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Abstract

BACKGROUND: The current biomarker framework for the diagnosis and staging of

Alzheimer’s disease (AD) relies mainly on neuropathological features; thus, its per-

formance for diagnosis is limited prior to the initiation of neurodegeneration. Here,

we leveraged transcriptomic data to develop a new framework for omic-informed

blood-based diagnostic biomarkers for AD from an early stage.

METHODS:Microglial gene expression from single nucleus RNA sequencing (snRNA-

seq) data was analyzed via six statistical methods to identify candidate panels of genes

predictive of AD. A total of 78 gene panels, 30 to 2000 genes in size, were selected and

evaluated for their ability to distinguish AD patients from controls. Three top-ranked

panels of 300, 50, and 30 genes were transferred to blood (monocyte) transcriptomic

data obtained from living subjects via a graph-based mapping approach based on

optimal transport statistics.

RESULTS: The 300-panel method resulted in an area under the curve (AUC) of 0.7

and moderate accuracy (75%) in classifying AD; however, the accuracy in predicting

cognitively normal patients was lower (53%).While the 300 genes provided high accu-

racy, inspection of the distribution of P values for the gene set revealed that the panel

could be greatly reduced in size to capture the most significant differences between

AD patients and cognitively normal individuals. The accuracy and specificity of the 50

and30panels demonstrated similarAUCvalues but improved thebalancebetween the

prediction of AD patients and normal controls. Specifically, the 50-gene panel resulted

in an AUC of 0.7, with 65%AD accuracy and 71% normal accuracy.

CONCLUSIONS: Integrating multiomics datasets into the AD biomarker discovery

pipeline offers a powerfulmodality to increase precision and comprehensiveness inAD

research and clinical applications.
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Highlights

∙ We developed a biomarker discovery framework based on statistical approaches

to identify Alzheimer’s disease (AD) brain microglial transcriptomic signatures and

apply to blood samples for AD diagnosis.

∙ Panels of 30 and 50 genes provided moderate accuracy (70%) for disease diagnosis

at both early (mild cognitive impairment) and progressed disease stages.

∙ Our newAD-biomarker discovery framework could be empowered for the develop-

ment of additional omics biomarkers for other intended uses, including predicting

disease risk, disease trajectories/prognosis, andmonitoring treatment effects.

∙ Leveraging omics datasets is a powerful strategy for the development of omics-

based biomarkers to increase accuracy and population-based precision of the new

generation of AD biomarkers.

1 INTRODUCTION

The current biomarker framework for the diagnosis and staging of

Alzheimer’s disease (AD), including the recent and first US Food and

Drug Administration–approved ADblood test,1,2 reliesmainly on amy-

loid beta (Aβ) and tau (primarily phosphorylated tau [p-tau] fragments)

pathologies as coremarkers. Thus, their performance is limited, partic-

ularly prior to the beginning of neurodegeneration and atrophy. While

assays based on positron emission tomography (PET) imaging and

cerebrospinal fluid (CSF) are invasive, expensive, and less accessible,

newer plasma tests reduce these limitations and increase diagnostic

accessibility.1,2

AD initiates decades before clinical symptoms and neuropatholog-

ical hallmarks appear. The new AD blood test, which is based on the

p-tau217/Aβ1-42 plasma ratio, can predict the presence of amyloid

plaques and is intended for patients who are cognitively impaired.

Thus, the accuracy and sensitivity of the available plasma tests are

limited, especially in presymptomatic stages, highlighting the unmet

clinical need for newdiagnostic biomarkers enabling precise early diag-

nosis. Furthermore, predictive biomarkers to identify subjects at high

risk of developing AD years and even decades before we notice symp-

toms would be beneficial for the design of the next generation of

AD clinical trials; therefore, these biomarkers are crucial for shifting

toward prevention treatments or disease-modifying therapies (DMTs)

prior to the initiationof severeneurodegenerationprocesses, including

the accumulation of Aβ and tau in the brain.
The role of neuroinflammation and the involvement of microglia

in the pathogenesis of neurodegenerative diseases, including AD and

related dementias, have been well established.3–8 Genome-wide asso-

ciation studies (GWASs) have shown that microglia-expressed genes

are involved in AD risk, and transcriptomic studies have demonstrated

dysregulation of gene expression in microglia from the post mortem

brains of patients compared to those from age- and sex-matched

controls.9–13 Moreover, it has been suggested that microglia con-

stitute one of the earliest cell subtypes showing gene expression

changes in AD.14–17 We aim to translate this knowledge into the

development of accurate, sensitive, and non-invasive diagnostic

biomarkers for presymptomatic AD.

In this study, we developed a new biomarker framework and repre-

sented the first stage in the development pipeline of a transcriptomic-

based AD blood biomarker for living individuals (Figure 1). First,

we identified transcriptomic biomarkers based on AD-associated

microglial differentially expressed genes (DEGs) using a publicly avail-

able singlenucleusRNAsequencing (snRNA-seq) dataset.18,19 Wethen

applied a label transfer approach to translate the discoveredmicroglial

DEG signatures ontomonocyte samples, both cell types of themyeloid

lineage. Finally, we evaluated performance of the microglial transcrip-

tomic signatures to assign phenotypic categories in the monocyte

samples. Our approach is novel in the field of blood biomarker dis-

covery for AD diagnosis even in early stages, as the biomarker is

derived from brain microglia rather than by direct examination of

the blood cells, for example, monocytes. This is a promising strategy

because it captures a well-characterized core brain molecular signa-

ture associated with immune and inflammatory processes in microglia,

an established disease-driving cell type that mediates pathogenic

mechanisms contributing to AD onset.

2 METHODS

2.1 Study design and data sources

We developed a bioinformatics strategy to evaluate the transcrip-

tional signatures (gene panels) of AD in brain microglia that could

be transferred to peripheral blood monocytes for diagnostic applica-

tions. snRNA-seqdata frommicrogliawereobtained fromtheReligious

Orders Study and Rush Memory and Aging Project (ROSMAP) cohort

via the Alzheimer’s Disease Knowledge Portal (syn31512863). These

samples were derived from the dorsolateral prefrontal cortex tissue

of participants with well-characterized cognitive status. Notably, sam-

ples from individuals with AD were, on average, 2.4 years older than

those from individuals with normal cognition (P < 0.0001). Peripheral
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blood monocyte (PBMC) bulk RNA-seq data were obtained from the

same research program (syn22024498) to serve as the target domain

for label transfer; all PBMC samples were obtained ante mortem.

The PBMC samples were obtained an average of 1.6 years (standard

deviation = 2.7) before death. Descriptive statistics for clinical and

demographic variables are provided in Table 1. One of the study’s aims

was to examine predictive accuracy in monocyte samples that were

independent from the microglial samples. There were 81 of the 236

monocytes samples that overlapped with the microglial samples, the

remainder of the samples (n= 155) were unique; all statistical analyses

accounted for overlapping samples by calculating predictive accuracy

for the non-overlapping samples.

For validation, the prediction of mild cognitive impairment (MCI)

was tested in an independent cohort, data were obtained from the

Mayo Clinic Study of Aging (MCSA) obtained from the Alzheimer’s

Disease Knowledge Portal (syn22024998); descriptive statistics are

provided in Table S1 in supporting information.

Details on the cohort composition, quality control procedures, and

transcriptomic data processing are provided in supporting information.

In contrast to the PBMC samples, these samples are cell-free bulk

RNA (cfRNA) from PAXgene blood tubes. While both label transfer

performance evaluations provide statistics on predictive accuracy for

disease diagnosis from themicroglial transcriptome, the PBMC sample

results are focused specifically on immune cell activity for later-stage

ADwhile the cfRNAsamples are centeredon translation from thebrain

microglial signatures to earlier stage disease (MCI) using samples that

would bemore easily obtained during a clinical trial.

2.2 Biomarker gene panel construction

We used a systematic approach to identify optimal gene signatures

by testing six complementary statistical feature selection strategies

on the microglial training data. Statistical details are described in the

supporting information.

2.3 Deep joint distribution optimal transport
architecture

Cross-tissue label transfer uses a deep joint distribution optimal trans-

port (DeepJDOT) neural network framework designed to align feature

distributions between the source and target domains while preserv-

ing class-discriminative information. The architecture consisted of a

shared encoder network with two fully connected layers (input →

2×hidden → hidden dimensions), incorporating batch normalization

and dropout regularization (rates of 0.2–0.4) to prevent overfitting.

Details of this approach, specifically optimization process, are in the

supporting information.

2.4 Label transfer evaluation and validation

Statistical details on the evaluation of the label transfer approach

including receiver operating characteristic (ROC) analysis, uniform

RESEARCH INCONTEXT

1. Systematic review: We reviewed existing literature

including PubMed for publications on blood biomarker

panels for Alzheimer’s disease and related dementias

(AD/ADRD) basedon transcriptomics andproteomics sig-

natures. We investigated statistical approaches for label

transfer from tissue samples to blood.

2. Interpretation: This study represents a pilot study

for a new AD biomarkers discovery framework. We

constructed biomarker panels based on AD-associated

microglial transcriptomic signatures and applied a label

transfer approach to assign phenotypic categories from

microglial samples tomonocyte samples. Panels of 30 and

50 genes provided moderate accuracy (70%) to predict

mild cognitive impairment in an independent cohort of

blood samples. The developed transcriptomic-based AD

biomarker panel is translational for the intended use as a

diagnostic tool based on a blood test.

3. Future directions: Findings in other cohorts with periph-

eral blood monocyte transcriptomic datasets should be

replicated. Extending the development of transcriptomic

biomarkers using our novel omics biomarkers discovery

framework for other intended uses such as predicting dis-

ease risk decades before clinical onset is also important,

as is refining the transcriptomic biomarkers to capture

AD heterogeneity across diverse populations.

manifold approximation and projection (UMAP) visualization, quan-

tification of spatial distributions of cell types and disease states and

biological pathway analysis are in the Supporting Information.

3 RESULTS

3.1 Selection of gene panels of differentially
expressed genes in microglia in AD

The first step identified high-resolution microglial transcriptomic sig-

natures for distinguishing between individuals with and without AD.

We obtained snRNA-seq data from the dorsolateral prefrontal cortex

(DLPFC) of the ROSMAP cohort, which consisted of 145 samples with

a cognitive diagnosis of AD and 125 sampleswith a diagnosis of normal

cognition18,19 (Table 1). The analysis used the microglial cell pseu-

dobulk RNA-seq data extracted from this DLPFC snRNA-seq dataset

and applied six different gene selection statistical methods (Figure 2,

Extended Data Supplement in supporting information). It is notewor-

thy that our strategy was supported by prior publications reporting

microglial differential gene expression in the analysis of ROSMAP

snRNA-seq data.20,21
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F IGURE 1 Theworkflow for the development of plasma transcriptomic biomarkers for AD prediction based on themicroglial transcriptome.
AD, Alzheimer’s disease; ANOVA, analysis of variance; AUC, area under the curve; LASSO, least absolute shrinkage and selection operator; OPC,
oligodendrocyte progenitor cells; UMAP, uniformmanifold approximation and projection.

3.2 Evaluation of the accuracy and precision of
the different microglial gene panels in the
classification of AD diagnosis

Next, we evaluated the performance measures of each gene panel

(total 78) to predict AD diagnosis versus normal cognition (Figure 3).

The performance measures included accuracy (true positives + true

negatives)/total predictions (Figure 3A); precision (true positives/[true

positives + false positives]; Figure 3B); recall, that is, the proportion of

actual positives (AD cases) that were correctly identified (or true pos-

itives/[true positives + false negatives]; Figure 3C); and the F1 score,

the harmonic mean of precision and recall (or [2 x true positives]/[2 x

true positives + false positives + false negatives]; Figure 3D). Overall,

the 30-gene panel (Table S2 in supporting information) selected with

the combined algorithm and the 50-gene panel (Table S2) based on

the t test showed the best performance as demonstrated by F1 scores
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F IGURE 2 Overview of the statistical methods applied in the biomarker discovery pipeline: selection of gene panels based on single-nucleus
data frommicroglia, label transfer frommicroglia tomonocytes, and performance evaluation inmonocytes. AD, Alzheimer’s disease; ANOVA,
analysis of variance; LASSO, least absolute shrinkage and selection operator.

TABLE 1 Clinical and demographic variables for Religious Orders
Study and RushMemory and Aging Project microglial and blood
monocyte single nucleus RNA sequencing samples.

Microglia Monocytes

Parameter AD NCI AD NCI

N 145 125 121 115

Age at death 88.2 (3.4) 85.8 (5.1) 86.8 (4.2) 84.9 (5.5)

N, % female 106, 73% 80, 64% 78, 64% 81, 70%

APOE alleles

0 87, 60% 100, 80% 77, 65% 91, 81%

1 53, 37% 25, 20% 39, 33% 21, 19%

2 4, 3% 0, 0% 3, 2% 0, 0%

Braak score 4.1 (1.0) 3.1 (1.2) 4.2 (1.0) 3 (1.2)

CERAD score 1.7 (0.9) 2.7 (1.2) 1.8 (1.0) 2.8 (1.2)

PMI 7.3 (4.3) 7.3 (4.3) 7.9 (4.4) 9.5 (8.0)

Abbreviations: AD, Alzheimer’s disease; APOE, apolipoprotein E; CERAD,

Consortium to Establish a Registry for Alzheimer’s Disease; NCI, not

cognitively impaired; PMI, post mortem interval.

(Table S3 in supporting information). In addition,weexamined six larger

panels of genes (100–2000), and a panel of 300 genes selected by

the limma algorithm (Table S2) demonstrated the best performance

measures (Table S3). Comparisons between statistical methods for

selection and gene panel sizes and specific performance measures are

discussed in the ExtendedData Supplement.

3.3 Evaluation of the selected gene panels to
classify AD versus normal subjects in monocyte
transcriptomic data

In the second step, we used monocyte RNA-seq data22,23 (Table 1) to

test the label transfer performance of three selected panels of 300, 50,

and 30 genes (Table S2) and their sensitivity, specificity, and area under

the curve (AUC) to classify AD versus normal cognition.

The panel of 300 genes selected by the limma algorithmhad anAUC

of 0.7 for label transfer to monocytes, with strong accuracy in pre-

dicting the AD class (75%). However, the accuracy in the prediction of

cognitively normal individuals was lower, at 53%. While the 300-gene

panel provided high accuracy, inspection of the P value distribution for

this gene panel (Figure S1 in supporting information) revealed that the

gene panel size could be greatly reduced such that it would capture the

most significant differences between the diagnostic criteria. Indeed,

when a P value threshold of 0.05 (–log10[0.05] = 1.3) was used, the

number of genes included in this panelwas reduced to only eight genes.

Gene panels of 30 and 50 genes were selected because of the

optimal F1 score and as they are potentially more feasible for imple-

mentation in clinical settings as transcriptomic biomarkers.

The accuracy and specificity of the 30-gene panel selected by the

combined algorithm and the 50-gene panel selected by the t test in

the label transfer analysis of the monocyte RNA-seq data demon-

strated a good balance between the predictions of the AD and normal

classes. As shown by the ROC curves, the 50-gene panel had an AUC

of 0.7 (Figure 4A), 65% AD accuracy (Figure 4C), and 71% normal
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F IGURE 3 Performancemeasures for each of the six gene selectionmethods. Each plot shows a statistical measure of the performance of the
gene panel differentiating Alzheimer’s disease cases from controls for panels of different sizes. A, Accuracy. B, Precision. C, Recall. D, F1 score.

class accuracy (Figure 4C), and the 30-gene panel had an AUC of

0.7 (Figure 4B), 64% AD accuracy (Figure 4D), and 68% normal class

accuracy (Figure 4D).

Integrated UMAP diagrams revealed strong clustering by disease

for both the microglial samples and the monocyte samples accord-

ing to UMAP1 scores (Figure 5). The 50-gene panel, formed into two

distinct clusters of AD samples for monocytes and one cluster for

microglia, was largely separated by UMAP2 values (Figure 5A). In the

two AD monocyte clusters, there were only a few normal microglial

samples; however, in the AD microglial cluster, we observed some

overlap between the normal and AD samples. The normal samples pre-

sented one cluster of monocyte samples and one cluster of microglial

samples, which were primarily separated by UMAP2 values. The nor-

malmonocyte cluster covered a large range ofUMAP2values,with few

misclassifiedADmicroglia ormonocyte samples. The normalmicroglial

cluster contained predominantly normal samples, with only a few AD

samples. The 30-gene panel revealed that most of the microglia and

monocyte samples were in one large cluster (Figure 5B). ADmicroglial

and monocyte samples were separable from normal samples in terms

of UMAP1 and UMAP2 values but to a lesser extent than the 50-gene

panel (Figure 5B).

Regional composition analysis of theUMAP clusters was performed

by overlaying a 10×10 grid on the UMAP plots and counting the num-

ber of samples labeledby cell type anddisease state. The30-genepanel

annotations revealed significant intermingling between cell types and

disease states (Figure5C). Thereweredistinctmonocyte-enriched (left

cluster) andmicroglia-enriched (upper/right cluster) regions, but many

regions contained both cell subtypes (regions 3, 8, 9, 13, 14, and 16).

Disease state (AD/normal) classification was shown primarily within

monocyte populations (regions 18, 19, 23, 24, and 25 showed > 85%

monocyte–AD purity). However, mixed regions, including region 13

(41%monocyte–normal, 39%monocyte–AD), were indicative that the

separation by disease state was limited. In contrast, the 50-gene panel

regional composition analysis revealed strong distinct separation by

cell type and disease state (Figure 5D). For the cell type, there was

clear stratification by UMAP1 values, withmonocyte-enriched regions

(1, 2, 6–17, 20) showing tight clustering and microglia-enriched/mixed

regions (18–26, 33) on the right and dramatically reduced intermin-

gling, in contrast to the 30-gene panel results. For disease status

stratification, themonocyte–ADregions (27–32, 34, 35) formed a com-

pact, highly pure cluster (>93%monocyte–ADpurity in regions27–30,

35), whereas the monocyte–normal regions (1–17) were similarly
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F IGURE 4 Performance of themicroglial-based gene panels predicting AD frommonocyte data. A, ROC curve for the 50-gene panel, t test
selection algorithm, (B) ROC curve for the 30-gene panel, combined algorithm for selection. C, Confusionmatrix of accuracy values for the 50-gene
panel, t test selection algorithm. D, Confusionmatrix of accuracy values for the 30-gene panel, combined selection algorithm. AD, Alzheimer’s
disease; AUC, area under the curve; ROC, receiver operating characteristic.

compact and pure, indicating superior AD/normal discrimination in the

monocyte cell type. Therewere fewer regionswithmixed compositions

than with the 30-gene panel, suggesting more effective feature-based

separation of both the cell type and disease status simultaneously.

The 50-gene panel demonstrated substantially improved AD ver-

sus normal classification within monocytes; the 30-gene panel results

revealed that 8/17 monocyte-containing regions (47%) achieved >

80% AD or normal purity, whereas the 50-gene panel revealed that

17/32 monocyte-containing regions (53%) achieved > 80% purity.

Notably, the 50-gene panel resulted in highly enriched monocyte‒AD
clusters (regions 27–35) with 93% to 100% purity, whereas the 30-

gene panel resulted in fragmented AD classification (regions 18–25

with 46%–95% heterogeneity).

Collectively, the results demonstrated that disease status deter-

mined clustering across the cell types. The multiple clusters for

microglial AD samples suggested that the sample cohort consisted of

several AD molecular subtypes. The UMAP plots, most notably for

the 50-gene panel, showed strong separation between AD and cog-

nitively normal samples with clusters containing both microglial and

monocyte cell subtypes, pointing to conserved transcriptional signa-

tures between the brain and peripheral monocytes, thus supporting

our biomarker development strategy.

We compared the gene panels to the results previously reported

for snRNA-seq analysis of PBMCs.24 These AD-associated DEG sets

were significant for 1, 8, and71 genes (false discovery rate<0.05) from

our 30, 50, and 300 gene panels, respectively. The cell subtypes most

represented for theseDEGs includedCD4+, CD8+, andCD56NKcells.

3.4 Evaluation of the selected microglial
transcriptomic signatures to classify MCI versus
normal subjects

We tested the performance of the selected microglial DEG panels

as biomarkers for MCI prediction via an independent dataset, the

MCSA. This dataset consists of blood samples from diagnoses of cog-

nitively normal individuals and patients with MCI. In this analysis

we used a balanced sample of 44 patients with MCI and 44 cogni-

tively normal individuals selected at random out of 374 samples (Table

S1). Consistent with the results of the AD diagnosis analysis, the 30-

gene panel selected via the combined (composite score) algorithm

presented the best performance for panels with < 100 genes, demon-

strating an optimal balance between the accuracies to predict both

MCI and normal cognition. The prediction of patients with MCI versus
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F IGURE 5 Integrated UMAP plots showing clustering of microglial andmonocyte data for samples fromAD and cognitively normal
individuals. UMAP visualization illustrates a low-dimensional graph of the high-dimensional gene expression data. A, UMAP for the 50-gene panel,
t test selection algorithm. B, UMAP for the 30-gene panel selected with the combined algorithm. C, Cluster mapping and calculations of separation
by cell subtype and disease state for the 50-gene panel, t test selection algorithm. D, Cluster mapping and calculations of separation by cell subtype
and disease state for the 30-gene panel selected by the combined algorithm. AD, Alzheimer’s disease; UMAP, uniformmanifold approximation and
projection.

cognitively normal controls resulted in an AUC of 0.52, with the accu-

racy of normal class prediction showing the best performance of 64%

accuracy, whereas the prediction of patients with MCI was modest, at

41% accuracy. The 50-gene panel selected with the t test showed an

improved AUC of 0.60, with 66% accuracy in detecting MCI; however,

the accuracy in detecting the cognitively normal cases decreased to

18% compared to that of the 30-gene panel. The larger gene panels of

600 genes selected by maximum variance resulted in an AUC of 0.63,

with 91% accuracy in detecting the cognitively normal cases and 34%

accuracy in detecting MCI. Collectively, the results of this MCI predic-

tion analysis supported the premise that the discovered transcriptomic

panels enabled the detection of early-stage cognitive decline associ-

ated with AD. Remarkably, the substantially improved performance

of the larger gene panel relative to the smaller panels indicated that

various transcriptomic signatures may offer different predictive accu-

racies dependingon the stageof thedisease (i.e., pre-clinical, early, late)

through the course of AD development.

3.4.1 Biochemical pathway analysis and gene panel
overlap with AD GWAS

The network of enriched biological pathways (Figure S2 in supporting

information) contained a set of highly connected pathways relevant

to neuronal processes and neurodegeneration (Figure S3 in support-

ing information). For the 300-gene panel, we identified 13 AD GWAS

genes. These genes are involved in multiple signaling pathways, includ-

ing RHOGTPases, RAS GTPases, andMAP kinases. Further details are

in ExtendedData Supplement.

4 DISCUSSION

This study is the first step in a novel framework for AD biomarker dis-

covery informed by microglial transcriptomic signatures and based on

a blood test. Here, we identified microglial transcriptomic-informed

biomarkers and evaluated their performance to diagnose AD at both

early and progressed disease stages by leveraging microglial and

monocyte RNA-seq datasets, respectively. The results of our pilot

study demonstrated the strong translational potential of transcrip-

tomic biomarkers as the new generation of blood-based diagnostic

biomarkers for AD at early stages in living subjects.

The strategy to develop blood-based biomarkers for early-stage

AD diagnosis via microglial transcriptomic data is supported by the

following rationale: (1) Microglia play a key role in the etiology of AD,

including the contributions of neuroinflammation and immunomodula-

tion pathways to AD pathogenesis.3,20 Specifically, disease-associated

microglia (DAMs) have been identified in several studies and charac-
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terized by enhanced phagocytic activity and lipid metabolism changes

associated with the disease state, localization around Aβ plaques, and
increased expression of TREM2 and apolipoprotein E (APOE).25–27 (2)

snRNA-seq studies identifiedmultiple DEGs in ADmicroglial cell types

and subtypes,9,28–30 and microglial transcriptomic signatures of AD

have been reported.5,8,20 For example, compared to non-AD brains,

643 deregulated genes were identified in human brains with early

amyloid pathology. (3) Microglia are involved in the early stages of AD

development. (4) Microglia and PBMCs are both part of the myeloid

lineage. Microglia are brain immune cells that are derived primarily

from primitive macrophages and can be replenished from circulating

monocytes (a typeof PBMC) throughout life. Furthermore, these genes

share gene expression profiles. Our results revealed some overlap

between the genes in the biomarker panels and AD GWAS genes, with

the 300-gene panel enriched for genes involved in endocytosis, RNA

splicing, and neuron projection development, which are all critical

pathways involved in AD. Overall, the results of this study support the

strategic plan for biomarker development. Specifically, UMAP analysis

revealed clusters that overlapped monocyte and microglia cell popu-

lations and were stratified by disease status, confirming the concept

of deducing the disease state across these cell types. Furthermore,

pathway analysis revealed that biological processes are likely affected

in early-stage AD, suggesting their utility for early-stage diagnosis.

The accuracy of our selected gene panels in predicting AD in

monocyte samples should be considered in the context of previous

blood-based AD biomarker development studies. The performance

of six AD blood biomarkers for incident all-cause and AD demen-

tia showed strong predictive performance of 77.5% to 82.6% for

p-tau181, p-tau217, neurofilament light chain (NfL), and glial fibrillary

acidic protein (GFAP), with high negative predictive values (> 90%) but

low positive predictive values (12%–34%).31 Notably, for the predic-

tion of AD dementia, the AUCs ranged from 0.71 for NfL to 0.77 for

p-tau217.31 Studies of blood-based gene expression data have identi-

fied genes related to AD and their ability to predict early AD.32,33 For

external validation experiments (cross-cohort), the AUCs for the pre-

dictionofADwereon theorder of 0.70 to0.66,32 when theAlzheimer’s

Disease Neuroimaging Initiative (ADNI) was used as the input to pre-

dict AddNeuroMed1 (ANM1).32 Using 1604 DEGs from ANM1 for

training yielded AUCs of 0.62 and 0.79 for AD prediction in the ADNI

and AddNeuroMed2 cohorts, respectively.32 Integrative analysis of

single-cell and cell-freeplasmaRNAtranscriptomicswasused toderive

a 340-gene panel for the prediction of AD, with reported AUCs rang-

ing from 0.58 to 0.89 in different validation sets, via several prediction

algorithms, including random forest, support vectormachine, and logis-

tic regression.34 A study of plasma proteomics identified panels of

proteins that differentiateADsamples fromnon-ADsampleswithAUC

values of 0.93,35,36 while these proteins were not specifically linked to

markers of neuroinflammation. An evaluation of our 30- and 50-gene

panels of monocytes revealed ≈ 70% accuracy in detecting disease

(AD and MCI) in an independent cohort, which was comparable to the

findings of previous studies. Thus, these two panels are strong can-

didates as blood-based transcriptomic biomarkers for AD diagnosis.

These results provide the proof of concept needed for advancing the

development of the identified transcriptomic biomarkers to the next

stage in the pipeline, including validation studies using blood samples

from living subjects.

AD is a heterogeneous disease manifested by clinical comorbidi-

ties, diverse rates of progression, ages of onset, and co-pathologies.37

The heterogeneity of AD poses challenges to the pipeline of AD

biomarker discovery. Moreover, recent multiomics studies, includ-

ing CSF proteomics,38,39 brain transcriptomics,40 and multiomic

integration,41 have identified molecular subtypes of AD. The char-

acterization of multimodal molecular subtypes of AD has pro-

vided the premise for identifying AD biomarkers via multiomic data

integration.42 While the present study focused on binary classification

forADtodevelopagenepanel basedon<50genes, theapproach could

be generalized to more strata, including phenotype-based subgroups,

that reflect the heterogeneity of AD.

A recent studyused anoptimal transfer approach tomapDEGs from

ROSMAP monocyte data to PBMC samples from two independent

cohorts, ADNI and ANMerge.22 This work aimed to predict AD disease

subtypes andmolecular signatures fromblood samples from living indi-

viduals based on precise neuropathological diagnoses of post mortem

brains. Similar to our study, the authors used a single cell type based

on post mortem neuropathological staging or diagnosis to perform a

label transfer for the diagnosis of living patients. However, there are

major differences between our study and that of Huang et al.:22 (1)We

based the label transfer process on specific, microglial transcriptomic

signatures from the brain to identify an optimal statistical method

for developing predictive gene panels for blood-based biomarkers,

whereas Huang et al. transferred subtype labels from ROSMAPmono-

cyte samples toPBMCsampleswithin theADNIandANMerge cohorts;

(2) we used the diagnostic labels of normal cognition, MCI, and AD,

whereas Huang et al. used labels of control, asymptomatic AD, typi-

cal AD, and low neurofibrillary tangle AD; (3) Huang reported 40% to

80% label transfer accuracy for the blood samples: using their opti-

mal transport approach22,43 resulted in the highest accuracy (80%);

Ingest,44 the Monocle,45 and maximum mean discrepancy manifold

alignment46 approaches yielded lower accuracy values. The accuracy

of our approach using deep joint distribution optimal transport was ≈

70%, which is close to the higher accuracies reported by Huang et al.22

The study design was rigorous; however, several limitations should

be noted. First, the ability to predict AD and/or MCI status warrants

replication in other independent cohorts. Nonetheless, the indepen-

dent MCSA cohort provided valuable information related to the

prediction of MCI as an indication of early disease stages. The con-

struction of the gene panel was based on microglial cell types as a

whole and did not consider the granulated subtypes of microglia, such

as activated microglia and/or disease-associated migroglia. It is possi-

ble thatmicroglia signatures could beperturbedbyother inflammatory

processes related to neurodegeneration but not specific to AD.26,47,48

Another limitation concerns the disease stage at the time the PBMC

samples were collected. The PBMC samples were taken at different

times during the time course that the individual participants were fol-

lowed, years before death in many cases, and therefore it is difficult

to ascertain the impact of this time lag on the results. Finally, although



10 of 12 LUTZ ET AL.

sample sizes had adequate statistical power to detect moderate effect

sizes, larger sample sizes would enable the construction of alternative

biomarker panels and the testing of panels with smaller effect sizes.

5 CONCLUSION

This study represents a new frontier in AD biomarker discovery by

integrating single-cell omics data, such as transcriptomic data, into

the pipeline. The outcomes provide a proof of concept for continu-

ing the development of the 30- and 50-gene panels as transcriptomic

biomarkers for AD administered via a blood test. Further development

of our investigational new omic-based biomarker will enable accurate

and sensitive diagnosis of AD at early presymptomatic stages before

the clinical onset of symptoms. Moreover, it is designed to be a blood

test and is thus non-invasive and accessible. Here we showed the

diagnostic utility of omics biomarkers in clinical settings. In addition,

our new AD-biomarker discovery framework could be empowered for

the development of additional omics biomarkers for other intended

uses, including predicting disease risk, disease trajectories/prognosis,

monitoring treatment effects, and so on.49 These omics biomarkers

accurate for intended use will facilitate AD drug discovery and clinical

trials through the enablement of precise selection of subjects at pre-

clinical stages and evaluation of patients who are responsive versus

non-responsive to disease-modifying therapies.

To conclude, multicomponent biomarker (MCB) approaches50,51

have become increasingly important for their ability to characterize

and dissect disease complexity (for example, diagnosis, staging, pro-

gression, and stratification). Integrating omics-based biomarkers into

MCB frameworks offers a powerful modality to increase precision and

comprehensiveness in AD research and clinical applications.
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