table 1). Furthermore,
Isobaric Multiplex Tandem Mass Tag (TMT)-labeled proteomics®? and
DNA methylation array data from matched patients were included.
For the MayoRNAseq Study, we analyzed three omics data modalities
from 65 AD patients: label-free mass spectrometry-based proteomics
and bulk RNA-seq data derived from two different brain regions, the
cerebellum (CBE) and temporal cortex (TCX), according to data avail-
ability (Table 1). Clinical data for all patients were also included in
the follow-up downstream analysis. We conducted integrative multi-
omics data analyses with a subspace merging algorithm for patient

subtype detection and downstream analysis. Those analyses were


https://adknowledgeportal.synapse.org
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TABLE 1 Summary of dataset characteristics: matched
RNA-sequencing data, DNA methylation data, and proteomics data
were obtained from the DLPFC of 79 patients with AD from the
ROSMAP study, with an additional subset of 28 patients providing
transcriptomics from PBMC. In addition, matched RNA-seq, DNA
methylation, and proteomics data were collected from four distinct
brain regions (Brodmann areas 10, 22, 36, and 44) among 83 patients
in the MSBB dataset, and matched RNA-seq from CBE and TCX and
proteomics among 65 patients in the MayoRNAseq study.

Number of Number of
Study Omics type samples features
ROSMAP mRNA DLPFC 79 15,582
mRNA PBMC 28 18,625
DNA Methylation 79 54,596
Proteomics 79 5211
MSBB mRNA BM10 83 17,401
mRNA BM22 83 17,401
mRNA BM36 83 17,401
mRNA BM44 83 17,401
DNA Methylation 83 12,147
Proteomics 83 2608
MayoRNAseq mRNA TCX 65 12,758
mRNA CBE 65 12,758
Proteomics 65 3453

Abbreviations: DLPFC: dorsolateral prefrontal cortex; PBMC: peripheral
blood mononuclear cell; BM: Brodmann area; BM10: anterior prefrontal
cortex; BM 22: superior temporal gyrus; BM 36: parahippocampal gyrus;
BM 44: pars opercularis; TCX: temporal cortex; CBE: cerebellum

conducted separately within each cohort to avoid the possible dis-
crepancies that may exist among different brain regions and the need
for further harmonization between datasets. For the ROSMAP cohort,
because only data from the DLPFC were available, we focused on this
region, integrating matched transcriptomics, DNA methylation, and
proteomics data collected from the same brain region. For MSBB, we
utilized RNA-seq data from four brain regions (BM10, BM22, BM36,
and BM44), integrating these with available proteomics and methyla-
tion profiles. The data preprocessing and multi-omics data integration
were performed within each cohort independently using anatomi-
cally and experimentally consistent data. In addition, we compared
the patient subtypes we identified separately from either cohort to
evaluate whether the integrative framework can capture consistent
AD subtypes across independent cohorts, focusing on different brain
regions, while capturing both the commonalities between cohorts and
cohort-specific characteristics.

To enhance the robustness of downstream analyses, only feature
variance among the top 75th percentile in each omics dataset includ-
ing gene expression, DNA methylation, and proteomics collected from
brain tissues were retained for each study. From the differential
expression analysis and subtype analysis in the ROSMAP, MSBB, and
MayoRNAseq cohorts, we identified distinct sets of DEGs represent-

ing molecular differences across AD subtypes. Once we obtained the

corresponding cis-eQTLs regulating these DEGs from the ROSMAP
eQTL summary statistics, we wanted to further investigate whether
these genetic variants were also associated with phenotypic traits
related or unrelated to AD. Therefore, we conducted a PheWAS anal-
ysis using the whole-genome sequencing (WGS) dataset from the All
of Us Research Project.?% Our objective was to determine if eQTLs
regulating the DEGs between subtypes, derived from ROSMAP cis-
eQTL summary statistics (located within + 1 Mb of each DEG), also
showed associations with other phenotypes, particularly those related
to cognition. Leveraging electronic health records (EHRs), we inves-
tigated the association between phenotypic information, condensed
into International Classification of Diseases (ICD) codes, and genetic
variations associated with gene expression, known as eQTLs. By focus-
ing on eQTLs linked to DEGs identified in brain tissues,2! we explored
the associations of the identified molecular markers with various clin-
ical phenotypes to check if any potential link exists between AD
subtypes and broader physiological conditions, to enhance our under-
standing of AD heterogeneity and gain deeper insights into the poten-
tial regulatory mechanisms underlying AD pathology. Data source
and data pre-processing information can be found in Supplementary
File 1.

Together, the integration of multi-omics data from the ROSMAP,
MSBB, and MayoRNAseq, coupled with the comprehensive genomics-
data from the All of Us Research Project, offers a robust framework for
dissecting the molecular underpinnings of AD. By elucidating the intri-
cate interplay between genetic, epigenetic, and proteomicfactors, our
study contributes to the broader effort of unraveling the complexity
of AD and advancing personalized approaches to diagnosis, treatment,
and disease management.

2.3 | AD patient clustering with subspace merging
algorithm

To integrate heterogeneous omics data for patient stratification in
AD, we adopt a subspace merging algorithm originally developed for
integrative cancer analysis,2 with minor modifications to identify AD
subtypes with matched three types of omics data collected from
AD patients in ROSMAP. This method follows the intermediate data
integration paradigm by converting each omics dataset into a patient-
to-patient similarity graph, performing spectral embedding to obtain
subspaces, and subsequently merging them on a Grassmann manifold.
This framework captures both shared and omics-specific structure
while preserving the local geometry of each data layer. An overview of
this approach is shown in Figure 1.

Let {X}m=1 be M omics data matrices, each of dimension N x p,,,
where N is the number of patients and p,,, the number of features in
the my, omics layer. Features in each omics matrix X, were indepen-
dently standardized to have zero mean and unit variance prior to graph
construction and subspace embedding by Equation (1), where f is any
feature, f is the corresponding standardized feature, E(f) is the sample
mean, and the Var(f) is the sample variance for the selected feature.

This standardization ensured comparable scaling within each modality
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FIGURE 1 The workflow of the discovery phase in the study. The analysis begins with multi-omics data integration from ROSMAP studies,
incorporating postmortem brain RNAseq, proteomics, and DNA methylation profiles from matched Alzheimer’s disease (AD) patients separately. A
subspace merging algorithm is applied to identify distinct AD molecular subtypes in both studies. In parallel, the ROSMAP study provides
additional transcriptomic data from PBMCs for a subset of matched individuals, enabling cross-tissue analysis. Differential expression

(DE) analysis is performed on both brain and blood transcriptomic data to identify subtype-associated DEGs. Gene ontology (GO) enrichment
analysis is conducted on brain DEGs to characterize subtype-specific biological functions. The relationships between brain and blood differentially
expressed genes (DEGs) are further explored using the Pathway Explorer module in QIAGEN Ingenuity Pathway Analysis (IPA) to identify
converging molecular pathways. Finally, using genotypic and phenotypic data from the All of Us Research Program, a Phenome-wide Association
Study (PheWAS) is conducted to assess the associations between expression quantitative trait loci (eQTLs) of DEGs between AD subtypes and a
broad spectrum of human traits and clinical phenotypes.

and cohort while preserving cohort-specific biological variation We perform eigen decomposition of L™ and obtain the k eigen-
f_EM vectors corresponding to the smallest eigenvalues. These eigenvec-
f= Vor (1) tors UMRNxk form the subspace representations for each modal-

ar

ity. Each U™ is a point on the Grassmann manifold G(k, N), which

For each omics modality, we construct a similarity graph G by denotes the collection of all k-dimensional linear subspaces in n

. . . N 2 . .
first computing the pairwise heat kernel similarity matrix with Equa- dimensional Euclidean space R™.” The Grassmann manifold provides

tion (2),22 where o; presents the distance to 7th nearest neighbor of x;. a principled geometric framework for modeling subspaces, enabling

We then define the pairwise similarity matrix S™ RN<N using a sym- us to quantify the dissimilarity between modality-specific patient

metric heat kernel. This kernel formulation guarantees that patients embeddings.

with similar profiles form locally dense neighborhoods, while preserv- We measure the dissimilarity between two subspaces using the

ing relative scaling across modalities. We then compute the normalized squared projection Frobenius norm as shown in Equation (4).

graph Laplacian L™MRNXN for each similarity matrix S with Equa- ) - T (4T
m)\ — | _ m m
tion (3), where D™ is a diagonal matrix with D‘!‘.m) = Zj Sg.m). This dpmi (U’ U ) =k-tr (UU v (U ) ) “)

corresponds to the symmetric normalized Laplacian.
This projection metric quantifies the distance between the projec-

|IX(M) —xf’")||2 tion matrices of U and U™, capturing how aligned the patient rep-
i j

S,S-m) = exp = Si=0 (2) resentations from different modalities are in terms of their subspace
i9j

orientation. To construct a consensus representation U, we jointly min-

L) — | _ pim-1/26(m pim-1/2 3) imize two objectives: the spectral loss from each omics graph and the

projection distance between U and the modality-specific embeddings.
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The resulting optimization problem is by solving Equation (5):

M M
i T (m) 2 (m)
UERerTll,rL]JTU:lmgitr <U H U) i am;idpmf (U’ Ut ) (5)

The first term in Equation (5) encourages U to preserve the local
manifold structure encoded in each Laplacian LM whereas the second
aligns the consensus with the individual subspaces. The hyperpa-
rameter a controls the balance between structure preservation and

modality agreement.

M M
tred = 310 g 3 um (yim) T (6)
m=1 m=1

We then obtain the final merged subspace U by computing the
top k eigenvectors of L™ as given in Equation (6). Unlike itera-
tive optimization methods, this eigen decomposition-based approach
is computationally efficient and converges to a global solution. Our
framework treats all omics layers with equal importance during inte-
gration. Both the Laplacians and the subspace projection terms are
summed without scalar weighting. This reflects an assumption of equal
biological contribution across gene expression, proteomics, and DNA
methylation.

The rows of the merged subspace U provide patient-level embed-
dings that capture integrative structure across omics. We apply k-
means clustering to U to define patient subtypes. To determine the
optimal number of clusters k, we evaluate the average silhouette score
for a range of candidate values (e.g., k = 2-8). For each value of k,
we normalize the eigenvectors of L™, perform k-means clustering
with multiple restarts (n = 10), and compute the silhouette score using
the Euclidean distance. The value of k that yields the highest aver-
age silhouette score is selected as the optimal cluster number. This
procedure ensures that the final clustering structure is both geomet-
rically coherent and supported by internal validation metrics. After
determining the optimal clustering solution for the AD subtypes, we
compared demographic and clinical variables between the resulting
groups. We specifically examined the distribution of apolipoprotein
E (APOE) genotypes to verify that subtype membership was not con-
founded by APOE status. Thus, it ensures the differences observed in
the omics profiles represent subtype-specific biological signals rather
than effects driven by APOE. Continuous variables were tested using
the Wilcoxon test, and categorical variables were evaluated with
chi-square test with Monte Carlo-simulated p-value (based on 2000

replicates).23

2.4 | Differential gene expression analysis

Differential gene expression and downstream pathway analyses were
applied to establish the gene signatures between the subtypes (patient
clusters) for ROSMAP, MSBB, and MayoRNAseq, as well as to the tran-
scriptomic data of the PBMCs from the matching patients in ROSMAP

in a search for possible blood markers. Differential expression anal-

ysis was conducted using the linear modeling approach implemented
in the “limma” R package.?42> The batch effect was corrected, and
confounding variables such as age, race, and sex were adjusted if the
processed data had not applied such adjustment. The empirical Bayes
method implemented in “limma” was used to moderate standard errors
and obtain more stable estimates of gene-wise variances. Comparative
gene expression analysis was conducted to determine the differences
between the two subgroups identified from the previous steps. The
resulting differential expression statistics, including log-fold changes
(log,FC) and moderated t-statistics, were used to identify genes that
were significantly differentially expressed. To control the false discov-
ery rate (FDR), the Benjamini-Hochberg (BH) procedure2® was applied
to adjust p-values for multiple testing. Genes with an adjusted p-value
below a specified threshold (FDR < 0.05) were considered statistically
significant.

Comparative analyses were conducted to determine the differences
between the two subgroups identified from the previous steps. The
resulting differential expression statistics, including log,FC and mod-
erated t-statistics, were used to identify genes that were significantly
differentially expressed. To control the FDR, the BH procedure was
applied to adjust p-values for multiple testing. Genes with an adjusted
p-value below a specified threshold (FDR < 0.05) were considered

statistically significant.

2.5 | GO enrichment analysis on
subtype-associated DEGs

DEGs were further analyzed for biological relevance and func-
tional enrichment using R Package “clusterProfiler,”2® which per-
forms GO and pathway enrichment analyses by applying a hyper-
geometric test to identify significantly enriched GO terms and path-
ways among a set of genes based on their annotations, identifying
over-represented biological processes, molecular functions, or cellular
components.

2.6 | PheWAS

PheWAS is the analysis that explores the association between
genetic variants and a wide range of phenotypic traits or out-
comes across a large population or cohort. Unlike traditional
genome-wide association studies (GWAS), which typically focus
on a specific disease or trait, PheWAS examines the genetic
influences on diverse phenotypes, including diseases, clinical mea-
surements, laboratory values, and other health-related character-
istics.

This approach allows for a quick screening for the genetic variants
that may influence various aspects of health and disease beyond those
initially considered in the study. PheWAS can uncover unexpected
potential relationships between genetic variants and phenotypes, pro-

vide insights into the pleiotropic effects of genes, and contribute to
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a more comprehensive understanding of the genetic basis of complex
traits and diseases.

2.6.1 | Genotypic data

To elucidate the complex relationships between genetic variation, gene
expression, and phenotyping outcomes in our PheWAS study, we col-
lected eQTL summary data from ROSMAPZ2! via the AD Knowledge
Portal. This dataset included single nucleotide polymorphism (SNP)-
gene associations with corresponding p-values and effect sizes. We
selected ROSMAP because it contains both brain and matched blood
transcriptomic data together with eQTL analysis summary statistics,
whereas the latter two are not available in MSBB dataset. We focused
on cis-eQTLs, defined as variants within + 1 Mb of each DEG, and con-
sidered the union of cis-eQTLs targeting DEGs identified in brain and
blood samples from ROSMAP between the two subtypes. For each
DEG, we selected at most the top three significant eQTLs with an
FDR less than 10 to prevent over-representation. This selection pro-
cess yielded a total of 105 eQTLs derived from 37 DEGs, 49 from
blood DEGs, and 56 from brain DEGs for the ROSMAP cohort. We
employed genotypic data of these 105 eQTLs of interest from 11,024
unrelated participants from the All of Us study, 45 to 95 years of age,
who were diagnosed with AD, diffuse Lewy body disease, behavioral
disturbances concurrent with late-onset Alzheimer’s dementia, or had
a family history of dementia (parents, siblings, or self) as recorded in
their EHR.

2.6.2 | Phenotypic data

Phenotype data used for the PheWAS were extracted from their
EHR from All of Us, and mapped to phecodes using the R package
“PheWAS.”?’ In the phenotype table, each participant was assigned a
case/control label for each health outcome. A participant was classi-
fied as “TRUE” for a condition if they had at least two distinct instances
of the corresponding phecode, indicating they were a case. Conversely,
a “FALSE” classification indicated the absence of the health condition,
classifying them as a control. Phecodes with fewer than 20 cases or con-
trols were excluded, and sex-specific phecodes were assigned only to
the corresponding sex. In total, 1858 phenotypes were extracted for

the downstream association test.

2.6.3 | Statistical analysis of PheWAS

We performed logistic regression analyses for each phecode, where
the binary case-control outcome was regressed on the genotype of
each eQTL. The models were adjusted for age, sex at birth, and the
first six principal components to correct for ancestry prediction. Mul-
tiple testing correction strategies were employed: We applied the

BH method across all association tests and additionally conducted

THE JOURNAL OF THE ALZHEIMER’'S ASSOCIATION

an eQTL-specific correction for tests involving each respective eQTL.
An arbitrary p-value threshold of 10~* was utilized to capture any
potential important associations.

3 | RESULTS

We performed the subspace merging algorithm and downstream anal-
yses as demonstrated in Figure 1 on three independent cohorts of
ROSMAP, MSBB, and MayoRNAseq multi-omics data in order to
see if the subtype(s) we identified is a universal observation or is
dataset/cohort-specific. In the following sections, we describe the
results separately for each cohort. The complete list of DEGs between
subtypes for each cohort can be found in supplementary tables
(ROSMAP in Table S1,MSBB in Table S2, and MayoRNAseq in Table S3).

3.1 | Analysis of the ROSMAP dataset
3.1.1 | Patient k-means clustering results and their
associations with clinical phenotypes

Based on their similarities computed from the integration of the three
types of omics data from brains: gene transcriptome, proteome, and
DNA methylome, we clustered the 79 patients from the ROSMAP
cohort into two clusters (33 patients in Cluster 1 and 46 patients
in Cluster 2 via k-means (Figure S1A). The number of clusters is
determined by maximizing the silhouette score, which indicates the
separating stage when clusters are most compact internally and most
distinct from one another.

Demographic and clinical variables including age at death (age); sex;
APOE genotype?8; clinical diagnosis of cognitive status (dcfdx)2%:39;
clinical consensus diagnosis of cognitive status at time of death
(cogdx)3!; Braak stage score (braaksc),32-3* which is a semi-
quantitative measure of neurofibrillary triangle pathology; the
Consortium to Establish a Registry for Alzheimer’s Disease (CERAD)
score (ceradsc),3*3° which is a semi-quantitative measure of neuritic
plaques, the Mini-Mental State Examination (MMSE) score3¢; and
MMSE, which assesses cognitive impairment, were compared between
the two clusters. Among them, dcfdx ()(Z-test p-value = 0.025), MMSE
(Wilcoxon test p-value = 0.04), and CERAD score (p-value = 0.035)
were significantly different between the two clusters, indicating that
there were mild differences in disease progression in terms of cogni-
tion. Overall, patients in Cluster 1 (referred as Subtype 1) presented
relatively higher cognition score compared with Cluster 2 (referred as
Subtype 2). However, there was no statistically significant difference
between age at death, sex at birth, APOE genotype, or Braak stage.
Clinical consensus diagnosis of cognitive status (cogdx) is marginally
significant (p = 0.087), The clustering result suggests that the observed
multi-omics difference cannot be explained by age, sex, or APOE
status (Table 2) and was only revealed by integrating the multi-omics

data-driven approach.



soi2a | Alzheimer’s &Dementia’

THE JOURNAL OF THE ALZHEIMER’S ASSOCIATION

SONGET AL.

TABLE 2 Summary statistics (mean, standard deviation (SD) for continuous variables; counts and proportion for categorical variables) and
p-values from Wilcoxon or chi-square tests between AD subtypes in ROSMAP, MSBB, and MayoRNAseq cohorts.

Variable

Age

APOE genotype

€2/e3

e2/e4

£3/e3

e3/e4

e4/e4

Sex

Male

Female

Race

Black

Hispanic

White

Braaksc

Low

Intermediate

High

Dcfdx

No cognitive impairment
Mild cognitive impairment
Alzheimer’s dementia
Other dementia

Cogdx

No cognitive impairment
Mild cognitive impairment
Alzheimer’s dementia
Other dementia

Mmse

Ceradsc

Definite AD

Probable AD

Cdr

Non- or mild dementia
Dementia

Plaque

ROSMAP MSBB MayoRNAseq
Subtype 1 Subtype 2 pvalue Subtype 1 Subtype 2 pvalue Subtypel Subtype2 pvalue
86.19(5.21) 86.68(3.86) 0.789 82.298 83.056 0.607 85.38 79.81 0.002
(7.8322) (7.566) (4.84) (7.78)

2(6.1%) 3(6.5%) 5(19.2%) 3(14.3%) 2 (3%) 0

0(0%) 1(2.2%) 0.732 16(61.5%) 13(61.9%) 0.906 0.255
24(72.7%)  28(60.9%) 5(19.2%) 4(19.0%) 14 (21.6%) 15(23.1%)

7(21.2%) 14 (30.4%) 0(0%) 1(4.7%) 12(18.5%) 17 (26.2%)

1(1.5%) 4(6.2%)

8(24.2%) 12(26.1%) 1 12 (44.7%) 14 (38.9%) 0.653 12(18.5%) 15(23.1%) 0.999

25(75.8%)  34(73.9%) 26(55.3%) 22(61.1%) 17(26.2%) 21(32.3%)
4 (8.5%) 6(16.7%) 0.491
4 (8.5%) 3(8.3%)
39 (83%) 27 (75%)

3(9.1%) 3(6.5%) 24 (51.1%) 5(13.9%) 4(6.2%) 2(3.1%)
24(72.7%)  33(71.7%) 0.862 10(21.%) 9(25.0%) <0.001 0.400

6(18.2%) 10(21.7%) 13(27.7%) 22 (61.1%) 25(38.5%) 34(52.3%)
13(39.4%) 12 (26.1%) - - -
13(39.4%) 10(21.7%)  0.025 - - -

7(21.2%)  23(50.0%) - - -

0 (0%) 1(2.2%) - - _
15 (45.5%) 12 (26.1%) - - -

9(27.3%) 9(19.6%) 0.087 - - -
9(27.3%)  23(50.0%) - - -

0(0%) 2(4.3%) - - -
24.909 19.867 0.004 - - -
(6.156) (8.656)

9(27.3%) 24(52.2%) 0.035 - - -
24(72.3%)  22(47.8%) - - -

22 (46.8%) 6(16.7%) 0.006
25(53.2%) 30(83.3%)
6.170(9.13)  9.954(9.15) 0.024

For continuous variables, the p-value is calculated based on the Wilcoxon rank-sum test with continuity correction, and for categorical variables,
the p value is calculated by Pearson’s X2-test with Monte Carlo simulated p value (based on 2000 replicates).2

Abbreviations: Braaksc, Braak stage score; Dcfdx, clinical diagnosis of cognitive status; Cogdx, clinical consensus diagnosis of cognitive status at
time of death; Mmse, mini-mental state examination; Ceradsc, the consortium to establish a registry for Alzheimer’s disease score; Cdr, clinical
dementia rating; Plague, mean of the density of neuritic plaques

3.1.2 | Differential analysis for each data type in

brain samples

found to be differentially expressed at a significance level (FDR < 0.05).
However, the effect size in terms of log,FC between the two clusters
was less than 0.2, indicating that the differences were not substantial

Differential expression analyses were conducted independently for (Figure 2A). In contrast, in the DNA methylation analysis, we observed
the three omics data types generated from brain samples between that the average magnitude of foldchange between subtypes was min-
the two subtypes of patients. In proteomics data, 87 proteins were imal (Figure 2B) and that no sites passed the significance threshold
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FIGURE 2 Volcano plots for differentially expressed genes (DEGs) in ROSMAP. (A) Proteomics data; (B) DNA methylation data; (C) bulk brain
RNAseq; and (D) Peripheral blood mononuclear cell (PBMC) RNAseq data. There were no significantly expressed genes or probes for the DNA
methylation and proteomics dataset. There were 524 genes that were significantly expressed between the two clusters in the brain tissue. There
were 508 upregulated (Subtypes 1-2) and 16 downregulated genes with the magnitude of log, FC greater than 0.7 and FDR less than 0.05. In
addition, in the blood samples, 655 genes were significant with a less strict threshold at the magnitude of log, FC greater than 0.26 and raw p-value
less than 0.05. The top 10 upregulated and downregulated genes were labeled with gene symbols in the volcano plot. (E) The top 10 significantly
enriched biological processes on DEGs that are upregulated in Subtype 1 compared with Subtype 2; and (F) the top 10 significantly enriched
molecular functions for DEGs that are upregulated in Subtype 1 from brain samples in the ROSMAP study. The p-values were corrected with the
Benjamini-Hochberg (BH) method, and the g-score was calculated by —log,yp.adjust; (G) the network plot displays the shortest pathways between
DEGs in brain tissues and DEGs in blood samples. The shape of the node indicates the type of gene, the edge indicates the direction and type of the
relationship between the two connected genes, the fill color indicates whether the gene was identified from the brain or blood RNAseq data, and
the outline color indicates whether the gene is upregulated or downregulated.
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(FDR < 0.05). For brain differential gene expression analysis, 524
genes exhibited significant differential expression between the two
subtypes, including 508 upregulated genes in Subtype 1 (higher cog-
nition score) compared to Subtype 2 (lower cognition score), and 16
downregulated genes (Figure 2C). For RNA-seq data collected from
PBMC samples, we identified 371 DEGs, including 147 upregulated
and 224 downregulated genes, using a threshold of |log,FC| > 0.7 and
raw p-value < 0.05. Because the transcriptional signal in blood is gen-
erally weaker than that in brain tissue, we relaxed the cutoff criteria
to capture additional potentially relevant DEGs between Subtype 1
and Subtype 2. With a smaller foldchange threshold, |log,FC| > 0.26,
a total of 655 genes were identified, of which 374 were downregu-
lated and 281 were upregulated in Subtype 1 compared to Subtype 2
(Figure 2D). Among genes differentially expressed between Subtype
1 and Subtype 2 in both brain tissue and blood, nine genes over-
lap. Of these DEGs, three genes (NAPB, MLLT11, and SMYD2) were
found to have an opposite direction of expression (Figures S2A-C,
S3A-C). Specifically, they were upregulated in Subtype 1 in the brain
but downregulated in the blood of this group, compared with Subtype
2. The other six genes (RAB27B, XK, NWD2, DGAT2, ENO2, and SYT2)
were both upregulated in Subtype 1 for both brain and blood samples
(Figures S2D-1,S3D-I).

The genes with consistent upregulation in Subtype 1 are consis-
tent with arobust neuroprotectionfor individuals with higher cognitive
scores for this group. RAB27B gene encodes a small GTPase (Ras-
related protein Rab-27B) that is critical for the endosomal-lysosomal
pathway, regulating vesicular trafficking and the autophagic clear-
ance of toxic protein aggregates. Experimental models demonstrate
that the knockdown (loss of function) of RAB27B impairs autophagic
flux, resulting in the accumulation of insoluble protein and increased
neuronal toxicity, suggesting a neuroprotective role.®” This is consis-
tent with our observed upregulation of the gene in the cognitively
better subtype. The SYT2 gene (Synaptotagmin 2), encodes a synap-
tic vesicle protein, which drives efficient neurotransmitter release.
Its concentration has been shown to be decreased in the brains of
patients with Parkinson’s disease dementia and dementia with Lewy
bodies, reflecting significant synaptic loss and dysfunction in those
neurodegenerative conditions,3® which is consistent with the observed
upregulation of SYT2 in our cognitively better subtype, suggesting a
preservation or compensatory effort to maintain synaptic integrity
and efficient neurotransmission. In addition, the observation of upreg-
ulated DGAT (diacylglycerol acyltransferase-2) in both the brain and
blood samples of the cognitively better Subtype 1 highlights the
context-dependent nature of lipid metabolism in AD heterogeneity.
DGAT2 is a key enzyme driving the conversion of neurotoxic free fatty
acids (FFAs) into inert triglycerides (TGs) and promoting lipid droplet
(LD) formation. Previous research has demonstrated that amyloid beta
(AB) exposure elevates DGAT2, specifically in microglia, leading to
excessive LD buildup that subsequently impairs A8 phagocytosis and
causes neuronal damage.3? These results suggest a context-dependent
role for DGAT2 in AD, where increased expression may be adaptive in
systemic and non-microglial compartments and align with preserved

cognition.

Among DEGs that are upregulated in the brain and downregulated
in the blood in Subtype 1 versus Subtype 2, NAPB (SNAP-BETA), which
is expressed primarily in the brain and plays a role in synaptic vesi-
cle recycling, yields higher expression in the better-cognition subtype
(Subtype 1) in the brain but lower expression in the blood. The loss
of NAPB function has been shown in previous literature to result in
impaired neuronal development.*® Therefore, the increased expres-
sion of NAPB in the brain of Subtype 1 likely represents a successful
local compensation to preserve synaptic integrity and maintain the
functional network connectivity required for higher cognitive function,
directly opposing the synaptic dysfunction characteristic of AD. How-
ever, the different expression patterns between the central nervous
system (CNS) and blood between the two subtypes indicates that NAPB
expression levels could vary among tissue types. Another gene with the
same opposite expression pattern between brain and blood is MLLT11
(MLLT11 transcription factor 7 cofactor). The upregulation of MLLT11
in the brain of Subtype 1 suggests a protective role in neuronal struc-
tural integrity. Previous studies have reported that its expression is
restricted to neurons, where it is known to regulate neurite outgrowth,
neuronal migration, and the stability of axonal projections.** This main-
tenance of crucial neuronal connectivity and morphology is consistent
with the preservation of cognitive function observed in our subtype.
However, in blood, MLLT11 is an established oncogene in leukemia,*?
and its reduced expression in the higher cognition group may point to
a healthier, non-malignant hematopoietic system that supports better

overall health and neurological outcomes.

3.1.3 | GO enrichment analysis on DEGs

The GO enrichment was conducted separately for up- and downregu-
lated DEGs for brain samples; however, as the downregulated gene set
contained fewer than 15 mapped genes, only the enrichment results
for upregulated DEGs are reported. There were 154 biological process
(BP) terms in GO enriched in the gene set of DEGs identified from the
previous section. The examination revealed notable enrichment in cat-
egories associated with “synapse organization” (adj. p-value < 0.001)
and “cognition” (adj. p-value < 0.001). Further examination showed that
the 41 DEGs involved in the synapse organization pathway are all con-
sistently upregulated in Subtype 1 relative to Subtype 2. This suggests
that Subtype 1 exhibits a heightened level of synaptic activity and cel-
lular processes compared to Subtype 2. Moreover, the analysis found
that the 30 DEGs related to the cognition pathway are all consistently
upregulated in Subtype 1 compared to Subtype 2. This molecular find-
ing aligns directly with the clinical observation that patients in Subtype
1 have better cognitive performance scores than those in Subtype 2,
suggesting that the heightened expression of these genes may be a
key contributor to the improved cognitive function. Figure 2E shows
a compilation of the top enriched GO BP terms, offering more insight
into the key molecular processes associated with DEGs between the
two subtypes identified by the subspace merging algorithm. These
findings imply that the selected genes are pivotal in brain synaptic

activities, cognition, and learning, offering a deeper understanding on
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the molecular mechanisms underlying AD progression. Similarly, the
analysis also revealed significant enrichment in 62 molecular func-
tion (MF) terms. For instance, the gene set demonstrated a notable
overrepresentation in terms related to “gated channel activity” (adj.
p-value < 0.001) and “potassium ion trans-membrane transporter
activity” (adj. p-value < 0.001), and “GABA (y-aminobutyric acid) recep-
tor A activity” (adj. p-value < 0.001), which are all upregulated in
Subtype 1. These findings suggest that the genes that are differentially
expressed between the two subtypes play crucial roles in the transport
of ions across cell membranes and forming channels with the ability
to open and close in response to specific signals, which are all essen-
tial functions for the nervous system, providing valuable insights into
the potential roles of those genes in cellular processes involving ion
transport and signaling. Further details and statistical significance mea-
sures for each pathway can be referenced in Figure 2F, and the full GO
enrichment results for ROSMAP can be found in Table S4.

3.1.4 | Network analysis linking DEGs in brain and
blood samples

Despite the absence of genes exhibiting highly statistically significant
expression changes with the FDR < 0.05, a subset of 371 genes charac-
terized by a relatively substantial effect size (|log,FC| > 0.7) has been
identified from the PBMC samples. We performed pathway explorer
analysis using QIAGEN Ingenuity Pathway Analysis (IPA)*° to identify
the shortest pathways between all DEGs identified within two clus-
ters from the brain region (comprising 524 genes) and genes exhibiting
a large foldchange in blood samples (totaling 371 genes). The results
revealed networking between multiple genes from blood samples and
DEGs within the brain sample.

In the network plot generated by IPA, we want to see if there is any
connection between the DEGs identified in the brain samples and those
identified from the blood (PBMC) samples. As shown in Figure 2G,
our attention was particularly drawn to the LDLR gene (low density
lipoprotein receptor), as we focused on blood DEGs that connect to
multiple brain DEGs in the shortest-path network, and among these,
LDLR (Figures S2J, S3J) emerged as a key candidate due to its role in
lipid metabolism and its multiple connections to brain DEGs, suggest-
ing a potential cross-tissue regulatory relationship. LDLR identified as a
DEG from the PBMC samples, is a member of the low-density lipopro-
tein (LDL) family. Its hub role in this pathway indicates this gene is a
potential key regulator or mediator for the blood-brain connection as
well as for brain transcriptomic changes.

Notably, the APOE ¢4 (APOE4) allele stands as the most common
genetic risk factor for AD. Previous studies revealed that apoE plays
a crucial role in cholesterol metabolism by binding to various recep-
tors, with LDLR exhibiting a notably high affinity for apoE.** It was
noteworthy that LDLR was the sole member of its receptor family
to demonstrate an isoform-specific binding affinity (E4 binds more
strongly than E3, which in turn binds more strongly than E2). The LDLR
gene regulates apoE levels in both the periphery and the CNS in mouse.

It has been identified in astrocytes for this function and was shown
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to modulate amyloid deposition in AD transgenic mice.*> Although
previous studies hypothesized that LDLR overexpression reduced AS
aggregation and enhanced AB clearance from the brain extracellu-
lar space,*® the observed downregulation of LDLR in the blood of
individuals in Subtype 1, which is the group with higher cognitive func-
tion, challenged LDLR’s protective role. Thus, it could serve as a key
blood biomarker for identifying distinct AD subtypes and may offer
insights into the different underlying mechanisms of cognitive func-
tions. In addition, we identified two other DEGs with established links
to AD: APP (8- amyloid precursor protein) gene and PPARy (perox-
isome proliferator-activated receptor gamma). The APP gene, which
is cleaved to form A plays a crucial role in the aggregation of A3
in the brain, a hallmark of AD.*”*8 Previous literature also reported
that APP mRNA is highly expressed in neurons and is upregulated
in AD brains, with expression patterns and regulatory transcription
mechanisms changing progressively with age and increasingly shifting
toward dysfunction.*® In contrast, our analysis revealed APP upregula-
tion in Subtype 1, comprising individuals with higher cognitive scores
relative to Subtype 2. This finding contradicts prior reports and fur-
ther underscores the importance of AD subtyping for disentangling
disease heterogeneity, which further emphasizes the necessity and
importance of AD subtyping. Furthermore, the nuclear receptor PPARy
(Figure S3K) has emerged as a promising therapeutic target.*” PPARy
agonists, which regulate glucose and lipid metabolism and suppress
inflammatory gene expression, have shown significant improvements
in memory and cognition in patients with AD, highlighting their ther-
apeutic potential in AD treatment.® In line with these findings, we
observed PPARy upregulation in Subtype 1, whereas Subtype 2 showed
lower expression. This differential pattern supports that Subtype 1 may
retain a protective metabolic and anti-inflammatory signature, thereby
distinguishing it from Subtype 2.

3.2 | Analysis of the MSBB dataset
3.2.1 | Patient k-means clustering results and their
associations with clinical phenotypes

Similar to the ROSMAP data, the subspace merging algorithm clus-
tered these 83 patients from the MSBB study into two clusters (36
patients in Cluster 1 and 47 patients in Cluster 2; Figure S1B) according
to their similarities based on the following omics data: gene expres-
sion for BM10, BM22, BM36, BM44, proteomics from BM36, and DNA
methylation from the parahippocamal gyrus data.

We also examined the differences in terms of demographic and clin-
ical diagnostic variables between the two clusters in the MSBB study
(Table 2). Consistent with what we have seen in ROSMAP, we found
that age at death, race, sex, and APOE genotype did not show sig-
nificant differences between the two clusters. Instead, between the
two clusters, there were significant differences in AB plaque levels
(p-value = 0.024), Clinical Dementia Rating (CDR) (p-value = 0.006),
and Braak stage (p-value < 0.001), with Cluster 1 (Subtype 1) exhib-

ited lower Braak State, lower CDR, and reduced plaque accumulation
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compared to Cluster 2 (Subtype 2), suggesting a less-advanced disease
state. This result demonstrated that at least two major cognitively dif-
ferent subtypes commonly exist in AD, which is not relevant to age,
race, sex, and APOE genotype. However, unlike ROSMAP, where the
two clusters did not differ by tauopathy (Braak stage), the MSBB clus-
ters showed significant differences in both tauopathy (Braak stage) and
amyloid pathology (A plaque burden) as well as dementia severity
(CDR).

322 |
MSBB

Differential analysis for each data type in

The analysis of brain gene expression patterns revealed prominent dis-
tinctions between the two subtypes (Subtype 1 vs Subtype 2). In the
BM10 brain region, 21 genes (5 upregulated and 16 downregulated)
in Figure 3A exhibited statistically significant differential expression
level between the identified clusters with FDR < 0.05 and magnitude
of log,FC> 0.7. Similarly, the BM22 region displayed significant expres-
sion differences in 134 genes (24 upregulated and 110 downregulated)
in Figure 3B. In BM36, 169 genes (96 upregulated and 73 downreg-
ulated) in Figure 3C showed significant expression changes, and in
the BM44 region, 110 genes (32 upregulated and 78 downregulated)
in Figure 3D demonstrated differential expression patterns, indicat-
ing discerning regional variations. However, no differentially expressed
features were identified in DNA methylation data (Figure 3E). In addi-
tion, we identified 145 differentially expressed proteins (|log,FC| >
0.26 and FDR < 0.05) with 138 downregulated and seven upregu-
lated. The three downregulated genes with the largest foldchange were
SAA2, SAA1, and A4g,, (Figure 3F). AB protein 42 (or AByy) is a 42-
amino acid peptide derived from the Ag precursor protein. Notably, the
APP gene was differentially expressed in brain tissue from ROSMAP
and found to be upregulated in individuals with higher cognitive scores.

In contrast, AB4, expression levels were also elevated in Subtype
2 of MSBB cohort Subtype 2, which is consistent with this group’s
higher A plaque burden and more advanced Braak stage, which all
point to the worse cognitive outcomes. Furthermore, the check of gene
intersections between these four regions unveiled shared and region-
specific expression profiles (Figure 3). Notably, only the SLC1A7 gene
displayed differential expression consistently across BM10, BM22,
BM36, and BM44. It is a member of the solute carrier (SLC) super-
family that specifically encodes the EAAT5 protein, which influences
the levels of intracellular chloride within neurons and membrane
potential.> The gene is downregulated in Subtype 1 consistently in
all four regions, 19 genes across three regions, and 54 genes across
two regions. Of note, all shared DEGs exhibited consistent directions
of expression change across regions. The number of DEGs in each
region can be found in Figure 3G. Among the DEGs in BM22, GAD2,
which encodes glutamate decarboxylase 65, was significantly upregu-
lated in the cognitively preserved Subtype 1. A previous study reported
that GAD2 plays a key role in the synthesis of GABA and the mainte-
nance of inhibitory neurotransmission, and reduced GAD1 and GAD2

expression were observed in the brains of patients with AD.>2 The

elevated GAD2 expression observed in our Subtype 1 may reflect
preserved inhibitory function and reduced excitotoxic stress, consis-
tent with better cognitive performance. In addition, we observed that
STAT4, another DEG from BM36, is upregulated in Subtype 1. Pre-
vious preclinical work demonstrates that myeloid lineage deficiency
of STAT4 protects against Western diet-induced cognitive impairment,
type 2 diabetes, and neuroinflammation, suggesting that suppression
of STAT4 activation may reduce the risk of AD and other neurode-
generative disorders.>® By contrast, our results show elevated STAT4
expression in Subtype 1, where the patients have better cognition

scores, indicating its local protective adaptation in BM36 region.

3.2.3 | GO enrichment analysis on DEGs

We then conducted enrichment analysis on DEGs (up- and down-
regulated DEGs separately) for each of the four above distinct brain
regions, where multi-testing was adjusted with BH method. The out-
comes reveal significant enrichment in diverse biological processes,
with 122 statistically significant GO terms and pathways, including
the acute inflammatory response (adj. p-value < 0.001), intrinsic apop-
totic signaling pathway (adj. p-value < 0.001), cellular transition metal
ion homeostasis (adj. p-value < 0.001), and leukocyte migration (adj.
p-value < 0.001) within the BM22 region (Figure 3H). And all these
enriched GO terms were downregulated in Subtype 1. Moreover,
27 significant molecular functions such as calcium-dependent pro-
tein binding (adj. p-value < 0.001), cytokine receptor activity (adj.
p-value < 0.001), RAGE receptor binding (adj. p-value < 0.001), and
immune receptor activity (adj. p-value < 0.001) were identified as
enriched in BM22 (Figure 3l). Consistently, all these enriched GO terms
were downregulated in Subtype 1, indicating a more active immune
response process going on in the more AD-severe Subtype 2 as com-
pared to the higher cognition Subtype 1. Furthermore, two biological
process terms are downregulated in Subtype 1 compared to Subtype
2 in both the BM22 and BM44 regions, namely acute inflammatory
response (adj. p-value = 0.005 in BM22 and adj. p-value = 0.013 in
BM44), and acute-phase response (adj. p-value = 0.004 in BM22 and
adj. p-value = 0.017 in BM44). Moreover, previous studies indicated
that extracellular copper ions can bind directly to A and promote the
aggregation of A3 monomers and the formation of more toxic Ag fibrils
and plaques.>* Consistent with this mechanism, we observed upregu-
lation of copper ion binding (adj. p-value = 0.006) in Subtype 2 with
worse cognitive performance compared with Subtype 1 in BM22. Fur-
thermore, the upregulated DEGs in Subtype 1 were also enriched in
nine significant biological process terms (Figure 3J), including posi-
tive regulation of secretion by cell (adj. p-value = 0.032), potassium
ion transport (adj. p-value = 0.042), and neuropeptide signaling path-
way (adj. p-value = 0.032). In addition, the BM36 (Figure 3K) region
exhibited enrichment in eight statistically significant molecular func-
tions. Noteworthy functions included neuropeptide hormone activity
(adj. p-value < 0.001) and peptide hormone receptor binding (adj. p-
value < 0.001), which were all upregulated in Subtype 1, consistent

with this group’s higher neuronal function phenotype.
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All the above results showed consistency with the prior knowledge
between the gene expression differences and the matched cognitive
differences between the two groups, and it enhanced our comprehen-
sion of the intricate molecular profile specific to the BM22, BM36, and
BM44 regions, and can emphasize commonalities in biological process
aspects shared between BM22 and BM44 (Figure 3G). The full GO
enrichment results for MSBB can be found in Table S5.

3.3 | Analysis of the MayoRNAseq dataset
3.3.1 | Patient k-means clustering results and their
associations with clinical phenotypes

The subspace merging algorithm was applied to cluster the 65 patients
from the MayoRNAseq study into two clusters (29 patients in Cluster
1 and 36 patients in Cluster 2; Figure S1C) according to their simi-
larities based on the following omics data: gene transcriptomics data
for CBE and TCX and proteomic data. We examined the differences
in terms of demographic and clinical diagnostic variables between the
two clusters in the MayoRNAseq study (Table 2). There were no signifi-
cant differences between the two AD subtypes in sex (p-value = 0.999),
APOE genotype (p-value =0.255), or Braak stage (p-value = 0.400). Age
differed significantly between subtypes, with Subtype 1 being notably
older (p-value = 0.002). Although the Braak stage did not reach statis-
tical significance, Subtype 2 exhibited a visible enrichment of patients
with higheest Braak scores, Braak score at VI, (20 of 36 in Cluster 2 vs
10 of 29 in Cluster 1). Unlike the ROSMAP and MSBB data, clinical
variables besides the Braak stage are not available through the AD
Knowledge Portal for the MayoRNAseq dataset, and thus they were
not compared.

3.3.2 | Differential analysis for each data type in
brain samples

The differential expression analysis between the two AD subtypes
identified using the subspace merging algorithm on multi-omics May-
oRNAseq data revealed a total of 210 differentially expressed proteins
between the two AD subtypes (Figure 4A), including 96 proteins upreg-
ulated in Subtype 1, which had fewer patients with higher Braak
stages, and 114 proteins downregulated in Subtype 1 (|log,FC| > 0.26,

FDR < 0.05). In the CBE (Figure 4B), no genes met the threshold
for differential expression (|log,FC| > 0.7, FDR < 0.05). In contrast,
2328 genes were differentially expressed between the subtypes in
the TCX region using the same criteria, with 1534 genes upregu-
lated in Subtype 1 and 794 downregulated in Subtype 1 (Figure 4C).
Among the DEGs distinguishing the two AD subtypes, FGR, a mem-
ber of the Src family tyrosine kinases, was downregulated in the
subtype with fewer individuals at Braak Stage 6, suggesting a rel-
atively earlier or less-advanced pathological state. Previous work?>?
has shown that FGR expression increases along the AD pseudotime
trajectory and is involved in pathways associated with the transition
from early to late stages of disease progression, including neutrophil
degranulation-related immune processes. This reported pattern is con-
sistent with the expression differences observed in the MayoRNAseq
dataset. Another downregulated DEG in Subtype 1, SERPINA5, a gene
whose expression is known to increase with worsening tau pathol-

ogy as previous studies,?*>’

identified this gene as a novel tau-binding
partner, co-localizing with neurofibrillary tangles and neuritic plaques,
and elevated SERPINAS levels have been linked to hippocampal vulner-
ability in AD brains. Therefore, the lower SERPINA5 expression in our
less-severe subtype aligns with the reduced tau burden and supports
the biological plausibility of the molecular differences captured by our

clustering.

3.3.3 | GO enrichment analysis on DEGs

To further characterize the biological differences underlying the two
AD subtypes, we conducted GO enrichment analysis using the top
500 upregulated DEGs and top 500 downregulated DEGs between
the two subtypes, ranked by log foldchange (Subtype 1 - Subtype 2).
We assessed the enrichment of molecular function and biological pro-
cess categories to determine which pathways were overrepresented
among the most differentially expressed genes in the TCX. We identi-
fied 458 enriched biological process items among the downregulated
DEGs in Subtype 1 (Figure 4D), including regulation of vasculature
development (adj. p-value < 0.001) and regulation of angiogenesis (adj.
p-value < 0.001), copper detoxification (adj. p-value < 0.001), and zinc
ion homeostasis (adj. p-value < 0.001). These pathways collectively
suggest that the more severe subtype exhibits greater neurovascu-
lar remodeling and altered metal ion regulation, which contributes

to A8 aggregation and remodeling of the blood-brain barrier.58-61

FIGURE 3 Volcano plots for differentially expressed genes (DEGs) in MSBB. (A) Brodmann area (BM)10 RNAseq; (B) BM22 RNAseq; (C)
BM36 RNAseq; (D) BM44 RNAseq; (E) DNA methylation; and (F) Proteomics data. In BM10, 21 genes (5 upregulated and 16 downregulated) were
differentially expressed between Subtypes 1 and 2 (false discovery rate (FDR) < 0.05 and |log,FC|> 0.7). BM22, BM36, and BM44 showed 134 (24
upregulated and 110 downregulated), 169 (96 upregulated and 73 downregulated), and 110 (32 upregulated and 78 downregulated) differentially
expressed genes, respectively, under the same threshold. No differentially expressed features were detected in the DNA methylation data. In the
proteomics data, 145 differentially expressed proteins were identified (|log,FC|> 0.26 and FDR < 0.05), of which 138 were downregulated and 7
were upregulated in Subtype 1. (G) The number of DEGs in each region. The p-values were corrected with the BH method. Pathway analysis for
MSBB RNA-seq data from different brain regions. (H) Top 10 significant biological processes of DEGs downregulated in Subtype 1 in BM22; (1) top
10 significant molecular functions of DEGs downregulated in Subtype 1 in BM22; (J) top 10 significant biological processes of DEGs upregulated in
Subtype 1in BM36; and (K) top 10 significant molecular functions of DEGs upregulated in Subtype 1in BM36.
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FIGURE 4 Volcano plots for differentially expressed genes (DEGs) in MayoRNAseq. (A) Cerebellum (CBE) RNAseq; (B) Temporal Cortex (TCX)
RNAseq; (C) and proteomics data. In CBE region, no genes were differentially expressed between Subtype 1 and Subtype 2 (false discovery rate
(FDR) < 0.05 and [log,FC|> 0.7). TCX region showed 2328 (1678 upregulated and 794 downregulated) differentially expressed genes, under the
same threshold. In the proteomics data, 210 differentially expressed proteins were identified (|log,FC|> 0.26 and FDR < 0.05), of which 114 were
downregulated and 96 were upregulated in Subtype 1. (D) Top 10 significant biological processes of DEGs downregulated in Subtype 1 in TCX; (E)
top 10 significant biological processes of DEGs upregulated in Subtype 1 in TCX; (F) top 10 significant molecular functions of DEGs downregulated
in Subtype 1 in TCX; and (G) top 10 significant molecular functions of DEGs upregulated in Subtype 1 in TCX.

Among the top 500 upregulated DEGs between the two subtypes, that Subtype 1 exhibits relatively preserved neuronal and cognitive

357 biological process items were significantly enriched (Figure 4E), functions.

including pathways related to neurotransmission and synaptic signal- In addition, molecular functions related to the extracellular matrix
ing such as regulation of membrane potential (adj. p-value < 0.001), (ECM), such as ECM structural constituent (adj. p-value < 0.001) and
synapse organization (adj. p-value < 0.001), synaptic vesicle cycle (adj. ECM binding (adj. p-value < 0.001), were downregulated in Subtype 1
p-value < 0.001), and neurotransmitter transport (adj. p-value < 0.001). (Figure 4F). These ECM-related processes are known to play key roles
In addition, these genes that are overexpressed in the subtype with in inflammation response and tissue structural changes in neurode-
fewer Braak stage VI patients were enriched in learning or mem- generative diseases, particularly AD.62 Furthermore, top upregulated
ory (adj. p-value < 0.001) neuron cognition (adj. p-value = 0.025), DEGs in Subtype 1 were enriched in key neuronal and synaptic molec-

and cognition (adj. p-value < 0.001), consistent with our observation ular functions, including ion channel activity (adj. p-value < 0.001),
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voltage-gated channel activity (adj. p-value < 0.001), neurotransmit-
ter receptor activity (adj. p-value < 0.001), and GABA receptor activity
(adj. p-value < 0.001). These enrichments point to preserved synaptic
signaling and neuronal function in this less-severe subtype (Figure 4G).
The full GO enrichment results for MayoRNAseq can be found in Table
Sé.

3.4 | Comparison of results from ROSMAP and
MSBB datasets

In our studies on both cohorts, we identified two distinct AD sub-
types when applying the subspace merging algorithm to multi-omics
data. Demographic variables, including age at death and sex at birth,
as well as the APOE genotype (a well-established genetic risk fac-
tor for AD), did not differ significantly between subtypes in either
cohort. This indicates that the observed clinical differences between
subtypes are purely data-driven and unlikely to be confounded by
demographic or genetic variation and are more likely driven by differ-
ences in their molecular profiles. As mentioned above, we observed
phenotypic consistency among the two subtypes identified separately
from ROSMAP and MSBB. At the molecular level, we also found com-
mon DEGs between the two subtypes across the two cohorts. One
gene, CRH encodes corticotropin-releasing hormone, was identified as
differentially expressed in both ROSMAP brain tissue and the BM10
brain region from MSBB. Moreover, CRH was identified as an upreg-
ulated DEG in Subtype 1 of ROSMAP and also an upregulated DEG
in Subtype 1 of MSBB. Across both cohorts, CRH expression was con-
sistently higher in the patient subtype with better cognitive scores.
In addition, we found nine DEGs from BM22, 35 from BM36, and 11
from BM44 that are common to ROSMAP brain DEGs, all of which
showed consistent directions of differential expression between the
two cohorts. This cross-cohort concordance not only reinforces the
biological and clinical relevance of the subtype-specific transcriptomic
signatures but also demonstrates the robustness and generalizability
of our approach and findings across independent datasets and brain
regions.

Furthermore, GO enrichment analysis revealed that several molec-
ular functions were consistently upregulated in the AD subtype
associated with better cognitive outcomes across both ROSMAP
and MSBB (BM36) cohorts, where six molecular functions were sig-
nificantly enriched including neuropeptide hormone activity, anion
channel activity, chloride channel activity, chloride transmembrane
transporter activity, hormone activity, and GTPase activity, suggesting
that enhanced hormonal, ion channel activities, and ion transportation
may characterize a protective role against cognitive decline. In addi-
tion, we also identified seven biological processes that upregulated in
the AD subtype of better cognition in both cohorts, including potas-
sium ion transport, positive regulation of secretion by cell, regulation of
catecholamine secretion, catecholamine secretion, positive regulation
of secretion, regulation of amine transport, and amine transport, indi-
cating that the increased activity in these pathways involving neuronal

signaling and synaptic communications suggests stronger communi-

cations between brain cells, which is consistent with the phenotypic
characteristics of Subtype 1 in both cohorts.

3.5 | Comparison of results from the ROSMAP and
MayoRNAseq datasets

In both cohorts, we applied the proposed subspace merging algorithm
and generated APOE genotype-independent AD subtypes. Although
in MayoRNAseq data, the clinical diagnosis variable Braak stage is
not significantly different between the two AD subtypes, Subtype 1
contains fewer patients with a Braak score of VI, suggesting a compar-
atively less-pathological group. At the molecular level,among the 1534
overexpressed DEGs in Subtype 1 of the MayoRNAseq dataset, 439
were also differentially expressed between the two AD subtypes in the
ROSMAP brain samples. Of note, all of these genes were consistently
upregulated in the subtype characterized by better cognitive perfor-
mance. Notably, several genes were differentially expressed in both
brain and blood tissues in ROSMAP, including NAPB, NWD2, RAB27B,
MLLT11, SMYD2, DGAT2, ENO2, and XK, highlighting their potential as
robust, cross-tissue biomarkers associated with this less-severe AD
subtype. In addition, we also identified several DEGs that were con-
sistently downregulated in the subtype with better cognition or less
pathological compared with the other subtype across both ROSMAP
and MayoRNAseq datasets, including PHYHD 1, HIF3A, MT1F, SLC14A1,
and MT1H. The concordant downregulation of these genes in two inde-
pendent cohorts further supports the robustness of the molecular
differences that distinguish the AD subtype.

Furthermore, across the two cohorts, the DEGs distinguishing the
AD subtypes showed strong functional concordance. Specifically, 140
GO biological process terms were enriched in both datasets, of which
135 exhibited the same direction of change in the subtype with better
cognition and lower pathological burden. These included key neu-
ronal and cognitive pathways such as synapse organization, synaptic
vesicle cycling, learning or memory, cognition, and hormone trans-
port. Only five biological process terms showed opposite directions
between cohorts, including cell junction assembly, chloride transport,
cell-cell adhesion via plasma membrane adhesion molecules, chlo-
ride transmembrane transport, and inorganic anion transmembrane
transport.

A similar pattern was observed at the molecular function category.
In total, 48 GO MF terms were shared between cohorts and demon-
strated the same direction of regulation, including major neuronal
functions such as gated channel activity, ion channel activity, potassium
ion transmembrane transport, voltage-gated cation channel activity,
and hormone binding. Only seven molecular function terms displayed
opposite directions, including anion channel activity, chloride channel
activity, chloride transmembrane transporter activity, transmembrane
receptor protein kinase activity, transmembrane receptor protein tyro-
sine kinase activity, glycosaminoglycan binding, and inorganic anion
transmembrane transporter activity. In conclusion, these findings indi-
cate a high degree of cross-cohort consistency, with the vast majority

of molecular pathways showing the same directional regulation.
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FIGURE 5 Manhattan plot of expression quantitative trait loci (eQTLs). The y-axis presents the —log,,p — value and the x-axis presents the
phenotype category. The arrow presents the direction of the odds ratio. The blue line suggests the raw p-value at level 0.05, and the red line
presents the Bonferroni corrected p-value using only all association tests involving the selected eQTL. (A) rs11670315, (B) rs4808761, (C)
rs11681729, (D) rs11678354, (E) rs1540064, (F) rs1786605, and (G) rs1540063.

3.6 | PheWAS analysis

Although no significant association was identified with a stringent FDR
correction of 0.05 on all association tests, we were still able to identify
16 associations at the raw p-value threshold of 10_4, which helps to
reveal the potential association between pre-selected eQTLs that are
identified from previous eQTL analysis and the phenotypical data avail-
able in the EHR. In addition, among these 16 associations mentioned,
seven were significant with the eQTL-specific multi-testing correction
strategy. The details of the PheWAS results can be found in Table 3.
Notably, two eQTLs of RAB3A, which was a DEG from the brain tissues:
rs11670315 (odds ratio (OR) = 1.756,p=3.02 x 1075, Figure 5A) and
rs4808761 (OR = 1.764,p = 2.66 x 1075, Figure 5B) on chromosome

19 were strongly associated with stricture and stenosis of the esoph-

agus. In addition, the two eQTLs targeting MEIS1 identified from the
blood sample: rs11681729 (OR = 0.596, p = 3.30 x 10_5, Figure 5C)
and rs11678354 (OR = 0.595, p = 2.98 x 10_5, Figure 5D) on chro-
mosome 2 were strongly associated with aphasia/speech disturbance.
Furthermore, the three eQTLs of DTNA, which was a DEG from
blood sample: rs1540064 (OR = 3.543, p = 2.60 x 10_5, Figure 5E),
rs1786605 (OR = 3.570,p = 2.27 x 10_5, Figure 5F), and rs1540063
(OR = 3.552, p = 2.48 x 10_5, Figure 5G) on chromosome 18 were
strongly associated with arterial dissection.

These findings highlighted potential genetic links between AD sub-
type differences and other diseases, warranting further investigation
into their biological mechanisms and potential clinical implications.
For instance, the alternative allele of both rs11678354 (T/A) and

rs11681729 (A/G) was associated with an increase in the gene
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expression level of MEIS1, a gene that has been identified as a risk
factor for sudden cardiac death, and previous mouse models sug-
gested that MEIS1 interacts with various trophic factors signaling
pathways during postmitotic neurons differentiation.®® Furthermore,
both these two eQTLs were negatively associated with the risk of apha-
sia/speech disturbance, indicating that as the number of alternative
alleles appeared in a patient’s genotypic profile, the risk of getting the
disease would decrease.

Furthermore, the alternative allele of both rs11670315 (G/A) and
rs4808761 (A/C) was associated with an increase in the gene expres-
sion level of RAB3A, which was upregulated in Subtype 1 of ROSMAP.
Previous studies identified that this gene could regulate Ag production
and was deregulated in AD brains.®*~7 In addition, the PheWAS results
also showed that the frequency of alternative alleles in the three eQTLs
targeting DTNA positively correlates with the risk of arterial dissection.
Previous studies revealed that the expression profile of DTNA in the
hippocampus (HIP) increased significantly among subjects with demen-
tia and associated levels of phosphorylated tau (p-tau) in the temporal
cortex.® A meta-analysis of gene expression data also revealed that
this gene was upregulated in three studies on Cornu Ammonis 1 region
(CA1) of the HIP of brains with AD.¢?

4 | DISCUSSION

In this study, we demonstrated that the Subspace Merging Algorithm
effectively integrates multi-omics data using graph-based subspace
analysis, generating informative clusters by preserving complementary
omic-specific representations. The repeatable results in three inde-
pendent large AD cohort studies showed that it is a powerful tool to
integrate multiple types of omics data and clustering disease patients
into subtypes with distinctive phenotypes, and in our AD cases, the dis-
tinctive cognitive and brain pathology. The resulting clusters are not
significantly associated with age (except for the MayoRNAseq dataset),
sex, or APOE status. The clusters are revealed only by data-driven
integrative multi-omics analysis.

Among genes differentially expressed between Subtype 1 and Sub-
type 2 in both the brain tissue and blood in ROSMAP, which contains
the most comprehensive multi-modal data, nine genes overlap in total.
Of these DEGs, three (NAPB, MLLT11 and SMYD2) were found to have
an opposite direction of expression (Figure S2). Specifically, they were
upregulated in Subtype 1 in the brain but downregulated in the blood
of this group. The upregulations in the brain of Subtype 1 showed con-
sistent neuroprotective roles of those genes and the subtype’s superior
cognition condition, whereas the downregulation in blood may be due
to the interference with physiological conditions from elsewhere of the
body. The other six genes that overlap between two tissues: RAB27B,
XK, NWD2, DGAT2, ENO2 and SYT2 were both upregulated in Subtype
1 for both brain and blood samples (Figure S2). The observed differ-
ences in DEGs patterns between Subtype 1 and Subtype 2 in ROSMAP
between brain and blood samples reveal critical insights into the tissue-
specific and context-dependent functions of key genes. This seeming

inconsistency can be attributed to the different cellular environments

THE JOURNAL OF THE ALZHEIMER'S ASSOCIATION

and biological processes occurring in the CNS versus the peripheral
immune system.

Through pathway analysis, we identified LDLR (Figure S2) as one
of the key genes linking multiple brain DEGs and blood DEGs. The
LDLR showed a larger fold-change expression level in PBMCs between
the two subtypes. Notably, increased LDLR expression level has been
associated with reduced amyloid burden and enhanced glial response,
suggesting its potential as a therapeutic target.”® Previous pre-clinical
studies have strongly suggested that LDLR enhances the clearance
of brain AB thereby modulating A8 metabolism.”? LDLR emerges as
a pivotal pathway influencing AS metabolism, rendering it an attrac-
tive therapeutic target for AD.*® A comprehensive understanding of
the underlying biological mechanisms of this functional interaction can
contribute to more effective treatment design and management strate-
gies for different subtypes of AD. Of interest, our analysis revealed that
LDLR expression in the blood sample was lower in Subtype 1, which
exhibited better cognitive outcomes. It seems to be contrary to the
purported protective role of LDLR against AD pathology in the afore-
mentioned pre-clinical study. We hypothesize that it could be either a
feedback mechanism related to AD pathology or the effects of LDLR
regulation from liver or other internal organs. In the periphery, LDLR
is key to LDL clearance, and defects leading to hypercholesterolemia
have been correlated with cognitive impairment in mouse models.”? In
addition, we postulated that the high LDLR expression in PBMC in Sub-
type 2 could be interpreted as an ineffective compensatory response
by the peripheral immune cells to systemic metabolic distress, where
increased quantity of the receptor fails to mitigate the functional con-
sequences of the underlying severe dyslipidemia and inflammation.
Future follow-up work may further clarify the exact role of LDLR. In
addition, APP was upregulated in Subtype 1 in the ROSMAP dataset,
while the AB4; level is upregulated in Subtype 2, the patient group with
worse cognitive score in the MSBB study. Another lipid metabolism
player, PPAR v, is also identified to be upregulated in Subtype 1. It
is a key regulator of lipid metabolism and inflammation whose ago-
nists improve cognition,’® consistent with Subtype 1’s better cognition
phenotype.

The study further reveals that the DEGs between the two subtypes
identified from the brain sample in ROSMAP are enriched in pathways
governing synaptic plasticity, cognitive function, and neuronal signal-
ing, which suggests that impaired neuronal communication is a central
mechanism underlying their distinct pathologies. The consistent upreg-
ulation of synapse- and cognition-related genes (such as BDNF, GRM5,
NPTN, and CHRNBZ2) in Subtype 1 may underlie the better cognitive
outcomes observed in this group. This work suggests that future ther-
apeutic interventions may be most effective if tailored to the specific
pathway disruptions characterizing each patient subtype.

Our enrichment analysis also highlighted molecular function path-
ways, with significant overrepresentation of terms related to gated
channel activity, potassium ion transmembrane transport, and GABA-
A receptor activity. These pathways were enriched in Subtype 1, the
subgroup with relatively better cognitive performance. Therefore, the
enrichment of ion transport and receptor activity pathways in Sub-

type 1 may indicate preserved synaptic signaling capacity, providing
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a molecular basis for the comparatively better cognitive outcomes
observed in this subgroup. Together, these findings offer strong evi-
dence for the reproducibility, robustness, and biological relevance of
our subtyping framework.

One challenge of validating the study is the lack of datasets that
exactly matches the data modality, brain region, and clinical infor-
mation. Nevertheless, we further applied the method on two related
large cohort studies of AD besides ROSMAP to test if similar sub-
grouping of patients can be detected. Although these datasets may
not fully validate each other due to different choices of samples and
data modalities, potential concordances among the subgroups can shed
light on key genes and processes that are associated with AD clinical
presentations.

In the MSBB cohort, among the DEGs between Subtype 1 and Sub-
type 2 in the four brain regions, we observed significant upregulation of
copper ion-binding pathways in the BM22 region in Subtype 2, which
was associated with worse cognitive outcomes compared with Sub-
type 1. This finding is consistent with previous studies showing that
extracellular copper can directly bind to AB, accelerating the aggre-
gation of monomers into toxic fibrils and plaques. The enrichment of
copper-binding genes in the worse cognition group, therefore, sup-
ports the role of copper ions in promoting amyloid pathology and
cognitive decline.

In the MayoRNAseq cohort, we observed a high degree of cross-
cohort consistency between itself and ROSMAP, with 439 shared DEGs
consistently upregulated in the less-severe subtype in both cohorts.
We identified 135 biological process terms, including synapse orga-
nization, synaptic vesicle cycling, and cognition, and 41 molecular
function terms such as gated ion channel activity and voltage-gated
cation channel activity showed the same directional regulation across
both datasets. The observation of these shared directionally consis-
tent GO terms across independent cohorts further illustrated the
robustness of the AD subtypes and yielded a reproducible molecular
framework underlying AD heterogeneity.

Through PheWAS, we identified novel associations between eQTLs
of subtype-specific DEGs and common disease phenotypes in the EHR
data of the All of Us study. The PheWAS results broadened our under-
standing of how specific genetic variations could influence multiple
health conditions.

To summarize, in this study, we applied an advanced graph-based
unsupervised subspace merging algorithm to integrate multi-omics
data for clustering patients and identifying potential subtypes in AD
from postmortem brain samples. We successfully identified differ-
ent groups of AD patients with distinct clinical presentations only
from this data-driven approach and discovered potential blood-based
markers. We further explored the associations of the genetic vari-
ants of these marker genes of other disease phenotypes with AD
subtypes.

Although our subspace merging framework provides a powerful
approach to integrating multi-omics data for identifying AD subtypes,
several limitations exist in this study. First, due to the data availabil-
ity, we focused only on postmortem AD brain tissue, which may not

fully capture the dynamic and temporal nature of AD progression.

Additional studies incorporating longitudinal data, such as imaging or
blood-based biomarkers would further shed light on the heterogene-
ity of AD progression, which is not reflected in this study. Second, the
MSBB cohort may not be an ideal validation cohort for the findings
from ROSMAP due to the anatomic differences in the brain regions and
lack of blood data in this cohort, limiting the test for generalizability
of the identified subtypes. Nevertheless, we compared the clustering
findings from the two cohorts in parallel and discussed the common
characteristics of the subtypes as well as their differences. Third, the
integrative model assumes equal contribution from each omics layer.
Although this assumption simplifies computation and reduces overfit-
ting risk, it may obscure modality-specific signals that are biologically
relevant to certain pathways or patient subgroups. Adaptive fusion
strategies, such as modality-specific weighting or attention mecha-
nisms, can enhance the model’s ability to prioritize more informative
data layers. Although we initiated joint modeling of brain and periph-
eral tissues, extending this approach through transfer learning or
multitask learning may help identify more clinically actionable sub-
types. With the rapid progress in machine learning, we will also further
explore advanced graph-learning methods to refine subtype discovery

and representation.
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