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METHODS: RNA sequencing was performed on blood samples from the Korean Brain
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positron emission tomography.
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RESULTS: DGE analysis identified 265 dysregulated genes associated with A3 depo-
sition and replicated three AD-associated genes in an independent Korean cohort.
Network analysis identified two modules related to pathways including a natural killer
(NK) cell-mediated immunity. Machine learning analysis showed the classification of
A positivity improved with the inclusion of gene expression data.

DISCUSSION: Our results in a Korean population suggest AS deposition-associated
genes are enriched in NK cell-mediated immunity, providing a better understanding of
AD molecular mechanisms and yielding potential diagnostic and therapeutic strategies.
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1 | BACKGROUND

Alzheimer’s disease (AD) is a neurodegenerative disorder character-
ized by progressive cognitive decline and functional impairment.2 AD
is the most widespread form of dementia and currently affects > 55
million people globally.® Despite the increasing emphasis on ethnic
diversity in AD research, there remains a substantial gap in under-
standing molecular mechanisms underlying the pathogenesis of AD in
Asian populations.

A key pathological feature of AD is the accumulation of amyloid beta
(AB) peptides, which aggregate into amyloid plaques within the brain.!
AB aggregation is believed to be the initiating event in AD, accumulat-
ing in the brain 10 to 20 years before the first symptoms of dementia
appear.*> Amyloid positron emission tomography (PET) has served as
a key research tool for more than two decades and has gained approval
for clinical use from various global regulatory authorities, including
the US Food and Drug Administration and the European Medicines
Agency.>¢

Dysregulation of the immune response in both central and periph-
eral blood is recognized as a pathological characteristic of AD.”~?
Moreover, amyloid deposits can trigger chronic neuroinflammation,
leading to the loss of synapses and neurons, which in turn contributes
to brain atrophy and cognitive decline.’%11 Recent studies have shown
that both peripheral innate immunity influences AD pathology by alter-

ing the function and number of peripheral immune cells in the blood,

» Dysregulated genes were associated with amyloid beta (AB) deposition on positron
emission tomography in a Korean cohort.

* Dysregulated genes in Alzheimer’s disease were replicated in an independent

* Gene network modules were associated with Ag deposition.
* Natural killer (NK) cell proportion in blood was associated with AB deposition.

* Dysregulated genes were related to a NK cell-mediated immunity.

facilitating their infiltration into the brain and aggravating neuropathy
in AD.81213

Blood-based biomarkers are advantageous as they can be extracted
more easily and affordably than other body fluids, such as cere-
brospinal fluid, and are well suited for high-throughput testing.'* Blood
biomarkers have emerged as a vital element in dementia research, pro-
viding key insights into AD pathology and offering prospects for clinical
application.’>~17 In high-throughput analysis, prior studies have estab-
lished the significance of transcriptomic changes in brain tissue across
various regions for identifying molecular subtypes of AD,' directing
target gene selection and validation through meta-analysis'? and pin-
pointing gene isoform alterations associated with AD.2° Only a few
studies investigated blood transcriptomes in AD research, finding sig-
nificant changes in expression related to the dysregulated biological
processes of AD.2122

In this study, we aim to identify significant gene expression changes
associated with brain AB deposition in AD, focusing on identifying
networks and their pathways in blood-based transcriptome and eval-
uating its potential for blood-based molecular biomarkers in a Korean
cohort. We examined blood-based transcriptome data from 506 well-
characterized participants, spanning various ages and cognitive states,
from the Korean Brain Aging Study for the Early Diagnosis and Predic-
tion of Alzheimer’s Disease (KBASE) cohort to identify dysregulated
genes as significantly associated with AB deposition on PET. To repli-

cate these findings, we used blood-based transcriptome data from
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an independent Korean cohort, Seoul National University Bundang
Hospital (SNUBH). In addition, we conducted weighted co-expression
network analysis, functional enrichment analysis, and immune cell
deconvolution analysis to identify biological pathways and immune cell
types associated with AB deposition.

2 | METHODS

2.1 | Participants and blood sample collection

The KBASE is a Korean cohort study that began in 2014.23 The KBASE
study description, along with the recruitment of participants, ethics
approval, sampling, and neuroimaging, is detailed in Byun et al.23 The
cohort includes well-characterized participants ranging from young to
elderly, covering various cognitive states such as young cognitively nor-
mal (CN), old CN, mild cognitive impairment (MCl), and AD dementia.2?
As described in an earlier KBASE cohort study,?® genomic DNA was
extracted from whole blood, and apolipoprotein E (APOE) genotypes
were determined using established methods.2* APOE ¢4 carrier sta-
tus was defined based on the presence or absence of the APOE ¢4
allele, classifying participants as either APOE ¢4-positive or APOE
e4-negative.

Blood samples from individuals were collected in PAXgene tubes
at three different time points spanning the years 2014 to 2018, with
2-year intervals between each collection. Because some individuals
only had one or two samples collected, we revised the collection
time point labels to correspond to the visit occurrences, categorizing
them as first (baseline), second, or third visits. Furthermore, partici-
pant age was adjusted to reflect the age at each visit, based on the
age at enrollment and the corresponding sample collection year. In this
study, we analyzed 506 gene expression profiles from baseline samples
across the cognitive states of old CN, MCI, and AD to investigate early
expression changes associated with A deposition as measured by PET
imaging.

Total RNA, including microRNA, was extracted at the National
Centralized Repository for Alzheimer’s Disease using the QlAcube
and the PAXgene Blood miRNA kit (Qiagen), which included an
on-column DNase treatment to remove residual DNA. RNA concen-
tration was determined by measuring the absorbance at 260 nm
(A260) on a NanoDrop 2000 UV spectrophotometer (Thermo Scien-
tific). RNA purity was assessed using the A260/A280 and A260/A230
ratios. RNA integrity was evaluated using an Agilent 2100 Bioan-
alyzer with the Agilent RNA 6000 Nano Kit, which generated an
RNA Integrity Number (RIN) for each sample. Aliquots of 1 pg of
DNase-treated RNA were sent to the Indiana University School of
Medicine Center for Genomics and Bioinformatics, Genome Services
Facility for library preparation and sequencing. The Xpose (Trinean)
and TapeStation (Agilent) were used to conduct quality checks after
the RNA samples were concentrated to 60 ng/ul using the Speedy

vacuum.
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RESEARCH IN CONTEXT

1. Systematic review: The authors reviewed the existing lit-
erature using traditional sources including PubMed and
Google Scholar and found limited studies investigating
blood-based transcriptomics data for Alzheimer’s dis-
ease (AD) and amyloid beta (Af) deposition on positron
emission tomography in a Korean population.

2. Interpretation: Our study in a Korean cohort revealed
significant changes in gene expression levels in blood
associated with AB deposition in AD. The dysregulated
genes were related to a natural killer (NK) cell-mediated
immunity, suggesting an involvement of immune-related
pathways in AD pathogenesis, providing a better under-
standing of AD molecular mechanisms, and yielding
potential diagnostic and therapeutic strategies.

3. Future directions: Future research should aim to inves-
tigate longitudinal RNA sequencing data to enhance our
understanding of disease progression and provide poten-
tial prognostic and therapeutic strategies.

2.2 | Total RNA sequencing (RNA-Seq)

2.2.1 | Library preparation and sequencing

A total of 1140 RNAs were isolated from whole blood samples col-
lected from participants in the KBASE cohort using the PAXgene Blood
RNA kit (Qiagen). The RNA samples were subsequently treated with
DNase (in-solution). One hundred nanograms of DNase-treated total
RNA was used for library preparation with the Illumina Stranded Total
RNA Prep, Ligation with Ribo-Zero Plus kit, following the manufac-
turer’s instructions. The kit reagent and protocol included human
globin RNA and rRNA depletion. Each resulting uniquely dual-indexed
library was quantified and quality accessed by Qubit and Agilent TapeS-
tation. Multiple libraries were pooled in equal molarity. The pooled
libraries were sequenced on an lllumina NovaSeq 6000 sequencer to
generate paired-end 150 bp reads. One hundred million paired-end

reads were targeted for each sample.

2.2.2 | Preprocessing of RNA-Seq data

The raw 150 bp paired-end sequencing reads were processed through
trimming steps to remove adapter sequence, low-quality (Q < 20),
or short reads (length < 36 bp), using trimmomatic v0.39.2° The
cleaned reads were then aligned to the human reference genome using
STAR v2.7.10a%¢ with a two pass mode. Human reference genome
release 44 (GRCh38.p14) and a primary assembly annotation file were
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downloaded from Gencode.?” To obtain the gene expression matrix,
the aligned reads were quantified by counting gene IDs in the annota-
tion file using featureCounts v2.0.3.28

2.3 | Gene expression normalization

The longitudinal RNA-Seq data, consisting of 1140 samples from
538 participants, was divided into cognitive state groups: young CN
(n = 93), old CN (n = 571), MCI (n = 138), AD (n = 85), and others
(n=41). Genes with low expression levels were excluded if their counts
were below one count per million (CPM) in the smallest group, which
is the young CN group (n = 93). To eliminate technical variability, such
as differences in gene length and guanine-cytosine content (GC con-
tent), the gene expression matrix of a total of 1140 KBASE participants
was normalized applying the conditional quantile normalization (CQN)
approach.?? Of these, 506 gene expressions at baseline were included
in the analysis, excluding those from the young CN group, defined as <
55 years old, as well as samples from individuals with unclear cognitive

states (others) group.

24 | ABPET processing

The [1C] Pittsburgh compound B (PiB) PET tracer was used as the
amyloid neuroimaging biomarker. The specifics of the amyloid PET
image acquisition and processing have been previously documented.?3
In summary, the PiB PET data underwent standard corrections and
were reconstructed into a 256 x 256 image matrix using iterative tech-
niques. During image processing, static PiB PET images were motion
corrected and aligned with each participant’s T1 structural images.
These T1 images were normalized to standard Montreal Neurological
Institute space, and the same transformation was applied to the PiB
PET images. The final PET scans were intensity normalized to produce
standardized uptake value ratio (SUVR) images using a cerebellar
gray matter region of interest from the Centiloid project,®® which
were then smoothed. The AS positivity threshold was established in
earlier research by applying a receiver operator characteristic (ROC)
curve using global cortical A3 deposition at baseline to classify young
CN from AD individuals. The optimal cut-off was determined to be
1.2373, achieving 83% sensitivity and 100% specificity. We used a
log-transformed global cortical PiB SUVR to identify dysregulated
genes related to A deposition, and a cut-off of 1.2373 to determine
AB positivity.

2.5 | Differential gene expression analysis

A linear regression model was applied to evaluate the association
between expression levels of genes and global cortical PiB SUVR. The
model included biological covariates such as age, sex, and APOE ¢4
carrier status, as well as technical covariates including batch effects
and RIN values. The same sequencing date was used to define the
batch. Only protein-coding genes were included for differential gene

expression (DGE) analysis. After fitting the model, the regression coef-

ficients were used to interpret them as log,(fold changes) because
our expression data were log,-transformed. The fold change means
that for every one unit increase in Ag deposition, gene expression is
expected to double. The P values underwent a false discovery rate
(FDR)-based multiple comparison adjustment with the Benjamini-
Hochberg (BH) method.3! Genes were considered significant based on
an FDR threshold of < 0.05.

Next, we analyzed the association between expression levels of
genes and compared AD to CN using a logistic regression model.
The model included age, sex, APOE ¢4 carrier status, batch, and RIN
values as covariates. The log,(fold changes) were considered by the
regression coefficient. We investigated 947 potential therapeutic can-
didate genes identified by Agora®? to examine the overlap between

significantly dysregulated genes and the nominated target genes.

2.6 | Replication analysis in an independent
Korean cohort, SNUBH

2.6.1 | Participants and RNA-Seq

The SNUBH cohort consists of participants categorized into two diag-
nosis groups, CN (n = 91) and AD (n = 102). For the SNUBH cohort,
a PAXgene Blood RNA kit (Qiagen) was used for RNA extraction. The
library preparation with the TruSeq Stranded Total RNA Library Prep
Globin Kit (lllumina) and RNA-Seq on the NovaSeq 6000 platform
were performed at the Macrogen in South Korea. Raw sequencing
read quality was assessed using FastQC v0.11.7 (www.bioinformatics.
babraham.ac.uk/projects/fastqc/), and low-quality reads were filtered
out using Trimmomatic v0.38.2> The remaining reads were aligned
to the GRCh38 human reference genome (NCBI, Annotation Release
109.20200522) with HISAT2 v2.1.0,%% and gene and transcript abun-
dances were quantified using StringTie2 v2.1.3b.34

2.6.2 | Cross-cohort replication

In the SNUBH cohort, gene expression normalization and association
analysis were conducted according to Methods 2.3 and 2.5. Overall,
genes exhibiting low expression (CPM < 1) in the smallest group, CN
(n = 91), were excluded and normalized using the CQN method.2?
To identify genes significantly dysregulated in AD compared to CN
individuals in the SNUBH cohort, a logistic regression model was
applied, considering sex, age, APOE &4 carrier status, and RIN values as
covariates.

To combine results from both the KBASE cohort (discovery) and
the SNUBH cohort (replication), a fixed effect meta-analysis with an
inverse variance weighted approach was performed using METAL.3> A
positive z score indicated upregulation in AD, while a negative z score
indicated downregulation. The P value represents the statistical signif-
icance of the association between expression levels of a gene and AD,
and it was adjusted for multiple comparisons using the BH method.3?
We defined suggestive genes as those exhibiting the same direction
of regulation across both independent cohorts and having an FDR
of <0.05.
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2.7 | Weighted gene co-expression network
analysis (WGCNA)

The WGCNA3® R package was used to construct network-based co-
expression modules, using the CQN normalized gene expression table
previously used in the DGE analysis. Given that WGCNA identifies
modules of co-expressed genes based on expression correlation pat-
terns, the presence of batch effects or RIN variations can generate
inaccurate correlations. By regressing out these technical variables,
we enhanced the accuracy and relevance of the co-expression net-
works generated through WGCNA. To filter out non-variable genes
from all protein-coding genes, the upper quartile (Q3), representing
75% of genes with the highest standard deviations, was selected. Co-
expression modules were constructed using a soft-thresholding power
of 10, with a minimum requirement of 30 genes per module. The
biweight midcorrelation method was used to calculate the similarity,
and the network type to calculate adjacency was set as signed.

The association between the module eigenvalue (ME) and global
cortical PiB SUVR was analyzed using a linear regression model, with
age, sex, and APOE &4 carrier as covariates. All P values were adjusted
for multiple comparisons using the FDR correction through the BH
procedure.3! The significant modules were defined based on an FDR
threshold of < 0.05. We also checked the overlapping genes between

significant modules and nominated target genes from Agora.32

2.8 | Functional enrichment analysis
Over-representation analysis,>” also known as functional enrich-
ment analysis, was executed on the Gene Ontology (GO) biological

38 using the enrichGO function from the clusterProfiler3?

process,
v4.12.2 packages in R v4.4.1. To identify GO biological pathways, dys-
regulated genes related to global cortical PiB SUVR were selected
based on an FDR threshold of < 0.1. Additionally, genes from net-
work modules showing significant associations with global cortical
PiB SUVR were included in the functional enrichment analysis. GO
biological processes with BH-adjusted P < 0.05 were considered sig-
nificant. To reduce complexity and enhance interpretability, highly
similar GO biological processes with a similarity score > 0.7 were fil-
tered using the simplify function, ensuring that only representative
terms were retained. After this similarity assessment, the biologi-
cal processes were clustered using the APCluster“® method via the
SimplifyEnrichment*! packages v1.14.0 in R v4.4.1. The representa-
tive terms for each cluster were selected based on the BH-adjusted P
value. The network illustrating the enrichment between genes and the

10 biological pathways was visualized using Cytoscape®? v3.10.2.

2.9 | Deconvolution analysis

Deconvolution analysis is a computational approach designed to esti-
mate the relative abundance of cell types from bulk RNA sequenc-
ing data, aiding in the resolution of data complexity.*> Immune cell

THE JOURNAL OF THE ALZHEIMER'S ASSOCIATION

type proportions in blood-based RNA-Seq data were estimated using
CIBERSORTx** with CQN normalized counts. For cell expression impu-
tation, we applied the LM22 signature matrix, which includes 547
genes representing 22 immune cell phenotypes. We conducted 500
permutations to obtain a deconvolution P value. Immune cell types
with an estimated mean proportion of < 0.01 were excluded, and the
remaining 11 immune cells were used for the association analysis. A
linear regression model was used to assess the relationship between
the estimated cell type proportions and AB deposition, adjusting for
covariates such as age, sex, APOE ¢4 carrier status, batch, and RIN.
The P values were corrected using the BH method, with significance
determined by an FDR of < 0.05.

2.10 | Machine learning classification

A normalized gene expression matrix, adjusted for batch and RIN
values and used for WGCNA analysis, was subjected to STREAM-
LINE release Beta 0.3.4.4546 STREAMLINE is an automated end-to-end
machine learning (ML) platform that specializes in binary classification
and evaluates various established ML algorithms.*>4¢ We conducted
classification using 5-fold cross-validation with the stratified partition
method, applying default settings for scaling.*>*¢ Feature impor-
tance (FI) was evaluated using the score calculated by the multiSURF
method,*>*¢ and the top 30 genes were selected according to their
median FI scores. We investigated three models to determine the
improvement in classification power for AS positivity with each suc-
cessive model. The Ag-positive group included individuals with a high
likelihood of AB deposition, defined by a global cortical PiB SUVR in
the brain exceeding a threshold of 1.2373. Model 1 was based on age
and sex. Model 2 added APOE &4 carrier status to the Model 1. Model
3 further expanded by adding 30 selected genes associated with AS
deposition to Model 2. We compared 10 ML algorithms to identify
which ML algorithm performs best: artificial neural networks, decision
tree, elastic net, genetic programming, gradient boosting, k-nearest
neighbors, logistic regression, random forest, support vector machines,
and naive Bayes. To compare and evaluate the performance of each
algorithm, we examined several metrics including balanced accuracy,
accuracy, F1 score, sensitivity, specificity, and ROC area under the
curve (AUC).

3 | RESULTS

3.1 | Participants characteristics

In this study, we used blood transcriptomic data from the KBASE
cohort as a discovery dataset to identify dysregulated genes and
their biological pathways associated with brain A3 deposition. The
comprehensive workflow is depicted in Figure 1, encompassing a
range of systems biology approaches, including DGE analysis, co-
expression network module analysis, functional enrichment analysis,

immune cell type deconvolution, and ML classification. Demographic
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FIGURE 1 Overview workflow of the study. We generated blood-based transcriptomics data on participants from two Korean cohorts
(KBASE as a discovery data and SNUBH as a replication data) and performed systems biology approaches to identify dysregulated genes and their
pathways for global A3 deposition on PET. Diagram was created with BioRender.com. Aj, amyloid beta; AD, Alzheimer’s disease; KBASE, Korean
Brain Aging Study for the Early Diagnosis and Prediction of Alzheimer’s Disease; NGS, next generation sequencing; PET, positron emission
tomography; SNUBH, Seoul National University Bundang Hospital.

TABLE 1 Participant characteristics.

KBASE (discovery, N = 506) SNUBH (replication, N = 193)

CN McCI AD CN AD

(N =274) (N =138) (N=94) (N=91) (N =102)
Age (mean + SD) 69.2+8.34 73.6+6.93 73.6 +7.48 72.4+5.39 79.4+5.14
Sex (female:male) 138:136 90:48 66:28 68:23 65:37
RNA integrity number (mean + SD) 7.31+2.06 6.99 +2.05 6.22+275 7.73+0.56 7.71+0.56
APOE ¢4 carrier status (absence:presence) 218:51 86:52 29:55 76:15 50:52
Global cortical PiB SUVR (mean + SD) 0.07 +0.05 0.13+0.08 0.20+0.09 - -
Ag positivity (negative:positive) 228:41 66:72 15:69 = =

Abbreviations: AB, amyloid beta; AD, Alzheimer’s disease; APOE, apolipoprotein E; AD, Alzheimer’s disease; CN, cognitively normal older adults; KBASE,
Korean Brain Aging Study for the Early Diagnosis and Prediction of Alzheimer’s Disease; MCI, mild cognitive impairment; PiB, [11C] Pittsburgh compound B;
SD, standard deviation; SNUBH, Seoul National University Bundang Hospital; SUVR, standardized uptake value ratio.

characteristics of all individuals in the present study are shown in 3.2 | DGE analysis for global cortical Ag deposition
Table 1. We used RNA-Seq data from 506 participants at baseline

across three diagnostic groups of old CN, MCI, and AD to investigate We performed DGE analysis to identify dysregulated genes as signif-
dysregulated genes and their pathways associated with global cortical icantly associated with AB deposition using a linear regression model
Ag deposition measured by PET imaging. The SNUBH cohort, used as a (n=506, 13,603 protein-coding genes). The DGE results are described
replication cohort, includes a total of 193 participants: CN (N =91) and in Figure 2 and listed in Table S1 in supporting information. We identi-
AD (N=102). fied 265 differentially expressed genes (DEGs) that were significantly
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FIGURE 2 Differential gene expression analysis. A, The volcano plot shows 265 genes as significantly associated with global cortical
deposition on PET in the KBASE cohort (Discovery data). B, The network represented a NK cell-mediated immunity pathway (GO:000228) and
involved 12 upregulated DEGs for global cortical deposition. C, The volcano plot shows 44 significantly dysregulated genes in AD compared to CN
in the KBASE cohort. D, The volcano plot represents three replicated AD-associated genes (SNX29, FBXO33, and C19orf12) and one suggestive
gene (FAM169A) in an independent Korean cohort, SNUBH (Replication data). In the volcano plots, red dots represented significant genes with
FDR-corrected P value < 0.05. AD, Alzheimer’s disease; CN, cognitively normal older adults; DEG, differentially expressed gene; FDR, false
discovery rate; KBASE, Korean Brain Aging Study for the Early Diagnosis and Prediction of Alzheimer’s Disease; NK, natural killer; PET, positron
emission tomography; SNUBH, Seoul National University Bundang Hospital.

associated with AB deposition (FDR < 0.05; Figure 2A). Of these,
214 genes were upregulated, and 51 genes were downregulated in
the presence of higher global cortical PiB SUVR values. We explored
potential AD therapeutic target genes sourced from Agora3? and com-
pared them to 265 DEGs associated with A3 deposition and found
that seven genes overlapped (Figure S1 in supporting information). In
addition, we identified 775 genes that were associated with Ag depo-
sition (FDR-corrected P value < 0.05). Out of the 775 genes, 592 were
found to be upregulated. From these upregulated genes, only one bio-
logical pathway, “natural killer cell mediated immunity” (GO:0002228),
was identified as significant (FDR-corrected P value < 0.05). This
pathway comprised 12 genes: CD96, GZMB, KIR3DL1, KLRB1, KLRC3,
KLRC4, KLRC4-KLRK1, KLRD1, NCR1, NKG7, SLAMF7, and TUBB
(Figure 2B).

3.3 | DGE analysis for AD

Using a logistic regression model, we investigated whether the 265
DEGs associated with AS deposition also show differential expression
in AD compared to CN. Among these genes, 44 exhibited differential
expression between the AD and CN groups, with 30 genes upregu-
lated and 14 genes downregulated (FDR < 0.05; Figure 2C). In an
independent Korean cohort, SNUBH, as a replication dataset, 262
out of 265 genes were expressed and three DEGs (SNX29, FBXO33,
and C19%orf12) were replicated as significantly expressed in AD com-
pared to CN (Figure 2D). One gene (FAM169A) was significantly
expressed in AD compared to CN only in the SNUBH cohort. The
meta-analysis of results from two cohorts showed that out of the
262 DEGs, 203 genes (167 upregulated and 36 downregulated) were
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FIGURE 3 Weighted gene co-expression network analysis. Gene
network analysis of RNA-Seq data in blood identified 13 network
modules, where two modules (ME2 and ME6) were significantly
associated with global cortical deposition on PET. A, The volcano plot
represents the association of 13 network modules with global cortical
deposition. The plots show the correlation between global cortical A8
deposition and eigengene values of ME2 (B) and ME6 (C). D, Venn
diagram shows the overlapping genes between 256 DEGs associated
with AB deposition, genes in ME2, and genes in ME6. E, Venn diagram
shows the overlapping genes between 256 DEGs associated with Aj
deposition, AB-associated genes in ME2, and AB-associated genes in
MEé. AB, amyloid beta; AD, Alzheimer’s disease; All, total participants;
CN, cognitively normal older adult; DEG, differentially expressed
gene; FDR, false discovery rate; MCI, mild cognitive impairment; ME,
module eigenvalue; RNA-Seq, RNA sequencing; PET, positron
emission tomography; PiB, Pittsburgh compound B; SUVR,
standardized uptake value ratio.

significantly dysregulated in AD compared to CN (Table S2 in support-
ing information).

3.4 | Weighted gene co-expression network
analysis for global cortical Ag deposition

Network analysis identified 13 network modules, and the number of
genes included in each module ranged from 32 to 588 (Table S3 in sup-
porting information). Among the 13 network modules, two modules
(ME2 and ME&) were significantly associated with global cortical Aj
deposition (Figure 3). In Figure 3B and Figure 3C, the plot represents
the association between the two modules (ME2 and ME6) and AB depo-
sition in three diagnostic groups. We investigated the overlap between
genes within two significant modules and DEGs identified as being

associated with global cortical A deposition (Figure 3D). The overlap-

ping genes include 44 genes in ME2, which consists of 298 genes, and
6 genes in ME6, which contains 153 genes. Association analysis was
conducted to determine which genes within the two significant mod-
ules were associated with AS deposition. After FDR correction, 130
genes in ME2 and 54 genes in ME6 were found to be significantly asso-
ciated with A deposition. The number of genes overlapping with DEGs
remained unchanged (Figure 3E). We explored potential AD therapeu-
tictarget genes and compared them to genes in two significant modules
(Figure S1). This comparison revealed an overlap of 16 genes in ME2
and two genes in ME6 with potential AD target genes.

3.5 | Functional analysis between genes in network
modules and their top 10 biological pathways

To explore the biological function, we analyzed the GO biological path-
way on genes in two network modules (ME2 and MEé). Details on the
representative GO biological processes and their cluster information
are provided in Table S4 in supporting information, while the top 10
pathways, simplified and ordered by BH-adjusted P value, are illus-
trated in Figure S2 in supporting information. Pathway analysis with
298 genes in ME2 identified 33 pathways after similarity assessment,
and nine clusters were generated (Table S4). The top 10 GO biologi-
cal pathways were highlighted into five clusters: cell adhesion, natural
killer (NK) cell-mediated immunity, cell killing, leukocyte mediated
immunity, and response to lectin (Figure 4A and Table S4). The network
revealed two primary clusters, representing cell adhesion and immune
response, both linked by the CADM1 gene (Figure 4A). Specifically, NK
cell-mediated immunity pathway included 16 genes from ME2 (Table
S4), 5 of which were DEGs (GZMB, KLRD1, KLRC4,NCR1, KLRC4-KLRK1)
associated with Ag deposition, while 2 genes (LAG3 and CADM1) had
been previously nominated in Agora.®? After the similarity assessment,
20 MEé6-related pathways were identified, which led to the formation
of five clusters (Table S4). The top 10 GO biological pathways were
grouped into five clusters, highlighting cytoplasmic translation, ribo-
some biogenesis, protein localization, nucleosome assembly, and rRNA
processing (Figure 4B and Table S4). The most significant pathway was
cytoplasmic translation, which included 42 genes from MEé6. Notably,
RPS27 showed a significant association with AB deposition (Table S1),
while two genes, S100A8 and MRPL12, had previously been nominated
in Agora®? (Figure S1).

3.6 |
data

Cell-type deconvolution analysis of RNA-Seq

Given that immune related pathways were associated with Aj deposi-
tion in both co-expression network analysis and GO biological pathway
analysis, we conducted a deconvolution analysis of gene expression
using CIBERSORTX** to estimate the relative cell-type proportions
(Figure 5). In Figure 5A, deconvolution analysis showed neutrophils
as the most prevalent cell type in blood, followed by resting NK

cells, resting CD4 memory T cells, and CD8 T cells. Considering the
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inclusion of various T cell subtypes in our results, the overall pro-
portion of T cells should be the second most abundant in blood. We
subsequently assessed the association between the well-estimated
immune cell proportions and global cortical A3 deposition (Figure 5B).
To focus on prevalent immune cells, only those with mean proportions
> 0.01 were selected for association analysis using a linear regression
model. Resting NK cells were the only cell type significantly asso-
ciated with global cortical A deposition. Figure 5C illustrates the
relationship between the proportion of resting NK cells in blood and
global cortical AB deposition across three diagnostic groups, with AD
showing the strongest correlation between resting NK cells and AB

deposition.

3.7 | ML-based classification of Ag positivity

We evaluated whether incorporating gene expression data
improved the classification performance of A3 positivity using the
STREAMLINE.*546 We compared the classification performance of 10
ML algorithms across three models and found that elastic net showed
better classification performance based on balanced accuracy, F1
score, sensitivity, and ROC AUC (Table Sé in supporting information).
ROC curves depicting the performance of an elastic net model in
classifying AB positivity are presented in Figure 6.

Figure 6A shows the classification performance of the Model 1

including only age and sex as features. The model yielded a mean
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FIGURE 5 Deconvolution analysis. Immune cell type proportions were predicted by CIBERSORTXx. A, Boxplots show estimated cell type
proportions for 506 individuals in each of the 22 immune cell types. B, The table represents the mean value of proportions and the results of
association analysis between immune cell type proportions and global cortical AB deposition. C, NK cells resting was significantly associated with
global cortical AB deposition. AB, amyloid beta; AD, Alzheimer’s disease; All, total participants; CN, cognitively normal older adults; FDR, false
discovery rate; MCI, mild cognitive impairment; NK, natural killer; PiB, Pittsburgh compound B; Std.err, standard error; SUVR, standardized uptake

value ratio.

AUC of 0.631 + 0.056. The inclusion of APOE ¢4 carrier status into
Model 1 improved the classification performance with a mean AUC
of 0.774 + 0.053 (Figure 6B and Figure 6D). Incorporating the top 30
genes (Table S5 in supporting information) ranked by feature impor-
tance into Model 2 resulted in the best AUC curve performance among
the three models with a mean AUC of 0.807 + 0.022 (Figure 6C and
Figure 6D).

4 | DISCUSSION
We performed total RNA sequencing on blood samples from the
KBASE cohort recruited in Korea?® and analyzed blood-based tran-
scriptomic data to identify dysregulated genes and their biological
pathways for global cortical A deposition measured from PET scans.
Amyloid PET Ag deposition*”
AD.4-6

We identified 256 dysregulated genes as significantly associated

is a widely recognized biomarker for

with Af deposition. Furthermore, our findings were replicated in

an independent Korean cohort, SNUBH. Pathway analysis of the
upregulated genes revealed the enrichment of the NK cell-mediated
immunity pathway. Some of these upregulated genes including GZMB,
KLRB1, KLRD1, NCR1, and NKG7, are recognized as markers for NK
cells,*84? while others including CD96, KLRC3, KLRC4, and KLRK1 are
known to be expressed in NK cells.>%°1 SLAMF7 expression on NK
cells was elevated in the bone marrow of multiple myeloma patients,
and higher SLAMF7 expression on blood NK cells was associated with
shorter progression-free survival.’2 Additionally, 44 genes showed dif-
ferential expressions between AD and CN individuals in the KBASE
cohort. Among the 44 genes analyzed, CYP2R1 (cytochrome P450 fam-
ily 2 subfamily R member 1) showed the most significant association
with both Ag and AD. CYP2R1 enzymes, which exhibit 25-hydroxylase
activity, initiate the formation of active vitamin D by producing 25-
hydroxyvitamin D (25[OH]D), the main circulating form of vitamin
D in the blood and an essential indicator for evaluating vitamin D
status.>>54 Vitamin D plays a role in the clearance of A8 aggregates,
and its deficiency is associated with cognitive impairment.>#>° In addi-

tion, the Vitamin D receptor interacts with SMAD3, a transcription
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characteristic.

factor involved in amyloid precursor protein (APP) processing through
transforming growth factor beta (TGF-g) signaling.>®

Three dysregulated genes in AD (SNX29, FBXO33, and C1%orf12)
were replicated in an independent Korean cohort, SNUBH. The expres-
sion of sorting nexin 29 (SNX29) was downregulated in AD. The sorting
nexins (SNXs) were broadly investigated in AD and other nervous sys-
tem pathology.’” SNX9, SNX17, and SNX33 have been reported to
play roles in regulation of APP trafficking.>” In a study of the Han
Chinese population, SNX29 was found to share genetic risk factors
across major psychiatric disorders, including schizophrenia, bipolar
disorder, and major depressive disorder and was also found to be
involved in TGF-8 signaling,”® indicating a potential role for SNX29

in AD, particularly in relation to AS deposition. There is currently no

well-established connection between FBXO33 (F-box only protein 33)
and AB or AD. However, FBXO33 is predominantly associated with
the modulation of protein ubiquitination and solubility, particularly
within the context of polyglutamine disorders such as spinocerebel-
lar ataxia type 3 (SCA3).°? SCA3 is a progressive neurodegenerative
disorder characterized by ataxia, with amyloid aggregation of the
ataxin-3 protein being a hallmark of the disease.>”->? Given that both
pathologies involve protein aggregation leading to neurodegenera-
tion, understanding the mechanism of ataxin-3 aggregation in SCA3
could offer valuable insights into the process of AB deposition in
AD. While the function of C19orf12 (chromosome 19 open reading
frame 12), located in the mitochondria, remains unclear, mutations

in this gene have been linked to neurodegeneration with brain iron
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accumulation (NBIA), a group of inherited neurological disorders, as
well as widespread a-synucleinopathy.0:61

The correlation-based network analysis showed more explana-
tory power than DEG analysis. Two network modules, ME2 (immune
response-related genes) and ME6 (cytoplasmic translation-related
genes), showed significant associations with AB deposition. Notably,
NK' cell-mediated immunity was identified in both the DEG anal-
ysis and the co-expression network analysis. In the ME2-related
network, CADM1 (cell adhesion molecule 1), a marker gene for disease-
associated microglia, was enriched in both immune response and cell
adhesion-related pathways. One study using spatial sequencing analy-
sis revealed a specific pattern in which CADM1 expression in cortical
microglia increased within ~ 20 pm of A deposits, while expression
sharply decreased near the deposits.®2 This pattern was not observed
in hippocampal microglia.

We estimated immune cell types in blood bulk RNA-Seq data
through deconvolution analysis to assess alterations in circulating
immune cell populations. The analysis confirmed a dominant propor-
tion of neutrophils and resting NK cells in the blood. Recent studies
have found that neutrophils in the brains of AD were observed near
or at A8 plaques, as well as in the peripheral blood.®3¢¢ In a study
examining myeloperoxidase, which is expressed at high levels in neu-
trophils, researchers observed a significant increase in neutrophils in
the brains of AD patients, along with notable neutrophil accumula-
tion around amyloid plaques.® Recent studies have demonstrated that
changes in neutrophil levels can serve as an indicator of disease pro-
gression and cognitive decline.®” Additionally, a prospective cohort
study of 101,582 individuals found that low counts of blood mono-
cytes and eosinophils, combined with high counts of blood leukocytes
and neutrophils, were associated with an increased risk of AD.®> The
neutrophil-to-lymphocyte ratio (NLR) is an emerging biomarker for
impaired immunity calculated as a simple ratio between the neutrophil
and lymphocyte counts measured in peripheral blood.?® A study on
myeloproliferative neoplasms (MPNs) using blood cell counts showed
elevated NLR, indicating that neutrophils circulate in an active state,
leading to increased inflammatory signaling pathway activation.®®
Notably, the proportion of resting NK cells was significantly associated
with AB deposition. Circulating NK cells generally remain in a rest-
ing state, but their activation by cytokines prompts infiltration into
pathogen-infected tissues or malignant cells.®86? NK cells are impli-
cated in a range of central nervous system disorders, including AD, and
their infiltration into the brain is frequently observed in neurodegen-
erative diseases.”%’1 A study on NK cell infiltration into the brain in
Parkinson’s disease revealed that NK cells contribute to the clearance
of a-synuclein aggregates in a mouse model.”2 The observed reduc-
tion in AB plaques in Rag2-/- mice crossed with APP/PS1 mice, which
lack T and B cells but have sufficient NK cells, suggests that NK cells
may play a crucial role in the clearance of AB plaques, potentially sur-
passing the contributions of T and B cells.”® While NK cells have been
demonstrated to infiltrate the brains of APP/PS1 mice, contributing to
AB pathology, there is a paucity of research on their infiltration into the
AD brain.”* The mechanisms underlying NK cell activation and brain

infiltration remain unclear. Specifically, whether peripheral Ag stimula-

tion is required to activate circulating NK cells and whether Ag serves
as a chemoattractant for these cells needs further investigation.”* The
finding that NK cells are significantly associated with AS deposition
suggests that they might influence or reflect the progression of amy-
loid pathology, potentially acting as early responders in the peripheral
immune response.

Elastic net was selected as the optimal ML algorithm for clas-
sification of AB positivity. Our results suggest that including gene
expression data makes the classification model more effective and pro-
vides valuable insights into the classification power of gene expression
data.

Peripheral blood samples do not directly describe the physiologi-
cal environment as much as brain tissue in AD. Although brain tissue
can only be analyzed post mortem, blood samples are more accessi-
ble for collection and enable high-throughput testing and longitudinal
studies, which are vital for diagnosing and monitoring the progression
of diseases.'*~17 Additionally, multiple studies have reported that the
immune response in peripheral blood can elucidate the pathological
characteristics of AD.”~%1213 Qur results suggests that by establish-
ing an association between brain imaging data and blood transcriptome
profile data, significant gene expression changes could potentially act
as diagnostic blood-based molecular biomarkers.

The study investigated the association between gene expression
levels and global cortical A3 deposition in the AD continuum using
blood-based RNA-Seq data from a Korean cohort (KBASE), repli-
cated in an independent Korean cohort (SNUBH). Dysregulated genes
related to immune pathways including NK cell-mediated immunity
exhibit a strong association with AB deposition. Future work will
involve longitudinal transcriptome analysis in the KBASE cohort to
comprehensively understand the effects of pathophysiological char-
acteristics over time in AD. Our findings highlight that blood-based
transcriptomics data may provide a better understanding of AD
molecular mechanisms and yield potential diagnostic and therapeutic
strategies.
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SUPPORTING INFORMATION
Additional supporting information can be found online in the Support-
ing Information section at the end of this article.
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