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SUMMARY

Alzheimer’s disease (AD) is a neurodegenerative condition characterized by microglia-mediated neuroin

flammation. Deep (>1,000×) panel sequencing of 311 brain samples revealed enrichment of somatic sin

gle-nucleotide variants (sSNVs) in cancer driver genes in AD brains, especially in genes associated with 

clonal hematopoiesis (CH). These sSNVs were associated with clonal expansion and carried by both micro

glia-like brain macrophages (MLBMs) in multiple brain regions as well as paired blood, suggesting a likely 

hematopoietic origin. Single-nucleus RNA sequencing data from 62 additional AD and control brains revealed 

increased somatic copy number variants (sCNVs) associated with CH in AD MLBMs, whereas single-cell 

multi-omic analyses demonstrated that sSNV- and sCNV-carrying MLBMs exhibited inflammatory and pro

liferative transcriptional signatures characteristic of disease-associated microglia. These signatures were 

recapitulated in induced pluripotent stem cell-derived microglia-like cells with TET2, ASXL1, and DNMT3A 

variants. These findings suggest that clonal somatic driver variants in MLBMs are enriched in AD, potentially 

promoting neuroinflammation and neurodegeneration.
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INTRODUCTION

The importance of microglia in Alzheimer’s disease (AD) patho

genesis has been demonstrated by large-scale genetic associa

tion studies, which have identified AD risk variants in a growing 

list of microglia-related genes.1–4 As the primary macrophages 

in the central nervous system (CNS), microglia originate from 

erythro-myeloid progenitors in the yolk sac during early embryo

genesis.5 Despite comprising only about 5% of cells in the cor

tex,6 they play critical roles in brain development, injury 

response, pathogen defense, and modulating cellular responses 

involved in aging and neurodegeneration.7–10 Once abnormally 

reactive in AD, microglia can promote synaptic and neuronal 

loss while exacerbating tau proteinopathy.11,12 Moreover, recent 

studies have reported that during aging or neurodegeneration, 

bone marrow-derived blood monocytes can infiltrate the brain 

through a disrupted blood-brain barrier (BBB) and differentiate 

into microglia-like cells, exhibiting transcriptional and functional 

similarity to brain-resident microglia.13–15

Somatic variants accumulate in all cell types that have been 

studied, both during normal development and during aging.16–18

Clonal expansion, driven by somatic variants in genes regulating 

cell proliferation and fitness, is considered the major cause of 

cancer, but has also been recently reported in various non- 

cancerous cells, often in the absence of visible pathology.19

Clonal expansion of blood cells, called clonal hematopoiesis 

(CH), increases in prevalence with age and is associated with 

increased risk of hematologic malignancies, but also unexpect

edly with increased risk of cardiovascular disease,20,21 likely 

through inflammatory effects of mutant cells.22 Clonal hemato

poiesis of indeterminate potential (CHIP, denoting somatic sin

gle-nucleotide variants [sSNVs] and somatic insertions and dele

tions [sIndels] in cancer driver genes) and mosaic chromosomal 

alterations (mCAs, denoting chromosome-level somatic copy 

number variants [sCNVs] enriched in CH) represent two primary 

categories of somatic variants that propel the progression 

of CH.23

Two recent studies investigating CHIP variants primarily using 

whole-exome sequencing (WES) data from blood cells found no 

effect24 or a protective effect25 on AD risk. However, these 

studies were limited in their ability to detect somatic variants 

with low variant allele fractions (VAFs) due to their low 

sequencing depth (<70×). A more recent study utilizing deep 

panel sequencing revealed an increased burden of CHIP variants 

in AD blood samples compared with age-matched controls, pri

marily driven by low-VAF variants,26 and this AD-related increase 

of CHIP variants was independently confirmed in whole-genome 

sequencing (WGS) of ∼30,000 cases and controls.26 A few small 

studies of primary brain samples have hinted that cancer-asso

ciated variants and clonal overgrowth might occur in brain micro

glia, which proliferate throughout life.25,27,28 Moreover, the so

matic BRAF p.V600E variant, a common cancer driver variant, 

in the microglial lineage has been causally implicated not in can

cer, but instead in degeneration of neurons secondary to clonal 

expansion and activation of mutant microglia in both mouse 

models and humans.29

Here, we tested directly whether somatic cancer driver vari

ants in the brain are associated with AD by two prospective 

and orthogonal approaches in 221 AD and 152 control brain 

samples of two AD cohorts (Figures 1A and 1B). We found 

consistent increases in somatic driver variants in AD brains 

compared with controls, as well as specific enrichments in genes 

previously implicated in CH and other pre-malignant conditions. 

These somatic variants were enriched in cells transcriptionally 

indistinguishable from microglia, which we refer to as micro

glia-like brain macrophages (MLBMs), compared with other 

brain cell types. Epigenetic and transcriptomic analyses of pri

mary MLBMs harboring CH variants, as well as transcriptomics 

of in vitro induced pluripotent stem cell (iPSC)-derived micro

glia-like cells harboring CH variants, revealed that mutant cells 

exhibit pro-inflammatory and proliferative transcriptional signa

tures that have been previously associated with neurodegenera

tion (Figures 1B and 1C).

RESULTS

Somatic variants in cancer driver genes are enriched in 

AD brains

To examine the mutational burden of somatic variants in cancer 

driver genes in AD, we designed a hybrid capture gene panel 

covering 149 cancer driver genes with unique molecular identi

fier (UMI) barcoding (Table S1). We sequenced DNA from the 

prefrontal cortex (PFC) samples of 190 AD patients and 121 

matched controls from the Religious Orders Study/Memory 

and Aging Project (ROSMAP) cohort at an average sequencing 

depth of >1,000× after UMI collapsing (Figures 1A, S1A, and 

S1B; Table S2). By generating a consensus sequence from mul

tiple reads derived from the same original DNA molecule, UMI- 

based panel sequencing exponentially reduces base-calling er

rors and detects somatic variants with VAFs as low as 0.1% 

(Figures S1C and S1D), with much higher sensitivity and preci

sion than previous methods not employing consensus error 

correction.30 Using our customized computational pipeline, we 

identified 901 sSNVs and 18 sIndels from AD and control PFC 

samples (‘‘sensitive’’ list; Table S3). We randomly selected 22 

sSNVs with a range of VAFs for validation using amplicon 

sequencing, along with 17 potentially pathogenic sSNVs identi

fied in AD brains that were predicted to be deleterious, and all 

10 frameshift sIndels. Thirty-five of 39 (90%) tested sSNVs and 

8 of 10 (80%) sIndels successfully validated in newly extracted 

DNA samples from the corresponding PFC samples, confirming 

the high accuracy of our somatic variant calling strategy even for 

those with VAFs as low as 0.1% (Figures S1E–S1G). The muta

tional spectrum of sSNVs is consistent with the cell division/ 

mitotic clock signature SBS1 (Figure S2A; cosine similarity 

0.92), suggesting that these variants predominantly occurred 

during cell division.

With similar sequencing depth, coverage, and genic distribu

tion between AD and control PFC samples (Figures S1A, S1B, 

and S2B), we observed that AD brains harbored significantly 

more sSNVs among the 149 targeted genes than aged-matched 

controls (Figure 2A; p = 0.001, two-tailed proportion test; odds 

ratio [OR] = 1.3). When we only considered variants that were 

exclusively present in a single PFC sample (‘‘stringent’’ list; 

Table S3), the OR of sSNV burden between AD and control 

became even more dramatic (Figure 2B; p = 0.008, two-tailed 
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proportion test; OR = 1.6). This increased burden of sSNVs in our 

targeted genes in AD remained significant after controlling for 

confounding factors, including sex, age, sequencing coverage, 

and post-mortem interval (Figure 2C; p = 0.03, linear regression).

In addition to an increased sSNV burden in AD, we also found 

age was an independent factor positively correlated with sSNV 

burden (Figure 2C; p = 0.002, linear regression) and the propor

tion of sSNV carriers (Figure S2C), suggesting a likely age-asso

ciated accumulation of somatic variants in cancer driver genes in 

both normal and diseased brains. Previous studies have high

lighted the age-related accumulation of low-VAF (<1%–5%) so

matic variants in cancer driver genes in blood.31 Our finding of 

age-related accumulation in the brain is also consistent with a 

recent study using deep WGS of a smaller sample size.32

When we divided cancer driver genes into (proto-)oncogenes 

and tumor suppressor genes (TSGs), we observed a greater 

sSNV burden in AD for TSGs but not for oncogenes 

(Figure 2D). TSGs canonically increase proliferation when they 

are inactivated by loss-of-function variants throughout the 

gene body, whereas oncogenes are usually only activated by 

specific, recurrent gain-of-function missense variants affecting 

critical domains. Thus, our results suggest that most sSNVs 

are associated with AD by a loss-of-function of TSGs. Besides 

sSNVs, we also observed more frameshift sIndels in AD brains 

(5 in AD versus 2 in control; Table S3), though this enrichment 

did not reach significance in this small sample size.

Examination of the mutational burden at the level of individual 

genes revealed that somatic variants in the top 10 most 

Figure 1. Overview of the experimental and analysis strategies 

(A) Profiling sSNVs and sIndels in 311 AD and control PFC samples using deep molecular barcode sequencing with a panel of 149 cancer driver genes. Variant 

candidates were validated by amplicon sequencing, and their VAFs were measured in different FANS-sorted nuclei populations. FANS, fluorescence-activated 

nuclei sorting. 

(B) Identification and transcriptomic profiling of microglia(-like cells) in AD and control brain snRNAseq samples carrying mCA. 

(C) Functional validation of cancer driver variants using iPSC-derived microglia-like cells (iMGLs). Single-cell RNA sequencing (RNA-seq) was performed on 

mutant iMGLs carrying variants in CH-related genes, and microglial state composition and gene expression changes were compared against wild-type (WT) 

iMGLs. iPSC, induced pluripotent stem cell.
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Figure 2. Elevated burdens of somatic variants in cancer driver genes in AD brains 

(A and B) AD prefrontal cortex samples harbor significantly more sSNVs in 149 targeted cancer driver genes than matched controls, using both the sSNV list of 

sensitive (A) and stringent (B) identification pipelines. The sensitive pipeline allows recurrent sSNVs if they were exclusively present or specifically enriched (two- 

sample Z-test of proportion with p < 0.05) in the AD or control groups, whereas the stringent list removes all recurrent sSNVs that were shared by any samples. 

(C) Linear regression modeling confirmed that the AD effect on greater sSNV burden remains significant (p = 0.03) after controlling for potential confounding 

factors. In addition to AD status, age is also positively correlated with the sSNV burden (p = 0.002). PMI, post-mortem interval. 

(D) The significant increase of sSNV burden in AD brains is only observed for tumor suppressor genes (TSGs) but not for (proto-)oncogenes. 

(E) Top 10 recurrently mutated genes in AD and control brains. Different types of protein-altering sSNV and sIndel are shown in various colors, where ‘‘multiple 

hits’’ (black) denotes multiple protein-altering variants in the same gene. Asterisks denote the five genes that contain significantly more somatic variants in AD 

patients than matched controls (p < 0.05, one-tailed proportion test). Triangles highlight individuals who carry variants in multiple genes. 

(legend continued on next page) 
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commonly mutated genes were found in 39% of the AD patients, 

compared with only 20% of the aged controls (Figure 2E). More

over, only AD brain samples carried variants in multiple genes 

(p = 0.0002, hypergeometric test). Five genes—TET2, ASXL1, 

KMT2D, ATRX, and CBL—harbored nominally more somatic 

variants in AD brains than controls (Figure 2E; p < 0.05, one- 

tailed proportion test), though these individual gene enrichments 

were not significant after multiple hypothesis testing correction 

across 149 assayed genes. All of these AD-enriched genes 

represent critical TSGs widely implicated in various cancers33

and CH.34 Most AD somatic variants in ASXL1 were nonsense 

variants broadly distributed across the encoded protein, 

including two recurrent variants observed in multiple AD pa

tients, similar to what is seen in ASXL1 variants in CH events of 

blood34 (Figure S2D). AD patients also showed missense vari

ants in TET2 that clustered in its critical oxygenase domains 

(Figure 2F), a similar mutational pattern to that seen in CH34

(Figure S2D) that was not observed in our aged controls. In addi

tion to individual genes, AD patients showed significantly more 

somatic variants in PI3K-PKB/Akt pathway genes than controls 

(Figure S2E; p < 0.05, one-tailed proportion test), a pathway 

that has been previously suggested to be enriched with somatic 

variants in AD brains.35

Somatic variants in AD brains also showed significantly higher 

VAFs than did variants in control brains, with the effect being 

more pronounced in TSG, CH-related genes, or AD-enriched 

genes (Figures 2G and S2F). This higher VAF implies that many 

somatic variants found in AD drive the clonal expansion of cells 

that carry them to a greater extent than in control brains. Direct 

examination of the signal of positive selection on these variants 

using the dN/dS ratio test36 confirmed that somatic variants in 

AD brains experienced stronger positive selection than somatic 

variants in control brains (Figures 2H and 2I), with greater than a 

350% increase in positively selected cells (Figure 2J).

We further confirmed the enrichment of somatic variants in AD 

when considering only CHIP variants previously identified from 

blood WGS datasets25,37 (Figures S3A–S3C). Additional ana

lyses suggested that this enrichment could not be explained 

by differences in age (Figures S3D–S3H) or sequencing depth 

(Figures S3I and S3J) between AD and control groups. Further

more, logistic regression analysis confirmed a significant posi

tive association between somatic variants—especially CHIP var

iants—and AD risk, after controlling for potential confounders 

such as sex, age, sequencing coverage, post-mortem interval, 

and APOE e4 (APOE4) genotype (Figure S3K), suggesting that 

somatic variants could be an independent genetic factor in addi

tion to the well-known APOE4 allele.

Overall, our panel sequencing results revealed more frequent 

somatic variants in cancer driver genes, particularly CHIP vari

ants, and stronger clonal selection in favor of these variants in 

AD brains, highlighting their potential role in driving the clonal 

expansion of proliferating cell types during AD pathogenesis.

Somatic CHIP variants are primarily carried by MLBMs

The overlap between many specific driver genes mutated in AD 

and those implicated in clonal blood disorders, along with the 

increased burden of CHIP variants in AD blood samples,26 led 

us to hypothesize that microglia—or microglia-like cells—carried 

these variants in AD brains. To test this, we developed a fluores

cence-activated nuclei sorting (FANS) method to selectively 

enrich microglial nuclei from frozen post-mortem brain tissues 

using an antibody targeting CSF1R (Figure S4A), a well-known 

cell-surface marker for microglia whose nuclear localization 

and function have been recently reported.38 Our subsequent sin

gle-nucleus RNA sequencing (snRNAseq) confirmed that >75% 

of sorted nuclei in both AD and control brains showed high 

expression of microglial marker genes, including CX3CR1, 

TMEM119, and P2RY12 (Figures 3A and S4B). Interestingly, 

another 4%–9% of the nuclei were classified as CNS-associated 

macrophages (CAMs; Figures 3A and S4B), a recently identified 

class of brain-resident macrophages with high expression of 

MS4A7 and MRC1,39 whereas the remaining cells represented 

various other brain cell types.

We selected 15 sSNVs and 4 sIndels identified from AD and 

control brains, all of which were predicted to be deleterious to 

critical oncogenes or TSGs, and found a marked enrichment of 

these variants in the sorted microglia-enriched brain macro

phage fraction. We measured the VAF of each somatic variant 

using amplicon sequencing in sorted CSF1R+ (microglia-en

riched brain macrophages) and NeuN+ (neurons) cell popula

tions, as well as in NeuN- (glia and other nonneuronal cells) 

and DAPI+ (all brain cells) populations. All 10 AD somatic variants 

and 7 of 8 control variants in TSGs were enriched (2- to 438-fold) 

in the CSF1R+ cells compared with neurons from the same PFC 

samples (Figures 3B, S4C, and S4D). AD variants trended toward 

higher VAF in CSF1R+ nuclei than controls (Figure 3C), 

(F) Distribution of somatic variants in two AD-enriched genes, TET2 and ASXL1. The color and height of each lollipop denote the variant type and the number of 

carrying individuals. 

(G) Somatic variants in AD brains show significantly higher allele fractions than controls (two-tailed t test), with a larger increase when only considering TSGs, CH- 

related genes, or AD-enriched genes, suggesting the clonal expansion of cells that carry the somatic variants. The increase in allele fraction was calculated using 

the ratio of medians between the AD and control groups. Boxplots show median and the first and third quartiles, with whiskers denoting 1.5× interquartile range 

(IQR) from hinges. 

(H), Positive selection of individual genes in AD and control somatic variants. Y-axis denotes p value for testing if the gene’s dN/dS ratio is higher than 1, with 

Benjamini-Hochberg’s multiple hypothesis testing correction. DNMT3A, ASXL1, and TET2 show significant positive selection in AD brains, stronger than in 

control brains. 

(I) dN/dS ratios across all 149 targeted genes, in which the rates of all protein-altering variants, missense variants, nonsense variants, and splicing variants are 

compared with the background neutral rate estimated by synonymous variants. Asterisks denote p value < 0.05. 

(J) AD brains harbor more positively selected cells than control brains, especially when we only consider somatic variants in AD-enriched genes. The number of 

positively selected cells was inferred based on the gene-specific dN/dS ratio, the count of somatic variants per sample, and the average VAF (see details in the 

STAR Methods). (A)–(D) and (I), error bar, 95% CI. 

See also Figures S1–S3 and Tables S1, S2, and S3.
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Figure 3. Somatic CHIP variants are enriched in MLBMs of AD brains 

(A) 10× snRNAseq confirms the high purity and unbiased representation of microglia-enriched brain macrophages in CSF1R+ nuclei sorted from AD and control 

PFC samples. Clustering results suggest that about 80% of the sorted nuclei transcriptionally match microglia (red), whereas another 3%–9% are CNS-asso

ciated macrophages (CAMs, orange). Minimal blood cell contamination is confirmed with up to 1% monocytes and the absence of B cells, T cells, and red blood 

cells. OPC, oligodendrocyte progenitor cell. 

(legend continued on next page) 
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consistent with our VAF findings in bulk brain tissues (Figure 2G). 

For a splicing sSNV in DNMT3A (c.1429+1G>A) and two delete

rious missense sSNVs in TET2 (p.Pro1194Ser and p.Va

l1371Asp) identified from three AD brains, we observed >10% 

VAFs in brain CSF1R+ cells, significantly higher than VAFs in 

neurons and other mixed cell populations (Figure 3D; p < 0.05, 

two-tailed Wilcoxon test) suggesting that mutant cells constitute 

>20% of all CSF1R+ cells in the sample. The last tested variant, 

in the oncogene FGFR1 (p.Arg506Gln), is a non-recurrent variant 

predicted to cause decreased activation of this oncogene and 

was not enriched in CSF1R+ cells. Interestingly, this same AD 

sample harbored a variant in a TSG gene (DNMT3A 

(c.1429+1G>A)) that was almost exclusively present in 

CSF1R+ cells, suggesting that these two variants originated in 

different lineages (Figure S4C).

Regional analysis of these somatic CHIP variants showed that 

all seven profiled AD variants were globally present in CSF1R+ 

cells sorted from four distinct cerebral cortex regions and the cer

ebellum, but absent in neuronal populations across all brain re

gions (Figures 3E and S4E). Analysis of matched blood DNA 

showed that all 10 AD variants enriched in CSF1R+ cells were 

also detected in blood, with a trend toward a positive correlation 

between VAFs in brain CSF1R+ nuclei and blood (Figures 3F 

and S4F; p = 0.052, Pearson correlation). We confirmed minimal 

blood contamination in both bulk brain tissue and sorted 

CSF1R+ nuclei (Figures 3A and S4B). The enrichment of CHIP var

iants, the widespread distribution of mutant CSF1R+ cells across 

brain regions, and the presence of the same variants in matched 

blood samples, all suggest that these mutant CSF1R+ cells are 

more likely to have arisen from blood-infiltrating monocytes13–15

that differentiate into microglia-like cells in the brain, rather than 

originating from the yolk sac-derived microglial lineage; however, 

definitive analyses would require specific cell lineage studies. We 

therefore refer to these variant-enriched cells as MLBMs.

Somatic CHIP variants lead to disease-associated 

microglia states in vivo

We next sought to understand the functional impact of these so

matic cancer driver variants on MLBMs. To do so, we first utilized 

the recently developed genotyping of targeted loci with single- 

cell chromatin accessibility (GoT-ChA)40 assay to perform simul

taneous single-nucleus ATAC (assay for transposase-accessible 

chromatin) sequencing (snATACseq) and targeted genotyping 

on PFC samples from five AD patients and two controls; all five 

AD patients and one control individual carried somatic cancer 

driver variants in CH-related genes (Figure 4A; Table S4). Sam

ples were enriched for MLBMs using CSF1R+ sorting, but delib

erately sorted less stringently to preserve significant numbers of 

neurons and other diverse cell types. Quality control and cell- 

type annotation (Figures S5A–S5C) yielded 14,928 high-quality 

MLBMs and 8,252 high-quality neurons, of which driver variants 

were successfully genotyped in 8,387 and 5,861 cells, respec

tively (Figures 4B–4D). Consistent with our amplicon experi

ments, we found a strong and significant enrichment of mutant 

cells in MLBMs versus neurons (Figure 4E; Table S4; OR = 

16.21, p < 2.2 × 10− 16, hypergeometric test).

Analysis of the epigenetic state of mutant MLBMs versus wild- 

type (WT) MLBMs showed that mutant MLBMs in AD brains were 

enriched in cluster C8 (adjusted p = 2.12 × 10− 81, hypergeometric 

test), which exhibited high activity of genes associated with the 

disease-associated microglia (DAM) state41 (Figures 4F and 4G; 

Table S4), a state previously reported to be enriched in AD brains 

and to modulate the neuroinflammatory response during neuro

degeneration.7,42 In contrast, mutant MLBMs from control brains 

were enriched in clusters C4 and C7 (Figure 4F). Whereas C7 did 

not show enrichment for a particular microglial state, C4 displayed 

strong activity of a proliferation-related microglial state gene mod

ule (Figure S5D). This suggested that MLBMs carrying similar 

driver variants may adopt distinct cellular states in AD and control 

brains, with mutant MLBMs in AD brains more involved in neuro

inflammation and neurodegeneration.

We also performed simultaneous genotyping and transcrip

tomic analysis of sorted brain CSF1R+ cells from one AD patient 

carrying the p.Pro1194Ser TET2 variant using genotyping of 

transcriptomes enhanced with nanopore sequencing (GO- 

TEN), a method that allows simultaneous genotyping and tran

scriptomic analysis of single cells using long mRNA reads from 

Nanopore sequencing.43 Consistent with other approaches, we 

confirmed that MLBMs carried the mutant TET2 allele 

(Figures S5E and S5F). We did not detect mutant alleles in any 

neural or neuroglial cell types, though the modest number of 

genotyped cells in this method limits our ability to fully interro

gate the variant carrier status of these cell types or transcrip

tomic profiles of mutant and WT cells.

Transcriptional effects of mosaic chromosome 

alterations in AD snRNAseq data

To further explore the effects of somatic variants in MLBMs in AD, 

we utilized a recent high-quality snRNAseq dataset of middle tem

poral gyrus neocortex samples obtained from AD donors and 

age-matched controls, the Seattle Alzheimer’s Disease Brain 

Cell Atlas (SEA-AD). Whereas the high degree of transcriptional 

(B) The enrichment ratio of VAFs between sorted brain macrophage (CSF1R+) nuclei versus neuronal (NeuN+) nuclei from PFC of the same AD and control brains, 

estimated by amplicon sequencing. Besides the non-CHIP FGFR1 variant serving as a negative control, 17 of the 18 profiled somatic CHIP variants demonstrate 

at least a 2× enrichment in brain macrophages. 

(C) AD brains exhibit a trend toward higher VAF in CSF1R+ nuclei compared with controls (p = 0.096, two-tailed t test). Boxplots show median and the first and 

third quartiles, with whiskers denoting 1.5× IQR from hinges. 

(D) Four somatic CHIP variants as examples show significantly higher allele fractions in CSF1R+ nuclei than the fractions in the other three populations (p < 0.05, 

two-tailed Wilcoxon test), suggesting their distinct origins. Error bar, SE. 

(E) Somatic CHIP variants are distributed across multiple brain regions of the same AD brains in CSF1R+ nuclei. Error bar, min to max in replicates. (B)–(E), Each 

nuclear population was commonly sorted four times from each brain sample to serve as replicates. 

(F) All but the FGFR1 variants are shared between PFC CSF1R+ nuclei and whole-blood samples of the same AD individuals, indicating a common origin of these 

somatic variants. 

See also Figure S4.
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noise and sparsity in snRNAseq data prevent reliable sSNV calls 

without matched DNA-seq,44 several methods have successfully 

identified mCAs from snRNAseq data.45–47 Since recurrent mCA 

has also been associated with CH and other myeloid overgrowth 

syndromes,48,49 generally disrupting specific genes also mutated 

by sSNV, we hypothesized that AD brains would also carry mCA in 

microglia or other brain macrophages, such as MLBM.

We extracted microglia(-like)-CAMs that were either anno

tated as microglia-perivascular macrophages (a subtype of 

CAMs) in SEA-AD or identified as microglia-CAMs through auto

matic cell-typing with scType (Figures S6A and S6B; Table S5). 

From all SEA-AD individuals with a consensus clinical diagnosis 

of AD (n = 31) or age-matched controls (n = 31) (Table S6), we 

called mCAs using CONICSmat45 in microglia-CAMs as well as 

excitatory neurons (ExNs), astrocytes, oligodendrocytes, and 

oligodendrocyte precursor cells (OPCs), and retained only 

mCAs that were not called in any other cell types from the 

same donor and that passed several stringent filtering criteria 

Figure 4. Simultaneous single-nucleus genotyping and ATAC sequencing display an enrichment of somatic CHIP variants in MLBMs, which 

exhibit high DAM activity in AD brains 

(A) Schematic of experimental design for genotyping of targeted loci with single-cell chromatin accessibility (GoT-ChA) assay. Detailed information about the 

samples and variants we profiled is presented in Table S4. 

(B–D) Uniform manifold approximation projection (UMAP) embeddings of snATACseq data, highlighting clusters derived from unsupervised clustering (B), cell 

type (C), and genotype (D). 

(E) Mutant nuclei are significantly enriched in MLBMs compared with neurons (p < 2.2 × 10− 16, hypergeometric test), confirming that they are the predominant cell 

type carrying somatic driver variants. 

(F) Mutant MLBMs from AD brains are enriched in cluster C8, whereas mutant MLBMs from control brains are enriched in clusters C4 and C7 (adjusted p < 0.05, 

hypergeometric test). 

(G) Activity of genes associated with the DAM microglial state is highest in cluster C8, suggesting that mutant MLBMs from AD brains are DAM-like. 

See also Figure S5 and Table S4.
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(Figure S6C; STAR Methods). Using WGS of sorted microglia- 

CAMs and neurons, we validated the presence and specificity 

of three of the four mCAs in microglia-CAMs for which we could 

access primary brain tissue (Figure S6D).

AD brains harbored nominally more mCA events in microglia- 

CAMs (4 in AD versus 1 in control; Figure 5A) and nominally 

8-fold more mCA-carrying cells (Figure 5B; p = 0.06, permutation 

test), though as expected, the SEA-AD sample size was too 

small for these differences to reach statistical significance. 

Microglia-CAMs showed the strongest AD enrichment for mCA 

events, compared with other profiled cell types (Figure 5C; 

Table S6). When we analyzed microglia and CAM clusters sepa

rately, we observed a stronger trend in microglia than in CAMs 

(Figure 5C; p = 0.07 and 0.11, permutation test).

Although the SEA-AD sample size is too small to demonstrate 

statistically significant enrichment of mCA in AD, the data 

enabled direct analysis of the transcriptional effects of mCA in 

microglia-CAMs. We created an integrated snRNAseq atlas of 

microglia-CAMs identified across AD cases and controls 

(Figure S7) and identified differentially expressed genes (DEGs) 

between mutant and WT microglia-CAMs from mCA-carrying 

AD brains (Figure 5D; Table S7). Using gene ontology enrichment 

analysis, we found that DEGs with increased expression in 

mutant microglia-CAMs were enriched (adjusted p < 0.05, hy

pergeometric test) for several terms related to immune activation 

and signaling, suggesting that mutant microglia-CAMs may up

regulate pro-inflammatory pathways (Figure 5E; Table S7). We 

further characterized the microglial state associated with 

mCAs. Using a hypergeometric test for enrichment, we found 

marginally significant overlap between DEGs that are upregu

lated in mutant microglia-CAMs and genes associated with the 

DAM state, further suggesting that these mutant MLBMs, poten

tially also derived from blood immune cells, may contribute to AD 

pathology (Figure 5F; Table S7; p = 0.04).

CHIP variants induce inflammatory changes in iPSC- 

derived microglia-like cells

To further test the effects of these somatic variants in microglia, 

we generated isogenic iPSC lines harboring driver variants in the 

three genes most commonly mutated in AD cases (DNMT3A 

Figure 5. mCAs in AD microglia-CAMs are associated with a pro-inflammatory, disease-related signature 

(A) Microglia-CAMs from AD brains contain nominally more mCAs associated with hematopoietic overgrowth syndromes compared with age-matched controls, 

even in this small sample (n = 31 each). Triangles highlight an individual with multiple mCAs. 

(B) AD brains show a trend (p = 0.06, permutation test) toward a higher proportion of mCA-carrying microglia-CAMs than age-matched controls. 

(C) Odds ratios of mCA-carrying cells between AD and control individuals across different cell types. Microglia-CAMs (p = 0.06) and microglia (p = 0.07) have 

the smallest nominal p values in the permutation test compared with CAMs (p = 0.11), astrocytes (p = 0.09), oligodendrocytes (p = 0.50), OPC (p = 0.40), and ExN 

(p = 0.99). OPC, oligodendrocyte progenitor cell; ExN, excitatory neuron. 

(D) Volcano plot shows DEGs between AD donor microglia-CAMs with and without mCA. Positive fold-change indicates upregulation in microglia-CAMs with 

mCA. DAM-associated upregulated genes are colored red. 

(E) Significantly enriched gene ontology terms for genes upregulated in microglia-CAMs with mCA (adjusted p < 0.05, hypergeometric test). 

(F) Enrichment of microglial state modules41 among genes upregulated in microglia-CAMs with mCA. Significant enrichments implicate inflammation and the 

DAM transcriptional state. 

See also Figures S6 and S7 and Tables S5, S6, and S7.

ll
OPEN ACCESS 

Cell 189, 1–17, June 11, 2026 9 

Please cite this article in press as: Huang et al., Somatic cancer variants enriched in Alzheimer’s disease microglia-like cells drive inflammatory 

and proliferative states, Cell (2026), https://doi.org/10.1016/j.cell.2026.03.040

Article 



R882H/WT, TET2 DelE3-E11/WT, ASXL1 E635fs*15/WT; 

Figure 6A) using CRISPR/Cas9-mediated gene editing of a 

parental iPSC line derived from an individual with the APOE 

e3/e3 genotype, considered neutral with regard to AD risk.50

We differentiated the three mutant and WT isogenic iPSC lines 

to induced microglia-like cells (iMGLs) using a modified protocol 

of McQuade et al.51 and performed scRNAseq (Figures 6B and 

S8A–S8C). We created an integrated scRNAseq atlas of these 

four genotypes and identified microglial states based on their 

transcriptional signatures (Figures 6C, S8D, and S8E). Mutant 

iMGLs were enriched within the DAM and proliferation microglial 

states, relative to WT iMGLs, depending on the variant type 

(Figure 6D; Table S8; p < 0.05, hypergeometric test), suggesting 

a cell-autonomous, causal relationship between these somatic 

variants and a more activated microglial state. We next per

formed differential expression analysis between WT and mutant 

iMGLs and found that DEGs with increased expression in mutant 

iMGLs included many canonical DAM genes. Using gene set 

enrichment analysis with the 50 Molecular Signature Databases 

Hallmark gene sets, we observed upregulation of pro-inflamma

tory and proliferation-associated pathways in mutant iMGLs 

(Figures 6E, 6F, and S8F; Table S8). We also observed several 

enriched metabolic terms, such as glycolysis. A shift from aero

bic metabolism to glycolysis has been identified as critical to mi

croglial activation in AD.52 Taken together, our in vivo and in vitro 

results consistently suggest that recurrent AD-associated so

matic CH variants are sufficient to lead to pro-inflammatory, mi

croglia-activating transcriptional changes and a shift toward the 

AD-associated DAM microglial state.

DISCUSSION

Our results revealed a greater burden of somatic variants in AD ce

rebral cortex samples when compared with matched controls, 

suggesting an association between brain somatic variants and 

AD. These somatic variants were enriched in driver genes that 

have been widely implicated in cancer and pre-malignant condi

tions, notably in CH, with higher VAFs and stronger positive selec

tion signals in AD brains, implying their roles in clonal expansion of 

mutant cells. We further found that most of the driver variants we 

profiled were specifically present in MLBMs, corresponding to 

parenchymal microglia and/or blood-derived monocyte lineage 

cells differentiating into microglia-like cells. Finally, using in vivo 

and in vitro single-cell analyses, we found that MLBMs carrying 

CH variants, as well as iMGLs carrying AD-associated variants, 

all showed pro-inflammatory and disease-associated transcrip

tional signatures compared with their WT counterparts. These 

transcriptional changes seen in somatically mutated MLBMs 

resemble effects of CH variants in blood myeloid cells, which 

are known to increase the risk of myocardial infarction and stroke 

while activating immune cascades, including IL1β and IL6.53

These parallels suggest that somatic variant-driven changes in 

MLBMs in late-stage AD may be damaging to neurons.54

Two recent studies investigating the association between 

CHIP variants in blood with AD risk found no effect,24 or a sur

prising protective effect of blood CHIP on AD.25 Both studies pri

marily relied on blood WES at conventional depth (∼50–70×; 

Bouzid et al. also analyzed ∼3,000 blood WGS at ∼30×), which 

could only reliably detect variants with VAFs >5%–10%,24,37

although CH variants with lower VAFs are more typical in the 

blood.31 In contrast, a more recent study26 using both UMI- 

based deep panel sequencing (∼800×) and a much larger cohort 

of ∼30,000 WGS on blood samples both consistently identified 

an increased burden of CHIP variants in AD patients compared 

with age-matched controls, with this increase primarily attrib

uted to variants with VAF <5%, which might explain why the 

two earlier studies failed to detect this association. This VAF- 

dependent pattern is further supported by a recent study on 

CHIP and adjudicated probable dementia, which reported a 

negative association when including only CHIP variants with 

VAF >8%, but a non-significant positive association when the 

VAF threshold was lowered to >2%.55 Indeed, we confirmed 

that many variants with low VAF in the brain were undetectable 

in WES of matched blood samples25 (Figure S9A), and in our 

data, the enrichment of somatic variants in AD was largely driven 

by such lower-VAF variants (Figures S9B and S9C).

In our study, the logistic regression model suggested that the 

burden of somatic driver variants is positively associated with 

AD, independent of the well-known germline genetic factor, the 

APOE4 allele (Figure S3K). This observation in the brain was 

further supported by several recent blood-based studies exam

ining CHIP26 or mCA56 in AD cohorts, both of which reported a 

significant increase in CH variants in AD blood, particularly 

among non-APOE4 individuals. These findings highlight that so

matic variants, especially CHIP variants, may contribute to AD 

risk by an APOE-independent mechanism. As APOE4 has 

been reported to increase neuroinflammation by disrupting lipid 

homeostasis,57 our study and others underscore that somatic 

driver variants in MLBMs could represent an alternative pathway 

for inducing neuroinflammation in AD pathogenesis.

Our finding of shared somatic driver variants between brain 

and blood aligns with that of Bouzid et al.25 as well as an earlier 

small study that also found cancer driver variants in AD brain.27

The current consensus in the literature suggests that no progen

itor capable of giving rise to both yolk sac-derived microglia and 

hematopoietic stem cells is known or believed to exist during 

embryonic development,58 indicating that the shared somatic 

variants between brain and blood and the increase in AD are 

more likely to arise from another mechanism. Together with the 

blood studies,26,56 our results—particularly the widespread dis

tribution of mutant MLBMs across different regions—suggest a 

more likely scenario of brain infiltration by bone marrow-derived 

monocytes carrying these variants. Indeed, recent studies have 

shown that these blood monocytes can enter the brain when the 

BBB is compromised, an early feature of AD and brain aging,59

and they can differentiate into microglia-like cells60 and 

contribute to neurodegeneration.14 Other reports suggest that 

monocytes may infiltrate the brain and adopt microglia-like char

acteristics even in the absence of BBB breakdown.13,61 A recent 

study also reported infiltration of myeloid cells with CH variants in 

lung cancer and other tumors, which was associated with dis

ease progression and higher mortality, raising the possibility 

that mutant monocytes/macrophages may have increased abil

ity to infiltrate sites of inflammation.62 Although our results favor 

the monocyte-derived origin of these mutant MLBMs, it cannot 

be excluded that these variants originate from yet unidentified 
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Figure 6. Transcriptomic changes in iMGLs carrying CHIP variants 

(A) Schematic of the generation of isogenic induced pluripotent stem cell (iPSC) lines with driver variants in the three major CH-related genes that are recurrently 

mutated in AD brain, DNMT3A, TET2, and ASXL1. WT, wild-type. 

(B) Schematic of two-step differentiation of iPSCs, first into hematopoietic stem/progenitor cells (HSPCs), through a hemogenic endothelium intermediate, and 

subsequently into iMGLs. 

(C) Upper: UMAP representation of integrated scRNAseq data across all iPSC lines, colored by genotype. Lower: UMAP representation of the same data with 

annotation of distinct transcriptional microglial states. 

(D) Expression of gene modules within the integrated scRNAseq atlas and relative proportion of iMGLs for DAM and proliferation states. iMGLs in the DAM state 

are significantly enriched in the ASXL1-mutant and DNMT3A-mutant lines, and iMGLs in the proliferative state are enriched in the ASXL1-mutant and TET2- 

mutant lines (adjusted p < 0.05, hypergeometric test). 

(E) Volcano plot of DEGs between mutant and WT iMGLs. Genes that are upregulated in the mutant iMGLs include many canonical DAM genes (highlighted in red). 

(F) Gene set enrichment analysis with Molecular Signatures Database Hallmark pathways for DEGs from each mutant genotype individually and all three mutant 

genotypes combined, compared with the WT iMGLs, highlighting several processes related to inflammation and proliferation. Significant pathways (adjusted 

p < 0.05) are indicated with asterisks. Prolif, proliferation; Metab, metabolic; Dev, development. 

See also Figure S8 and Table S8.
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shared microglia-macrophage progenitors in early embryogen

esis; thus, future lineage-tracing studies of microglia and blood 

cells will be needed to better resolve this question.

Although transcriptomic differences between monocyte- 

derived macrophages and brain-resident microglia have been 

reported in mouse models,63 our snRNAseq data show that cells 

carrying CHIP variants express all classical microglial markers 

(Figure S4B) and are transcriptionally indistinguishable from 

brain-resident microglia. This is consistent with a recent study 

showing highly similar transcriptomes between yolk sac-derived 

and monocyte-derived microglia in aging mice and humans.64

Furthermore, our results suggest that when MLBMs carry CH 

variants, they shift into pro-inflammatory and proliferative states, 

potentially contributing to neuronal loss during AD pathogen

esis—paralleling another study showing that brain-resident mi

croglia carrying driver variants may also lead to a neuroinflam

matory phenotype in certain AD patients.28

Our data suggest a model (Figure 7) in which non-somatic 

drivers of AD—such as amyloid, tau, and APOE4—contribute 

to an inflammatory brain environment that exerts lifelong effects 

on clonal competition within the microglial population. Age- 

related disruption of the BBB may further promote clonal evolu

tion by introducing MLBMs into the microglia pool. Chronic 

inflammation induces the proliferation of microglia, in which pos

itive selection favors cells carrying cancer driver variants that 

provide fitness advantages over those without. Operation of 

this clonal selection over decades would be expected to lead 

to the high fraction of mutant cells that we observe, and as 

mutant clones accumulate additional variants over time, micro

glia carrying them would be expected to become increasingly 

abnormal in their transcriptomic patterns and their ability to sus

tain versus damage neighboring neurons. Therefore, somatic 

cancer driver variants could be a key driver of the switch in mi

croglia from the homeostatic to the pro-inflammatory, disease- 

associated state that typifies late-stage disease.

Potential roles of somatic cancer driver variants in AD patho

genesis open up a whole new range of therapeutic avenues in 

AD, complementary to approaches emphasizing amyloid and 

tau. For example, our analysis highlighted five highly mutated 

genes as well as the PI3K-PKB/Akt pathway (including a PIK3CA 

p.His1047Leu activating variant and three loss-of-function vari

ants in TSC1/2), which were recurrently disrupted by somatic 

variants in AD brains. Drugs targeting such genes are already 

widely used to treat cancer,65,66 and thus they might serve as po

tential therapeutic agents to suppress somatic-variant-activated 

MLBMs and ultimately neurodegeneration in AD. The more 

commonly mutated genes in the CH-related pathways are now 

being actively targeted to treat their known roles in clonal blood 

Figure 7. MLBMs with somatic driver variants exhibit clonal expansion with an altered phenotype capable of contributing to 

neurodegeneration 

Under homeostatic conditions, microglia play a key role in supporting neuronal health. As with all cells, microglia accumulate somatic variants randomly with age. 

In normal aging, most of these variants are functionally neutral, and microglial clones are under limited natural selection. In contrast, certain somatic cancer driver 

variants can confer a fitness advantage, leading to the selective expansion of mutant microglial clones (denoted as purple) over time. In AD, pathological 

changes—such as the accumulation of amyloid-β and tau—may impose selective pressures that accelerate the expansion of these mutant immune cell pop

ulations. Given that infiltrating blood-derived monocytes can adopt a microglia-like phenotype within the brain, the presence of shared somatic driver variants 

between microglia and blood supports a potential hematopoietic origin for these clones. Clonal expansion could occur in the blood prior to infiltration, or the 

variant itself could promote enhanced infiltration compared with WT blood cells. In either scenario, the mutant clone dominates the native microglial pool. 

We further show that some of these driver variants promote pro-inflammatory transcriptional programs, which may contribute to the progression of 

neurodegeneration.
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diseases,67 which may offer other approaches to AD. Since the 

role of DAM in neuronal loss and dysfunction may be a common 

feature shared across many neurodegenerative diseases, study

ing somatic variants in AD and brain aging may provide an impor

tant new approach to understanding the pathogenic mecha

nisms of dementia and other neurodegenerative conditions.
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○ Human iPSC culture and iMGL differentiation

○ Flow cytometry of iPSC-derived hematopoietic stem and progenitor 

cells and iMGLs

○ Immunofluorescence staining and imaging

○ scRNAseq of iMGLs

○ Creation and analysis of integrated scRNAseq atlas of iMGLs
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Mouse monoclonal anti-NeuN Alexa Fluor 488 

(Clone A60)

MilliporeSigma Cat#MAB377X; RRID: AB_2149209

Rabbit monoclonal anti-CSF1R PE (Clone D3O9X) Cell Signaling Technology Cat#65396; RRID: AB_2799682

Mouse monoclonal anti-CD34 PE (Clone 563) BD Biosciences Cat#550761; RRID: AB_393871

Mouse monoclonal anti-CD45 APC (Clone HI30) BD Biosciences Cat#555485; RRID: AB_398600

Mouse monoclonal anti-CD45 PE-Cy7 (Clone 30-F11) BD Biosciences Cat#561868; RRID: AB_10893599

Mouse monoclonal anti-CD68 PE-Cy7 (Clone Y1/82A) BD Biosciences Cat#565595; RRID: AB_2739298

Mouse monoclonal anti-CD11b BB515 (Clone ICRF44) BD Biosciences Cat#564517; RRID: AB_2744271

Mouse monoclonal anti-CD14 APC (Clone M5E2) BD Biosciences Cat#555399; RRID: AB_398596

Rabbit polyclonal anti-CX3CR1 (N-Terminal) Bio-Rad/AbD Serotec Cat#AHP1589; RRID: AB_2087421

Rat monoclonal anti-TREM2 (Clone 237920) R&D Systems Cat#MAB17291; RRID: AB_2208679

Rabbit polyclonal anti-Iba1 (C-terminal) FUJIFILM Wako Cat#019-19741; RRID: AB_839504

Rabbit polyclonal anti-P2RY12 MilliporeSigma Cat#HPA014518; RRID: AB_2669027

Donkey polyclonal Alexa Fluor 488-AffiniPure Jackson Immuno Research Labs Cat#711-545-152; RRID: AB_2313584

Goat polyclonal Alexa Fluor 488-Cross-Adsorbed Thermo Fisher Scientific Cat#A-11006; RRID: AB_2534074

Donkey anti-Rabbit IgG, Alexa Fluor 555 Thermo Fisher Scientific Cat#A-31572; RRID: AB_162543

Donkey anti-Rat IgG, Alexa Fluor 488 Thermo Fisher Scientific Cat#A-21208; RRID: AB_141709

Biological samples

Genomic DNA and brain tissue samples from AD and 

control cases from ROSMAP

ROSMAP see Table S2

Brain tissue samples from AD and control cases from 

SEA-AD

SEA-AD H20.33.017; H21.33.002; 

H21.33.033; H21.33.017

Genomic DNA from the Genome in a Bottle 

Consortium

National Institute of Standards 

and Technology

NA12878; NA24695

Chemicals, peptides, and recombinant proteins

DAPI, FluoroPure™ grade Thermo Fisher Scientific D21490

AMPure XP beads Beckman Coulter A63882

SPRIselect beads Beckman Coulter B23317

Streptavidin M-270 beads ThermoFisher 65305

Percoll Cytiva Cat# 17-0891-02

SCF R&D Systems Cat# 255-SC

Flt3 ligand R&D Systems Cat# 308-FK

TPO R&D Systems Cat# 288-TP

IL-3 R&D Systems Cat# 203-IL

BMP4 R&D Systems Cat# 314-BP

FGF2 R&D Systems Cat# 233-FB

CD200 Biotechne Cat# 2724-CD

Fractalkine (CX3CL1) Biotechne Cat# 362-CX

IL34 Biotechne Cat# 5265-IL

MCSF Biotechne Cat# 216-MC

TGFβ1 Biotechne Cat# 7754-BH

VEGF Thermo Fisher Scientific Cat# PHC9391

GlutaMax Supplement Thermo Fisher Scientific Cat# 35050061

Insulin Sigma Cat # I9278

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

DMEM/F-12, HEPES, no phenol red Thermo Fisher Scientific Cat# 11039021

N2 Supplement Thermo Fisher Scientific Cat# 17502048

RPMI 1640 Medium, no phenol red Thermo Fisher Scientific Cat# 11835030

Matrigel Corning Cat# 354277

B27 Supplement Thermo Fisher Scientific Cat# 17504044

IMDM (Iscove’s Modified Dulbecco’s Medium) Thermo Fisher Scientific Cat# 12440053

Insulin-Transferrin-Selenium (ITS-G) Thermo Fisher Scientific Cat #41400045

KnockOut Replacement Serum (KOSR) Thermo Fisher Scientific Cat# 10828028

Monothioglycerol (MTG, 1-TG) Sigma Cat# M1753

Non-essential Amino Acids (NEAA) Thermo Fisher Scientific Cat# 11140050

CF1 Mouse Embryonic Fibroblasts, irradiated Thermo Fisher Scientific Cat# A34180

DAPI Thermo Fisher Scientific Cat# 62248

Critical commercial assays

SureSelect XT HS2 DNA Reagent Kit Agilent Technologies G9983A

SureSelect XT Custom 0.5-2.9Mb Library Agilent Technologies 5190-4819

Chromium Next GEM Single Cell 3’ GEM, Library & Gel 

Bead Kit v3.1, 16 rxns

10X Genomics PN-1000121

ResolveDNA Whole Genome Amplification Kit BioSkryb Genomics 100136

Phusion Hot Start II DNA Polymerase Kit Thermo Fisher Scientific F549L

PrimeSTAR GXL DNA Polymerase Takara Bio R050A

EZ1 DNA Tissue Kit Qiagen 953034

Quant-iT™ dsDNA Assay Kits, high sensitivty Thermo Fisher Scientific Q33120

High Sensitivity D5000 Reagents Agilent Technologies 5067-5593

High Sensitivity D5000 ScreenTape Agilent Technologies 5067-5592

Chromium Next GEM Single Cell ATAC Kit v2, 4 rxn 10X Genomics 1000406

Deposited data

Panel sequencing data This study https://doi.org/10.7303/syn73904737

GoT-ChA Data This study https://doi.org/10.7303/syn73904737

SEA-AD Data Gabitto et al.68 N/A

Experimental models: Cell lines

iPSC lines Kotini et al.69; Wang et al.70 N/A

Oligonucleotides

Biotinylated primers IDT see Table S4

Software and algorithms

Fiji Open-source RRID: SCR_002285

Adobe Illustrator Adobe RRID: SCR_010279

FlowJo TreeStar Inc. RRID: SCR_008520

Cell Ranger v6.0.0 10X Genomics RRID: SCR_023221

CellBender v0.3.0 Fleming et al.71 RRID: SCR_018461

Scrublet v0.2.3 Wolock et al.72 RRID: SCR_018098

Seurat v4.1.1 Hao et al.73 RRID: SCR_007322

Minimap2 v2.24 Li and Birol74 RRID: SCR_018550

scType v20220909 Ianevski et al.75 https://github.com/IanevskiAleksandr/sc-type

ROCR v1.0.11 Sing et al.76 RRID: SCR_015843

cutpointr v1.1.2 Thiele and Hirschfeld77 https://github.com/Thie1e/cutpointr

CONICSmat v0.0.0.1 Müller et al.45 RRID: SCR_016655

BWA-MEM v0.7.15 Li and Durbin78 RRID: SCR_010910

BEDTools v2.30.0 Quinlan and Hall79 RRID: SCR_006646

(Continued on next page)
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Our study involves samples and sequencing data from two large-scale Alzheimer’s disease (AD) studies, ROSMAP and SEA-AD. The 

ROSMAP study consists of two prospective studies of aging, the Religious Order Study (ROS) and the Memory and Aging Project 

(MAP), in which the participants were enrolled by the Rush Alzheimer’s Disease Center with detailed cognitive and neuroimaging phe

notyping as well as structured neuropathologic examination during the autopsy at the time of death.92 The SEA-AD study performed 

single-cell multi-omics, quantitative neuropathology, and deep clinical phenotyping on post-mortem brain tissue from 84 aged do

nors and 5 additional younger neurotypical controls collected at the University of Washington BioRepository and Integrated Neuro

pathology laboratory and Precision Neuropathology core. Postmortem samples in all studies were collected and de-identified 

following the protocol of the corresponding Institutional Review Board with informed consent. The diagnosis of AD was based on 

the consensus conclusion from all postmortem data generated by neurologists with expertise in dementia and neurodegeneration.

For panel sequencing, we obtained genomic DNA (gDNA) extracted from the prefrontal cortex (PFC) samples of 190 AD patients 

and 121 controls without cognitive impairment from ROSMAP (Table S2), and the detailed demographic and clinical information for 

these samples were downloaded from the AMP-AD Knowledge Portal. Additional brain samples of multiple brain regions and gDNA 

from peripheral blood samples were also obtained from ROSMAP to confirm the presence of somatic variants and further study the 

cell type identity of variant-carrying cells. The raw single-nucleus RNA sequencing (snRNAseq).h5 matrices for SEA-AD and corre

sponding clinical and technical metadata were also downloaded from the AMP-AD Knowledge Portal, which consists of the middle 

temporal gyrus of temporal cortex from 31 AD patients and 32 age-matched controls (Table S5). Detailed demographic and sample 

information for the ROSMAP and SEA-AD datasets, including age and sex, are provided in Tables S2 and S5; however, ethnicity in

formation is not available. Within each dataset, AD and control samples exhibited comparable distributions of sex, age, postmortem 

interval, and sequencing depth (Tables S2 and S5). In addition, we adjusted for the potential effects of these variables, including age 

and sex, in the linear regression models described in the following sections. We also sequenced PFC gDNA from 31 individuals with 

mild cognitive impairment (MCI) from ROSMAP in the same panel sequencing batch, and performed somatic variant calling along 

with the 190 AD patients and 121 healthy controls (Table S3). However, due to the limited sample size, the MCI group was not 

included in any downstream analyses, except for amplicon validation experiments used to benchmark the somatic variant calling 

accuracy of our pipeline.

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Harmony v0.1.1 Korsunsky et al.80 RRID: SCR_022048

clusterProfiler v4.4.4 Wu et al.81 RRID: SCR_016884

CellRanger-ATAC v2.1.0 10X Genomics RRID: SCR_017769

ArchR v1.0.3 Granja et al.82 RRID: SCR_021172

Samtools v1.15.1 Li et al.83 RRID: SCR_002105

bam-readcount v1.0.1 Khanna et al.84 https://github.com/genome/bam-readcount

AGeNT v2.0.2 Agilent Technologies https://www.agilent.com/en/product/next- 

generation-sequencing/ngs-data-analysis- 

interpretation/agent-4301558

GATK v3.6 DePristo et al.85 RRID: SCR_001876

MosaicHunter v1.0 Huang et al.86 https://github.com/zzhang526/MosaicHunter

Pisces v5.3 Dunn et al.87 RRID: SCR_022117

Integrative Genomics Viewer v2.3.93 Robinson et al.88 RRID: SCR_011793

ANNOVAR v2015Mar22 Wang et al.89 RRID: SCR_012821

MAFTools v2.10.1 Mayakonda et al.90 RRID: SCR_024519

MatchIt v4.5.5 Ho et al.91 RRID: SCR_025618

dNdScv v0.0.1 Martincorena et al.36 RRID: SCR_023123

Other

Ts2R-FL inverted microscope Nikon Instruments Inc N/A

DMI4000 B inverted microscope Leica Microsystems, GmbH N/A

Stem Cell Engineering Core Icahn School of Medicine 

at Mount Sinai

RRID: SCR_027503
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METHOD DETAILS

Panel design and sequencing

For hybrid capture, probes targeting the exons and exon-intron junctions of 149 cancer driver genes (Table S1) were designed using 

the SureSelect DNA Advanced Design Wizard. The list of targeted genes was designed to include frequently mutated oncogenes and 

tumor suppressor genes in various types of cancer and clonal hematopoiesis. A total of 23,171 probes with a genomic size of 691 kbp 

were eventually designed and generated. These probes were then used for gene capture followed by library preparation using the 

SureSelect XT HS2 DNA Reagent Kit with 30 ng gDNA input. All prepared libraries were sequenced using three Illumina NovaSeq 

6000 S4 flow cells with 150 bp paired-end reads.

Somatic variant calling from panel sequencing

The UMI information of each read was first extracted from the fastq files by AGeNT’s Trimmer (v2.0.2), and then reads were aligned to 

the GRCh37 human reference genome by BWA-MEM (v0.7.15) 78 The aligned reads were processed by AGeNT LocatIt (v2.0.2) to 

generate the consensus read sequence from multiple reads that were derived from the same original DNA fragment and thus carried 

the same UMI, followed by GATK’s indel realignment (v3.6).85 We only kept the consensus reads that were supported by two or more 

reads in both strands. As a result, we achieved comparable depth and coverage between the AD and control samples, with more than 

1000X average depth and more than 80% coverage of the targeted regions at >500X for consensus reads (Table S2; Figure S1A).

Somatic single-nucleotide variants (sSNVs) and somatic insertions and deletions (sIndels) were called from the consensus reads by 

MosaicHunter (v1.0)86 and Pisces (v5.3),87 respectively. For sSNV, MosaicHunter calculated the likelihood of the presence of a 

mutant allele, and only the candidates with a 0.5 or higher likelihood, 100 or more total reads, and 4 or more mutant-supporting reads 

were considered. We further excluded candidates as germline variants if i) they have a 30% or higher variant allele fraction; 2) the 

counts of mutant-supporting and total reads do not significantly deviate from the binomial distribution for heterozygous variants 

(p ≥ 0.05); 3) they are present in the polymorphism databases (dbSNP,93 the 1000 Genomes Project,94 the Exome Sequencing Proj

ect,95 and the Exome Aggregation Consortium96) or have a 0.01% or higher population allele frequency in the Genome Aggregation 

Database.97 sIndels were called by Pisces with its default parameters, and a similar method was used to call variant candidates and 

remove germline variants.

To balance the sensitivity and specificity of our sSNV and sIndel detection, we developed two different pipelines when considering 

the recurrent presence across multiple individuals. The ‘‘stringent’’ pipeline only kept the variants that were detected in one sample 

and were completely absent in any other samples, whereas the ‘‘sensitive’’ pipeline additionally allowed the variants that were exclu

sively present or specifically enriched (two-sample Z-test of proportion with p < 0.05) in the AD or control group.

Benchmarking of variant calling using panel sequencing

A mixing experiment was performed to benchmark the performance of the designed panel and variant calling pipeline. Germline variant 

calls from two unrelated individuals, NA12878 and NA24695, were downloaded from the website of the Genome in a Bottle Consortium.98

Genomic sites in the covered regions of panel sequencing that were genotyped as heterozygous in NA24695 but reference-homozygous 

in NA12878 were considered as the gold-standard list of somatic variants, and gDNA from these two individuals was mixed to reach 10%, 

5%, 2%, 1%, 0.5%, and 0.2% mutant allele fractions for these variants. We applied the same experiment and analysis protocols of panel 

sequencing to the mixed samples with varied allele fractions, and then checked the proportion of gold-standard variants that were iden

tified by our identification pipeline as well as the consistency between expected and observed allele fractions.

Fluorescence-activated nuclei sorting (FANS) for brain samples

Nuclei were prepared following the previously published work.99 Briefly, fresh frozen human brain tissue samples were first lysed in a 

dounce homogenizer using a chilled nuclear lysis buffer (10mM Tris-HCl, 0.32M Sucrose, 3mM Mg(Acetate)2, 5mM CaCl2, 0.1mM 

EDTA, pH 8, 1mM DTT, 0.1% Triton X-100) on ice. Tissue lysates were layered on top of a sucrose cushion buffer (1.8 M sucrose, 

3 mM Mg(OAc)2, 10 mM Tris-HCl, 1 mM DTT, pH 8) and ultra-centrifuged for 1 h at 30,000g. Nuclear pellets were resuspended in 

ice-cold PBS supplemented with 3mM MgCl2, filtered, and then stained with the neuronal marker (NeuN, Millipore MAB377) or brain 

macrophage marker (CSF1R, Cell Signaling 65396) together with DAPI. For each AD PFC sample, neuronal (NeuN+), glial (NeuN-), 

brain macrophage (CSF1R+), and total (DAPI+) nuclei populations were sorted into 96-well plates by flow cytometry. For AD brain 

samples from other brain regions and control brain samples, only CSF1R+ and NeuN+ nuclei populations were sorted. To note, 

the purity of our microglia-enriched brain macrophage sorting was slightly reduced in some AD samples, exhibiting a marginally 

higher proportion of non-microglia/CAM nuclei as determined by snRNAseq (Figure S3A). This likely stems from autofluorescence 

caused by apoptotic cells and increased cellular debris. Our subsequent single-cell multi-omic analyses showed that somatic 

driver mutations are generally absent in non-microglia/CAM brain cell types (Figures S5E and S5F), indicating that they are unlikely 

to account for the observed VAF increase in CSF1R+ nuclei in AD brains.

Cell type analysis from 10X snRNAseq

For the PFC sample of one AD patient (with a TET2 p.Pro1194Ser sSNV) and one healthy control, ten thousand CSF1R+ nuclei 

were sorted separately into a well of the 96-well plate and used for droplet generation and sequencing library preparation using 
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the 10x Genomics Next GEM Single Cell 3′ GEM Kit v3.1 and Chromium Controller, following the manufacturer’s manual. The snRNA

seq libraries were sequenced by Illumina HiSeq X, and down-sampled to have a comparable sequencing throughput. We also down

loaded a large-scale snRNAseq dataset,100 consisting of 80,660 nuclei isolated from 24 AD and 24 control PFC samples collected by 

ROSMAP, to serve as the reference. The sequencing data of our AD and control samples were first processed by Cell Ranger 

(v6.0.0)101 and then integrated and analyzed along with the reference dataset by Seurat (v4.9.9),73 for variance normalization, an

chor-based reciprocal principal-component analysis (PCA) integration, PCA clustering, and UMAP visualization. Cell clusters 

were manually annotated into different cell types based on the expression profile of marker genes (Figure S4B) for the major brain102

and blood8 cell types (HBA1: red blood cell; CD3E: T-cell; CCR7: B-cell; FCN1: monocyte). Our snRNAseq result confirmed that 75- 

77% of CSF1R+ sorted nuclei from the AD and control brains are transcriptionally microglia, with an additional 4-9% being CNS- 

associated macrophages (CAM; Figure 3A). We also observed minimal blood contamination in the sorted CSF1R+ population, 

with only 1% monocytes and the absence of other major blood cell types including red blood cells, T-cells, and B-cells 

(Figures 3A and S4B). Using this reference dataset, we also confirmed the minimal contamination of blood cells (< 0.3%) in 

ROSMAP brain samples.

Amplicon sequencing

Amplicon sequencing was performed for validation and mutant allele fraction estimation in both bulk gDNA samples and sorted 

nuclei. Bulk gDNA was extracted from frozen brain samples using the EZ1 DNA Tissue Kit (Qiagen 953034). Five hundred nuclei 

of each cell type from each brain sample were sorted into 96-well plates with four replicates. Whole-genome amplification was 

then performed for sorted nuclei using the ResolveDNA Whole Genome Amplification Kit (BioSkryb Genomics) to meet the minimal 

DNA amount for panel sequencing. For each identified sSNV, three sets of primers were designed for PCR amplification of the tar

geted genomic region. PCR amplification was performed using the Phusion Hot Start II DNA Polymerase kit (Thermo Fisher F549L) 

with the following cycles: 98 ◦C for 30 sec; 5 cycles of 98 ◦C for 10 sec, 68 ◦C for 30 sec (decrease 1 ◦C/cycle), and 72 ◦C for 30 sec; 

25 cycles of 98 ◦C for 10 sec, 63 ◦C for 30 sec, 72 ◦C for 30 sec; 72 ◦C for 10 min. The annealing temperatures of primers varied for 

each design which was determined by a testing PCR. PCR products were then purified using AMPure XP beads (Beckman Coulter 

A63882) and pooled for Amplicon-EZ sequencing (GENEWIZ).

The sequencing reads were first aligned to the GRCh37 human reference genome by BWA-MEM (v0.7.15) and then processed by 

GATK (v3.6) for indel realignment. For each somatic variant candidate, the number of reads supporting each allele was calculated by 

MosaicHunter (v1.0) and manually verified by Integrative Genomics Viewer (v2.3.93).88 A candidate was considered validated as so

matic variant (Figures S1E–S1G) if 1) the read fraction of the mutant allele was more than three times as high as the fractions of the 

other two error alleles in all three amplicons (somatic-I); or 2) the read fraction of the mutant allele in the corresponding brain sample 

was significantly higher than the fraction in an unrelated negative control brain sample for all three amplicons (somatic-II).

Functional annotation of sSNV and sIndel

ANNOVAR (v2015Mar22)89 was applied to annotate somatic variants into different genic categories: 5’ UTR, exonic (coding 

sequence), 3’ UTR, splicing (within intronic 2 bp of a splicing junction), and intronic. Exonic somatic variants were further classified 

into multiple categories based on their predicted impacts on amino acids. A somatic variant was labeled as deleterious if 1) it was 

annotated as splicing or predicted to cause stop-codon gain/loss; 2) it was a frameshift insertion or deletion; or 3) it was a missense 

variant whose amino acid change was predicted to be deleterious by either PolyPhen2103 or SIFT.104 For 149 cancer driver genes, we 

grouped them into (proto-)oncogenes and tumor suppressor genes (TSGs) according to the annotation of the COSMIC Cancer Gene 

Census.105 Genes annotated as both oncogenes and TSGs were not considered in calculating the variant burdens plotted in 

Figure 2D. MAFTools (v2.10.1)90 was used to illustrate the gene-level distribution of somatic variants. Genes and driver variants 

involved in clonal hematopoiesis of indeterminate potential (CHIP) were extracted from a curated list summarized in Table S1 of Bou

zid et al.,25 derived from the blood whole-genome sequencing data from 97,691 people.37

Burden analysis of sSNV and sIndel

Somatic variant density in each clinical group was calculated by counting the total number of somatic variants and dividing it by the 

total size of powered genomic regions with ≥500X UMI-aggregated reads, and the odds ratio and the two-sample Z-test of propor

tion were used to test whether the AD group had a higher mutational burden than the control group. In the gene-level analysis, we 

compared the somatic variant burden between AD and control groups using a similar two-sample Z-test of proportion, in which the 

total genomic size for each gene was calculated as the product of the exonic length and the number of individuals in AD or con

trol group.

For the linear regression analysis, the count of somatic variants in each sample was modeled as a continuous outcome, whereas 

clinical status and other covariates of interest (e.g., age, sex, sequencing depth, and post-mortem interval) were modeled as inde

pendent variables. Our linear regression results from panel sequencing confirmed the increased burden of somatic variants in AD 

brains after controlling for all of these potential confounding factors (Figure 2C). We only considered donors with ages less than 

90, because all donors aged 90 or higher were labeled as ‘‘90+’’ in the demographic tables of the ROSMAP study.

To further control for the potential impact of age on our burden analysis, we selected a subset of AD patients (n = 121) with an age 

distribution matched to that of the healthy controls. This was done using the R package MatchIt (v4.5.5),91 with the function 
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matchit(Cogdx ∼ Age + Sex + PMI, distance = "glm", method = "optimal"), where Cogdx indicates clinical status (AD or control), and 

PMI denotes post-mortem interval. The resulting subset of AD patients closely mirrored the age distribution of the control group 

(Figure S3E). We replicated our burden analyses using this matched subcohort and observed results that were highly consistent 

with those obtained from the full cohort (Figures S3F–S3H).

In addition to the linear regression analysis, we performed logistic regression, modeling clinical status as a binary outcome and 

including the count of somatic variants along with potential confounding factors such as age, sex, sequencing depth, post-mortem 

interval, and APOE genotype as independent variables. We observed a significant positive association (p < 0.05) between somatic 

variant burden and AD risk, regardless of whether APOE genotype was modeled additively for the APOE4 allele106 (Figure S3K) or as 

categorical factors representing all genotypes (22, 23, 33, 34, 44).

Positive selection analysis

Signals of positive selection were assessed for sSNVs identified from AD and control samples separately by dNdScv (v0.0.1).36 The 

dN/dS ratios and p-value for missense, nonsense, and splicing variants were calculated at the levels of individual genes and groups 

of genes, by comparing against the background synonymous variant rate with the consideration of the sequence composition of 

genes. For each gene in AD or control group, we 1) calculated the number of missense and truncating (nonsense and splicing) var

iants under positive selection by multiplying the number of all variants in that gene by the proportion of positively selected variants 

inferred from the gene-specific dN/dS ratio; 2) determined the proportion of positively selected cells by multiplying the number of 

positively selected variants by the average mutant allele fraction in that gene × 2 (given that almost all the sSNVs should be hetero

zygous in carrier cells). Assuming a consistent number of profiled cells in panel sequencing for each brain, we further estimated the 

number of positively selected cells in each AD and control brain by aggregating the number of positively selected cells across the 

group of genes and normalizing this number based on the count of brain samples in AD and control groups.

Simultaneous genotyping and transcriptomic analysis of single cells

The PFC tissue of an AD case with a somatic p.Pro1194Ser TET2 variant was used for sorting ∼10,000 CSF1R+ nuclei. The sorted 

nuclei were then followed by snRNAseq library preparation using 10x Genomics Next GEM Single Cell 3′ GEM Kit v3.1 and Chromium 

Controller, following the manufacturer’s manual. Ten ng of the snRNAseq cDNA was used to perform semi-nested long-range PCR to 

capture the target variant using the PrimeSTAR GXL DNA Polymerase, following the manufacturer’s manual. The long-range PCR 

product was then used for long-read sequencing library preparation using the ONT Kit12 chemistry. The final library was sequenced 

on one MinION Flow Cell.

To perform transcriptomic analysis and cell type identification, CellBender (v0.3.0)71 with all default parameters was used to re

move ambient RNA background from the generated 10X snRNAseq data, and Scrublet (v0.2.3)72 was used to remove putative dou

blets. All downstream analysis was performed with Seurat (v4.1.1). High-quality nuclei with 1) ≤ 5% mitochondrial gene expression 

and 2) > 250 expressed genes and < 7500 expressed genes were extracted, where expressed genes were defined as those ex

pressed in ≥ 3 cells. SCTransform was used to perform normalization and regression of the technical covariates percent.mt, nFea

ture_RNA, and nCount_RNA. Unsupervised clusters were identified with the Louvain algorithm (resolution = 0.6), and brain cell types 

were annotated based on canonical cell type markers.

To perform genotyping of the TET2 variant, MinION reads were aligned with Minimap2 (v2.24)74 to the GRCh38 human reference 

genome. Reads were parsed using regular expressions to identify known features (i.e., forward primer, 10X cell barcode, 10X UMI, 

poly-A tail), and the genotype status of TET2 (i.e., mutant or wild-type) was assessed on a per-read basis. Reads that did not carry a 

10X cell barcode or UMI retained in the snRNAseq analysis were filtered. We first calculated the consensus genotype (reference or 

mutant) for each UMI by using the Bayesian genotyper of MosaicHunter with the consideration of base quality and number of sup

porting reads, and then assigned genotype status (reference-homozygous or heterozygous) to each cell based on UMI information 

and the mutant cell fraction of this TET2 variant using the framework of scMosaicHunter.102

Simultaneous genotyping and chromatin accessibility analysis of single cells

Nuclei were prepared as described previously.99 Nuclei were stained with CSF1R+ PE-conjugated antibody before sorting with flow 

cytometry into 1.5 mL tubes containing 300 μL lysis dilution buffer. Detergent was added to lyse cells followed by centrifugation and 

buffer exchange into diluted 10X Single Cell Nuclei Buffer. Nuclei were subsequently processed according to the Chromium Next 

GEM Single Cell ATAC Solution user guide (version CG000209 Rev F, 10x Genomics) with the modifications described as published 

to generate ATAC and GoT-ChA libraries.40 Namely, locus-specific primers at 22.5 uM concentration were added to the cell barcod

ing PCR reaction mixture prior to droplet generation. A 5 μL aliquot of eluted material post GEM incubation cleanup (Step 3.2 of 10X 

protocol) was further amplified with locus-specific primers to add sequencing adapters and generate a GoT-ChA genotyping library. 

Single-nucleus ATAC sequencing (snATACseq) libraries were sequenced to a depth of 25,000 read pairs per nucleus, and GoT-ChA 

libraries were sequenced to 5,000 read pairs per nucleus.

snATACseq data alignment and chromatin accessibility quantification were performed using cellranger-ATAC (v2.1.0). All subse

quent downstream processing was performed using ArchR (v1.0.3).82 Low-quality nuclei with less than 1000 fragments or a tran

scription start site enrichment of less than four were filtered, as were nuclei identified as putative doublets with ArchR. Dimensionality 

reduction was performed with iterative latent semantic indexing, followed by batch correction with harmony across samples and 
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unsupervised clustering. Finally, a UMAP embedding was created to facilitate 2-D visualization. High-quality MLBMs or neurons were 

annotated by examining both genome browser tracks and gene activity for microglia marker genes CX3CR1, CSF1R, TMEM119, 

P2RY12, MS4A7, and MRC1 as well as neuron marker genes RBFOX3, MAP2, and SYN1. MLBMs were assigned to putative micro

glial states based on gene activity of five known microglial state modules.40 In brief, average gene activity was calculated per unsu

pervised cluster for each of these five microglial state modules. Min-max scaling was then applied individually to each microglial state 

module’s gene activity vector to control for differences in overall gene activity between different microglial state modules. Finally, 

unsupervised clusters were assigned to microglial states based on the cosine similarity of each unsupervised cluster’s gene activity 

vector to individual unit vector representations of each of the five tested microglial state modules.

To perform genotyping, GoT-ChA libraries were filtered to reads from the nuclei retained in the snATACseq analysis that overlap

ped the variant site and matched the expected primer sequence within an edit distance of <=3. Alt and ref reads were counted per 

nucleus using Samtools mpileup (v1.15.1)83 for sSNVs or bam-readcount (v1.0.1)84 for sIndels. Final genotype assignments were 

determined using the Bayesian genotyper of scMosaicHunter described in the previous section, but without the step of UMI-based 

consensus calling to account for the lack of UMIs in 10X snATACseq data. One-tailed Fisher’s exact tests were used to test for cell 

type and microglial state enrichment analyses and were performed both with all samples pooled to maximize power as well as per 

individual sample. For per-individual sample analysis, a Benjamini-Hochberg correction was used to control for multiple-hypothesis 

testing.

Automatic cell-type identification with scType

Brain macrophages include both microglia and CAMs, such as meningeal, choroid plexus, and perivascular macrophages (PVMs).107

Microglia-perivascular macrophages, hereby referred to as microglia-CAMs, represented 3.37% of all pre-annotated cells within 

SEA-AD, which is slightly lower than past estimates of microglia making up about 5% of brain cells in cortex.6 scType 

(v20220909)75 was used to automatically identify any additional high-quality microglia-CAMs beyond those originally annotated in 

SEA-AD (‘‘pre-annotated’’ cells) to increase statistical power for calling mosaic chromosomal alterations (mCAs). Excitatory neurons 

(ExNs) were also automatically typed as a cell-type out-group to further facilitate accurate identification of microglia-CAMs, as 

scType’d microglia-CAMs should have high microglia-CAM scType scores but low ExN scType scores.

Prior to running scType, each SEA-AD sample was processed, normalized, and clustered with the Louvain algorithm using Seurat 

(v4.1.1). Each sample underwent quality control with the following metrics: retain only 1) genes expressed in ≥ 3 cells, 2) cells with ≥

10 expressed genes, 3) cells with ≤ 5% mitochondrial gene expression, 4) cells with > 250 expressed genes and < 7500 expressed 

genes. Positive markers for microglia-CAMs (P2RY12, ITGAM, CD40, PTPRC, CD68, AIF1, CX3CR1, TMEM119, ADGRE1, C1QA, 

NOS2, TNF, ISYNA1, CCL4, ADORA3, ADRB2, BHLHE41, BIN1, KLF2, NAV3, RHOB, SALL1, SIGLEC8, SLC1A3, SPRY1, TAL1) 

and ExNs (SLC17A7, SLC17A6, GRIN1, GRIN2B, GLS, GLUL, GRIN2A) were downloaded from the scType marker database and 

used to calculate microglia-CAM and ExN scType scores for each individual cell.

In brief, scType calculates cell-type-specific scores for each cell using a weighted and normalized aggregation of marker gene 

expression, where marker genes are weighted more highly if they are more specific for a given cell type (expressed in one cell type 

of interest, rather than several). For each sample, both ExN and microglia-CAM scType scores were calculated for cells that were 

pre-annotated as either ExNs or microglia-CAMs. Taking these pre-annotations as ground truth, ROCR (v1.0.11)76 and cutpointr 

(v1.1.2)77 were used to calculate the optimal cutpoint for ExN and microglia-CAM scType scores that maximized the sum of sensitivity 

and specificity of classification over 1000 bootstraps. Using these learned ExN and microglia-CAM cutpoints, cells that were not pre- 

annotated were assigned as ExNs, microglia-CAMs, or neither. A small number of cells had both microglia-CAM and ExN scType 

scores greater than the corresponding optimal cutpoints; these cells were discarded due to ambiguity in assignment.

In addition to filtering of individual cells, 6 samples were filtered out due to not meeting at least one of the following sample-specific 

metrics: 1) microglia-CAM AUC > 0.9, 2) ExN AUC > 0.9, 3) fraction of pre-annotated ExN typed by scType as microglia-CAM < 0.1, 

and 4) total number of pre-annotated and scType’d microglia-CAMs > 50. This analysis filtered one individual H20.33.008, as this 

donor had only one associated sample that was filtered due to not meeting the above sample-specific metrics.

As a final step to ensure that scType’d microglia-CAMs were highly similar to their corresponding pre-annotated counterparts, pre- 

annotated and scType’d microglia-CAMs derived from the same donor were merged into a single Seurat object and processed, 

normalized, and clustered using the Louvain algorithm. Clusters in which over 50% of cells were pre-annotated microglia-CAMs 

were identified, and only scType’d microglia-CAMs in these clusters were retained as high-confidence scType’d microglia-CAMs. 

Only pre-annotated microglia-CAMs and these high-confidence scType’d microglia-CAMs were used for mCA-calling and all sub

sequent downstream analyses.

mCA calling from brain snRNAseq

Genomic regions of non-uniparental disomy CH-related mCA listed in Extended Data Figure 4d and 4e of Saiki et al.48 were extracted, 

and genomic coordinates of these regions were downloaded from the hg38 reference genome accessed through the UCSC Genome 

Browser.108
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mCA calling was done for microglia-CAMs, astrocytes, oligodendrocytes, oligodendrocyte precursor cells (OPCs), and ExNs. For 

each cell type, raw count matrices (gene × cell) were extracted for the 31 AD cases and 31 age-matched healthy controls that passed 

filtering as described above. Each of these matrices was processed and normalized using Seurat (v4.1.1) and then independently 

used as input for mCA-calling with CONICSmat (v0.0.0.1).45

The aforementioned mCA regions identified in Saiki et al. were tested with CONICSmat (Table S6), and raw mCA calls were further 

filtered to increase specificity of calls. In brief, a putative mCA was retained if it met the following criteria: 1) Bonferonni adjusted 

p-value < 0.05; 2) <25% ambiguous cells (cells with a posterior probability > 0.25 and < 0.75); 3) median expression of putative 

mCA-carrying cells is > or < 1.96 standard deviations of putative normal cells of the same type for amplifications or deletions, respec

tively; 4) no negative control regions (i.e. whole chromosome regions that have not been associated with mCA in past literature) 

showed a larger difference in expression between putative normal and mCA-carrying cells than the called mCA; 5) the expression 

of putative normal cells was within 1.96 standard deviations of baseline expression of cells of the same type across all other individ

uals; and 6) the same mCA was not called in a different cell-type from the same individual. For microglia-CAMs, putative mCAs were 

additionally filtered if the number of scType’d non-ambiguous cells (posterior probability < 0.25 or > 0.75) was ≤ 1.5 times the number 

of pre-annotated non-ambiguous cells for both altered and wild-type cells. This filtering criterion was added to ensure that mCA calls 

identified from scType’d and pre-annotated microglia-CAMs were not driven by added scType’d cells.

mCA validation using whole-genome sequencing

The middle temporal gyrus tissues from AD and control cases from the SEA-AD cohort were used for sorting ∼500 neuronal (NeuN+) 

and brain macrophage (microglia and CAM; CSF1R+) nuclei, followed by scWGA using the ResolveDNA Whole Genome Amplifica

tion Kit (BioSkryb Genomics) as mentioned above. The amplified single-cell gDNA was then used for library preparation using the 

ResolveDNA Library Preparation Kit (BioSkryb Genomics), followed by 30X whole-genome sequencing on Illumina NovaSeq X.

Whole-genome sequencing reads from sorted NeuN+ and CSF1R+ nuclei were aligned to the GRCh37 human reference genome 

separately by BWA-MEM (v0.7.15). We calculated the coverage of sorted NeuN+ and CSF1R+ nuclei for each donor over 106 

genomic windows using BEDTools (v2.30.0).79 We then calculated the ratio of normalized, average coverage in the regions of called 

mCAs between sorted NeuN+ and CSF1R+ nuclei (macrophage-to-neuron ratio) from the same donor. This calculation was per

formed across all donors, with donors in which a given mCA was not called serving as a negative control. An mCA was considered 

validated if its macrophage-to-neuron ratio significantly deviated from the window of 0.99-1.01, and such deviation could only be 

seen in the donors in which the mCA was originally called.

Burden analysis of mCA

Per cell type, the number of cells with mCAs from AD donors, the number of cells without mCAs from AD donors, the number of cells with 

mCAs from control donors, and the number of cells without mCAs from control donors were counted, and an odds ratio (OR) of mCA- 

carrying cells in AD donors vs control donors was calculated. For two cell types, CAMs and oligodendrocytes, all mCA-carrying cells were 

in AD donors and the OR was thus infinite. To facilitate comparison of the actual OR against an empirical null as described below, a pseu

docount of 1 was added to the number of mCA-carrying cells in AD and control groups separately for these two cell types. To calculate the 

significance level of this calculated odds ratio, an empirical null was generated using permutation. In brief, for each cell type, diagnosis 

labels were permuted over the set of all cells from each donor, including both mCA-carrying and wild-type cells. If a donor had multiple 

called mCAs, diagnosis labels were permuted over each mCA individually. Specifically, for each called mCA in a given individual, cells 

were divided into wild-type or mCA-carrying for that specific mCA. Each of these partitions of wild-type versus mCA-carrying cells was 

then randomly assigned a diagnosis status. OR was calculated for each set of permutated data. Permutations were repeated 1000 times 

and the p-value of the actual OR was calculated as 1 – the percentile rank of actual OR against the empirical null distribution of permu

tation ORs. Ten trials of 1000 permutations were completed to ensure the robustness of p-values.

Creation of an integrated snRNAseq microglia-CAM atlas

All scType’d and pre-annotated microglia-CAMs from AD and healthy control samples, except the one associated with H20.33.008 

as described above, were individually processed with Seurat (v4.1.1). In brief, each sample underwent quality control, and only cells 

with 1) ≤ 5% mitochondrial gene expression and 2) > 250 expressed genes and < 7500 expressed genes were retained, where ex

pressed genes were defined as those expressed in ≥ 3 cells. Variance-stabilizing normalization and regression of the technical co

variates percent.mt, nFeature_RNA, and nCount_RNA were performed with Seurat function SCTransform, and clustering was done 

using the Louvain algorithm.

Individual samples were then merged into a single Seurat object, and dimensionality reduction was performed using PCA. This 

merged object was then integrated over constituent individual samples using Seurat’s wrapper function for Harmony (v0.1.1).80

UMAP visualization of the integrated object showed no visible clustering by sample ID or individual ID, consistent with successful 

integration (Figure S7).
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Differential expression analysis and functional annotation of integrated microglia-CAM snRNAseq atlas

Differential expression analysis was performed between microglia-CAMs with and without called mCAs from mCA-carrying AD in

dividuals using the FindMarkers function of Seurat (v4.1.1) with a min.pct cutoff of 0.10 and no fold-change cutoff. Genes with a Bon

ferroni-adjusted p-value < 0.05 were called as differentially-expressed genes (DEGs).

clusterProfiler (v4.4.4)81 was used to perform all enrichment analyses. GO enrichment analysis was performed using standard 

parameters and a universe of all genes expressed in >10% of microglia-CAMs in the integrated atlas. Terms were deemed significant 

if they had a Bonferroni-adjusted p-value < 0.05.

DEGs were also tested for enrichment of previously defined microglial state gene modules.41 A minority of genes (107/905; 11.9%) 

within these microglial state gene modules were shared between multiple modules. To ensure specificity of module enrichment, 

genes were weighted by the inverse of the number of modules in which they were present. Non-integer values were rounded and 

module enrichment was tested using a hypergeometric test.

Gene editing of human iPSCs

The previously described normal induced pluripotent stem cell (iPSC) line N-2.12-D-1-1 served as the parental line of all CRISPR/ 

Cas9-edited lines used in this study.69 The gene editing strategy used to generate iPSCs with ASXL1 C-terminus truncation was pre

viously described.70 CRISPR/Cas9-mediated homology-directed repair (HDR) was used to introduce the DNMT3A R882H variant 

using co-delivery of a mutant and a wild-type (WT) donor template, as previously described.70 Nucleofection of a plasmid expressing 

the gRNA and Cas9 with mCitrine and clone selection by Restriction Fragment Length Polymorphism (RFLP) were performed as pre

viously described.70 Briefly, the N-2.12-D-1-1 iPSC line was cultured in human pluripotent stem cell (hESC) media containing 10 mM 

Y-27632 for at least one hour before nucleofection. The cells were dissociated into single cells with accutase and 1 million cells were 

used for nucleofection with 5 μg of gRNA/Cas9 plasmid and 5 μg of each donor plasmid (WT and G12D) using Nucleofector II (Lonza). 

mCitrine+ cells were sorted by fluorescence-activated cell sorting (FACS) 48 hr after transfection and plated at clonal density. Single 

colonies were screened by PCR and RFLP with DdeI restriction enzyme. We used CRISPR/Cas9 to generate iPSC lines with a mono

allelic genomic deletion of ∼45 kb spanning exons 3-11 of the TET2 gene. Two different gRNAs targeting the TET2 locus—gRNA1 

targeting intron 2 and gRNA2 targeting intron 11—were designed and cloned downstream of the U6 promoter in the gRNA/Cas9 

plasmid. Nucleofection was performed as above with 5 μg of each gRNA/Cas9 plasmid. Single-cell clones were screened with 

PCR with primers F1: CGGACATTTAGGTTGATTCCA and R2: GCAGACTGCCATTCAGTTCTC amplifying the junction generated 

after deletion. Selected clones were further screened to identify clones with mono-allelic deletion with PCR with primers F2: 

CGGACATTTAGGTTGATTCCA; R2: CTTGGCTTACCCCGAAGTTA (amplifying the area around the cutting site of gRNA1) and F3: 

CATGAGATGGATGGCCACTT; R3: GCAGACTGCCATTCAGTTCTC (amplifying the area around the cutting site of gRNA2). Multiple 

independent clones with each variant were isolated and their genotype were verified by Sanger sequencing. All clones were 

confirmed to have a normal karyotype.

Human iPSC culture and iMGL differentiation

Culture of human iPSCs on mitotically inactivated mouse embryonic fibroblasts (MEFs) was performed as previously described.109

Hematopoietic differentiation was performed using a spin-EB protocol previously described.109 For differentiation into iMGLs, day 11 

HSPCs were transferred to DMEM/F12 1:1 medium with 4% B27, 0.5% N2, 1% nonessential amino acids (NEAA), 1 mM L-glutamine, 

Insulin-Transferrin-Selenium (ITS-G), 400uM monothioglycerol (1-Thioglycerol), and 5 μg/ml insulin, supplemented with 100 ng/ml 

interleukin (IL)-34, 50 ng/ml TGFβ, and 25 ng/ml macrophage colony-stimulating factor (M-CSF) for 40 days with media changes 

every two days and splitting/replating every week. After 40 days, 100 ng/ml CX3CL1 and 100 ng/ml CD200 were added to the media 

to induce further maturation of iMGLs for 3 days. Human iPSC experiments were supported by the Stem Cell Engineering Core (RRID: 

SCR_027503) at the Icahn School of Medicine at Mount Sinai.

Flow cytometry of iPSC-derived hematopoietic stem and progenitor cells and iMGLs

The following antibodies were used: CD34-PE (clone 563, BD Pharmingen), CD45-APC (clone HI30, BD Pharmingen), mCD45-PE- 

Cy7 (clone 30-F1, BD Pharmingen), CD68-PE-Cy7 (clone Y1/82A, BD Pharmingen), CD11b-BB515 (clone ICRF44, BD Horizon), 

CD14-APC (clone M5E2, BD Pharmingen). Cell viability was assessed with DAPI (Life Technologies). Cells were assayed on a BD 

Fortessa or BD Symphony A5 SE and data were analyzed with FlowJo software (Tree Star).

Immunofluorescence staining and imaging

iMGLs were cultured on round coverslips inside 24-well plates. On the day of maturation, cells were washed 3 times with 1X HEPES 

solution followed by fixation for 10 minutes at room temperature with 4% (wt/vol) paraformaldehyde (PFA). Following fixation, cul

tures were washed 3 times with DPBS. Cells were then permeabilized and blocked in 0.3% triton X-100 and 5% normal goat serum 

in DPBS. Incubation with primary antibodies anti-CX3CR1 (NC0789871, Fisher Scientific), anti-TREM2 (MAB17291, R&D), anti-IBA1 

(019-19741, Wako Pure Chemical Corporation), anti-P2PY12 (HPA014518, MilliporeSigma) was performed overnight at 4ºC, followed 

by incubation for 2 hours with secondary antibodies Alexa Fluor 488 Donkey Anti-Rabbit IgG (711-545-152, Jackson Immuno) and 

Goat anti-Rat IgG Secondary Antibody, Alexa Fluor 488 (A-11006, ThermoFisher) at room temperature. Imaging was done with a 

Zeiss LSM 780 microscope and quantification of immunofluorescence was performed with ImageJ.
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scRNAseq of iMGLs

Single-cell RNA-sequencing (scRNAseq) was performed on freshly dissociated iMGLs with the Chromium 10x Genomics 3’ gene 

expression (3’ GEX) V3 protocol, using an input of ∼10,000 cells. Briefly, Gel-Bead in Emulsions (GEMs) were generated on the sam

ple chip in the Chromium controller. Barcoded cDNA was extracted from the GEMs by Post-GEM RT-cleanup and amplified for 12 

cycles. Amplified cDNA was fragmented and subjected to end-repair, poly A-tailing, adapter ligation, and 10X-specific sample index

ing following the manufacturer’s protocol. Libraries were quantified using Bioanalyzer (Agilent) and QuBit (Thermofisher) analysis and 

were sequenced in paired-end mode on NovaSeq targeting a depth of 50,000-100,000 reads per cell. Sequencing data were aligned 

and quantified using Cell Ranger (v7.1) against the GRCh38 human reference genome.

Creation and analysis of integrated scRNAseq atlas of iMGLs

Analysis of scRNAseq data was performed using Seurat (v4.4.1). High-quality cells were retained based on meeting the following 

quality-control metrics: 1) percent mitochondrial gene expression < 20% and 2) 2000 < nFeature_RNA < 7000. Cells from all lines 

(3 mutant and 1 WT) were merged into a single Seurat object and underwent log-normalization and regression of the technical co

variates percent.mito, nCount_RNA, and nFeature_RNA. Integration across all four iMGL genotypes was performed using Harmony 

(v1.2.0). Unsupervised clusters were identified using the Louvain algorithm and previously defined microglial state markers41 were 

annotated based on canonical state marker genes.

For each mutant line, the enrichment of each microglial state was assessed by performing a hypergeometric test of the overlap 

between iMGLs from a given mutant line and iMGLs of a given microglial state, as compared to the overlap between WT iMGLs 

and iMGLs of a given microglial state. Differential expression analysis was performed using Seurat’s FindMarkers function (min.pct = 

0.10, no log-fold change cutoff) between each mutant iMGL line individually and all combined, versus the WT iMGL line. Gene set 

enrichment analysis was performed using clusterProfiler (v4.4.4) and the 50 Hallmark Molecular Signature Database pathways. Sig

nificance for all scRNAseq analysis was defined as Benjamini-Hochberg adjusted p-value < 0.05.

QUANTIFICATION AND STATISTICAL ANALYSIS

All of the quantitative and statistical methods, strategies, and analyses are described in the relevant sections of the method details or 

in the table and figure legends.
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Supplemental figures 

Figure S1. Benchmarking and validation results of sSNVs and sIndels identified from panel sequencing, related to Figure 2

(A and B) Comparable sequencing depth (A) and coverage (B) between AD and control PFC samples, calculated based on consensus reads after UMI-based read 

collapsing. 

(C and D), Detection sensitivity (C) and accuracy of allele fraction estimation (D) for our panel sequencing and somatic variant identification pipeline, benchmarked 

by an in vitro mixture of the DNA samples of two unrelated individuals with varied genome ratios. Error bar, SD. 

(E and F) Amplicon sequencing validation confirmed high accuracy for identified sSNVs and sIndels in AD and control samples (E). Somatic-I variants are those 

with VAFs at least 3× larger than the fractions of the other two error alleles of the same genomic position, whereas somatic-II are those that were further validated 

by comparing their VAFs in a negative control sample (F). Error bar, SE. 

(G) Variant allele fraction of validated somatic variants between panel sequencing (discovery) and amplicon sequencing (validation). Amplicon sequencing was 

performed using newly extracted DNA from the corresponding brain sample; therefore, the allele fractions may vary between the discovery and validation stages.
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Figure S2. Identification and functional annotation of sSNVs in panel sequencing data, related to Figure 2

(A) Variant type and tri-nucleotide context of sSNVs. 

(B) Genic annotation and functional impact prediction of sSNVs identified from AD and control PFC samples. 

(C) The proportion of somatic variant carriers increases with age. AD patients had a significantly larger proportion of carriers with somatic variants in AD-enriched 

genes than matched controls (p = 5.6 × 10− 5, linear regression). 

(D) Similar distributions between somatic variants identified in AD brains and previously reported CH-related variants in blood. 

(E) Genes in the PI3K-PKB/Akt pathway contained significantly more somatic variants in AD brains (12% of AD samples versus 7% of control samples; p < 0.05, 

one-tailed proportion test). 

(F) AD brains generally showed a trend toward carrying more somatic variants with higher VAF (e.g., VAF > 0.01) compared with controls, for each AD-enriched 

gene, as well as for genes in the PI3K-PKB/Akt pathway, despite inter- and intra-gene variability.
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Figure S3. Confirmation of the higher burden of somatic CHIP variants in AD brains, related to Figure 2

(A–C) Elevated burden of somatic CHIP variants in AD brains, shown as number of variants per bp (A), linear regression model (B), and proportion of variant 

carriers (C). CHIP variants were defined based on a curated list of CHIP variants previously identified from blood WGS datasets.25,37

(D–H) Robust results after age matching in the panel sequencing of ROSMAP samples. Age distribution of ROSMAP PFC samples before (D) and after (E) age 

matching. A subset of AD samples (121 out of 170) shows a similar age distribution to control samples (p = 0.35, two-tailed Wilcoxon test). Linear regression 

models with age-matched samples confirm a significant increase in AD after controlling for other potential confounding factors, whether considering all variants 

(F) or CHIP variants only (G). Higher VAFs were observed in AD compared with age-matched samples for somatic variants across all genes, tumor suppressor 

genes (TSGs), CH-related genes, and AD-enriched genes (H). 

(I and J) Comparable sequencing depth and coverage between AD and control samples across CH-related (I) or AD-enriched genes (J). Depth and coverage were 

calculated based on consensus reads after UMI-based read collapsing. 

(K) Logistic regression models for AD diagnosis as a binary outcome. The APOE genotype was modeled additively for the APOE4 allele. We confirmed a 

consistently significant positive association between somatic variant burden and AD risk, whether considering all variants or CHIP variants only, both before and 

after age matching. (B) and (K), PMI, post-mortem interval.
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Figure S4. Cell-type composition and variant allele fraction of FANS-sorted nuclei populations, related to Figure 3

(A) Selectively isolated microglia-enriched brain macrophages from frozen brain tissues using FANS with an antibody targeting epitopes of CSF1R. 

(B) Marker gene expression profile for 10× snRNAseq of CSF1R+ sorted nuclei. Each column represents a single nucleus, clustered by PCA based on its 

expression similarity. About 75%–77% of the sorted nuclei transcriptionally resemble microglia with high expression of CX3CR1, TMEM119, and P2RY12, 

whereas another 4%–9% are CNS-associated macrophages (CAMs). Markers for blood cell types (HBA1: red blood cell; CD3E: T cell; CCR7: B cell; FCN1: 

monocyte) confirm the minimal presence of blood cells in sorted nuclei. CNS, central nervous system. AD brain macrophages showed generally reduced 

expression of CX3CR1 and P2RY12, consistent with previous findings in AD.7

(C and D) VAFs across different sorted nuclei populations for all 18 profiled somatic variants in AD (C) and control (D) PFC samples. Four AD variants are shown in 

Figure 3D as examples. Except for the non-driver FGFR1 variant, we observed higher allele fractions in brain macrophages (CSF1R+) than in neurons (NeuN+) in 

16 of the 17 potentially driver variants. Each population of nuclei was typically sorted four times from each brain sample to serve as replicates. Error bar, SE. 

(E) The enrichment ratio of profiled driver variants between CSF1R+ and NeuN+ nuclei across multiple brain regions of AD individuals. 

(F) The correlation of VAFs between blood and three nuclei populations (NeuN+, NeuN-, and DAPI+) sorted from matched AD PFC samples.
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Figure S5. Multi-omic analysis of single-nucleus sequencing data from brain samples with somatic driver variants, related to Figure 4

(A) Quality-control metrics of transcription start site (TSS) enrichment and number of fragments per nucleus per unsupervised cluster. 

(B and C) Gene activity (B) and chromatin accessibility (C) of canonical microglia and neuron marker genes in designated MLBM and neuron clusters, respectively. 

(D) Cosine similarity of gene activity between known microglial state modules41 and unsupervised clusters. Clusters C1, C2, and C4 most closely resemble the 

proliferation state; C8 most closely resembles the DAM state; and C9 most closely resembles the interferon state. 

(E and F) Simultaneous transcriptomic (E) and genotyping (F) analysis of snRNAseq data from CSF1R+ sorted brain sample of an AD patient with a deleterious 

missense variant in TET2 (p.Pro1194Ser). Mutant alleles are observed in both microglia(-like cells) and CAMs, but not in other brain cell types. Peri, pericyte. Endo, 

endothelial cell.
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Figure S6. Identification and validation of mCA in the SEA-AD cohort, related to Figure 5

(A) Schematic representation of the supervised learning framework and quality-control metrics used to detect additional high-quality microglia-CAMs from 

SEA-AD. 

(B) scType’d, and pre-annotated microglia-CAMs show similar marker gene expression profiles, with specific expression of microglia and CAM marker genes. 

(legend continued on next page) 
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(C) Examples of mCA called in two AD individuals, H21.33.017 (chr13p13-31 deletion) and H21.33.010 (chr22 amplification). Normalized median ratio of 

expression in mCA-carrying cells versus non-carrying cells displayed per chromosomal region, with chromosome size proportional to the number of expressed 

genes in microglia-CAMs from that chromosome. 

(D) Validation of mCA by whole-genome sequencing (WGS) of sorted microglia-CAMs (CSF1R+) and neurons (NeuN+) from four individuals. Individuals with 

called mCA deletion events in CSF1R+ nuclei (red) exhibit reduced WGS depth within predicted chromosomal regions, in contrast to negative control individuals 

(blue). Dotted lines denote 0.99 and 1.01. Error bar, SE.
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Figure S7. Integrated snRNAseq atlas of microglia-CAMs in AD and healthy controls, related to Figure 5

UMAP visualization of covariates of interest does not reveal significant clustering by individual ID, nFeature, or nCount, consistent with successful integration 

across samples. Microglia(-like cells) and CAMs (with high MRC1 expression) separate into distinct clusters.
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Figure S8. Quality control and annotation of iMGLs, related to Figure 6

(A) Flow cytometry assessment of HSPCs derived from induced pluripotent stem cells (iPSCs). iPSC lines of the indicated genotypes on day 11 of differentiation. 

(B) Representative images of iMGLs derived from iPSC lines of the indicated genotypes immunolabeled for the indicated microglia markers on day 53 of dif

ferentiation. Scale bars, 50 μm. 

(C) Quantification of the immunofluorescence data from (B). 

(D) UMAP embedding of unsupervised clustering and nFeature for integrated scRNAseq atlas of iMGLs from the three mutant lines and the isogenic wild-type 

(WT) lines. 

(legend continued on next page) 
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(E) Microglial state marker gene scaled expression used for state annotation in Figure 6C. 

(F) Volcano plots of DEGs between iMGL from each mutant line and WT iMGLs. Genes that are upregulated in mutant iMGLs include many canonical DAM genes 

(highlighted in red), many of which are shared across mutant lines.
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Figure S9. Low-fraction CHIP variants contribute predominantly to AD risk but are missed in the WES of blood samples 

(A) Only somatic variants with high variant allele fractions (VAFs) in brain samples can be called by the pipeline of Bouzid et al.25 from the whole-exome 

sequencing (WES) of matched blood samples generated by ADSP. The ADSP WES data can only detect somatic variants with >5% VAF, due to its limited 

sequencing depth. 

(B and C) The OR of AD enrichment for sSNVs with different VAF cutoffs. When we consider all 149 genes targeted by the panel sequencing, we observe a 

consistent trend of AD enrichment even for sSNVs with 5% or more VAF (B). In comparison, when we only consider deleterious sSNVs in CH-related genes, the 

OR becomes smaller than 1 when VAF is larger than 4%, though with a very large confidence interval (C). The dashed line represents the OR of 1, and odds ratios 

larger and smaller than 1 denote the enrichment and depletion of sSNV in AD, respectively.
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