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Abstract 46 

The genetic underpinnings of neurodegenerative disease risk remain poorly 47 

characterized due to the lack of a unified framework for synthesizing causal evidence 48 

from diverse statistical and biological sources. Here, we present an integrative approach 49 

to analyze Alzheimer’s disease (AD), Parkinson’s disease (PD), and amyotrophic lateral 50 

sclerosis (ALS) risk that unifies evidence from Mendelian randomization, colocalization, 51 

cell type-specific genomic and epigenomic profiling, human induced pluripotent stem 52 

cell (iPSC) and mouse model-based functional validation. We identified 173 high 53 

confidence risk genes: 105 for AD, 50 for PD, and 27 for ALS. Single-nucleus multi-54 

omics revealed distinct cell type-specific regulatory architectures, with AD risk genes 55 

enriched in microglia and PD and ALS risk genes predominantly associated with 56 

neurons and oligodendrocytes. Functional mechanisms were elucidated for specific 57 

variants, including a non-coding variant (rs1171832) that regulates expression of the 58 

DNA repair and cell cycle CCDC6 gene by modulating chromatin accessibility in 59 

microglia and we further validate it in human iPSC derived microglia by CRISPRi 60 

experiments. A nonsynonymous mutation (p.P290A) in the mitochondrial metabolism 61 

gene MTCH2 (rs1064608) that increases its neuronal expression and elevates AD risk. 62 

We found that AAV-mediated delivery of mutated MTCH2 gene ameliorated cognitive 63 

deficits in a mouse model, indicating a protective role. This work establishes a functional 64 

genomic framework that bridges genetic association with molecular mechanism and 65 

target validation, uncovering cell type-specific genetic drivers of neurodegenerative 66 

diseases. 67 
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Introduction 68 

Genetic epidemiology has identified thousands of genetic variants associated with the 69 

risk and severity of neurodegenerative disease1-3. However, whether these associations 70 

reflect causal effects of the encoded gene products remains largely unresolved4,5. A 71 

primary challenge is the difficulty of evaluating variant effects in a cell type-specific 72 

manner3,6-8. For example, conventional bulk tissue analyses average signals across all 73 

cell types, which can mask critical cell type-specific pathogenic mechanisms9. 74 

        Neurodegenerative diseases, including Alzheimer's disease (AD), Parkinson's 75 

disease (PD), and amyotrophic lateral sclerosis (ALS), arise in a highly heterogeneous 76 

cellular environment1,10-13, where distinct brain cell types contribute uniquely to disease 77 

processes. Recent cell type-specific expression quantitative trait loci (eQTL) studies 78 

have found that risk variants are enriched in specific cell types across these 79 

diseases1,7,14. For instance, astrocytic genetic risk in AD is primarily implicated in 80 

amyloid-β pathology, while microglial risk is associated with both amyloid-β and tau 81 

pathology14. Statistical fine-mapping methods, including colocalization, transcriptome 82 

wide association studies (TWAS), and Mendelian randomization (MR), have been 83 

applied to these datasets15,16. Nonetheless, these approaches rely on statistical model 84 

assumptions that are often unverifiable17. Consequently, they provide only putative 85 

causal evidence, which requires subsequent functional validation7,18. 86 

        To address these limitations, we developed an integrative analytical framework 87 

that aggregates evidence from MR, colocalization, statistical fine-mapping, and 88 

functional validation (both human iPSC and mouse models) to comprehensively assess 89 

the causal role of gene products in disease risk. To enhance sensitivity and address the 90 
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challenge of heterogeneous GWAS datasets, we developed a consensus 91 

neurodegenerative MR score (ND-MR score) that integrates evidence across multiple 92 

methods and datasets. We further leveraged matched single nucleus assay of 93 

transposase accessible chromatin (ATAC)-seq and single-nucleus RNA-seq data to 94 

mechanistically validate single nucleotide polymorphism (SNP)-gene regulatory 95 

relationships in a cell type-specific manner. Lastly, we used in vivo models, including 96 

human induced pluripotent stem cell (iPSC)-derived microglia and mouse models, for 97 

functional and behavioral validation. Our work establishes a unified framework that 98 

bridges genetic association with mechanistic insight and therapeutic gene target 99 

validation, enabling identification of cell type-specific genetic drivers of 100 

neurodegenerative disease. 101 

 102 

Results 103 

Brain cell type-specific gene effect for AD, PD and ALS 104 

We performed comprehensive genome wide MR analysis to systematically identify cell 105 

type-specific genes and therapeutic targets for AD, PD, and ALS. Our MR approach 106 

utilized human brain cortex cell type-specific eQTLs as instrumental variables to 107 

evaluate the causal effects of 20,320 human genes in these 3 diseases (Fig. 1a and 108 

Supplementary Fig. 1). GWAS datasets exhibit significant heterogeneity, particularly 109 

due to the inclusion of proxy AD cases from the UK Biobank in recent AD GWAS 110 

studies19-23. To address this challenge, we developed a consensus ND-MR score (see 111 

Method) that integrates and normalizes evidence across multiple GWAS and eQTL data 112 

sources, enabling us to screen therapeutic targets with higher sensitivity in causal 113 
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relationships. Our ND-MR scores are linear combinations of Z-statistics from MR and 114 

can be used to assess MR evidence for each gene and create a ranked list of genes by 115 

the strength of this evidence. MR was performed on different pairs of cell type-specific 116 

eQTL and disease GWAS cohorts, and Z-statistics from MR are equal to the causal 117 

effect estimates divided by their standard errors. For each gene, ND-MR scores are 118 

statistically independent since the AD GWAS sample sizes are large, even after 119 

considering that many AD GWAS cohorts largely overlap as provide in our previous 120 

work24. 121 

        Our analysis identified 173 genes with significant, likely causal effects (p < 1×10-6), 122 

including 105 genes for AD, 50 genes for PD, and 27 genes for ALS (Supplementary 123 

Table 1). Cell type-specific analysis revealed distinct patterns of genetic effects across 124 

human brain cell populations in each disease. For AD, 86 genes (BIN1, ACE, GRN, 125 

EPHX2 and MTCH2) showed MR effects in brain cell types in total, with 67 genes (78%, 126 

ACE for excitatory neurons, CD2AP and MS4A6A for microglia) showing specificity to a 127 

single cell type. The most significant MR-associated genes were enriched in microglia 128 

and excitatory neurons (Fig. 1b and Supplementary Table 2). For PD, 37 genes 129 

(GPNMB, CD38 and LRRK2) showed cell type-specific MR effects, with 23 genes (62%)  130 

restricted to single cell type (Fig. 1b and Supplementary Table 3). For ALS, 19 genes 131 

(C9of72, SCFD1 and MOBP) demonstrated cell type-specific effects, with 14 genes 132 

(74%) showing single cell type specificity (Fig. 1b and Supplementary Table 4). In 133 

both PD and ALS, excitatory neurons exhibited the most significant MR associations.  134 

Beyond single cell type-specific effects, we observed that several genes 135 

influenced multiple cell types. For example, USP6NL showed significant ND-MR scores 136 
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across microglia, oligodendrocytes, and inhibitory neurons in AD, while GPNMB showed 137 

significant ND-MR scores in both microglia and oligodendrocyte precursor cells (OPCs) 138 

in PD. Recent studies have demonstrated that GPNMB secretion is a key process in 139 

response to lysosomal stress25. GPNMB also physically interacts with alpha-synuclein 140 

(aSyn), the main pathological protein in PD, and promotes the internalization of fibrillar 141 

aSyn into neurons26. In ALS, C9orf72 exhibited effects across all cell types except OPC, 142 

highlighting its broad cellular impact in disease pathogenesis. These findings illustrate 143 

our consensus MR approach for identifying cell type-specific gene signatures and reveal 144 

the multi-cellular complexity of neurodegeneration in AD, PD and ALS. 145 

 146 

Prioritization of cell type-specific neurodegeneration-associated risk genes  147 

Next, we performed colocalization analysis (PP.H4 > 0.5) and fine-mapping (FOCUS, 148 

PIP > 0.5) for AD, PD, and ALS to validate the ND-MR score-prioritized genes 149 

(Supplementary Tables 5-7). We identified 45 significant genes with ND-MR scores 150 

supported by either colocalization or fine-mapping evidence for AD (Fig. 2 and 151 

Supplementary Figs. 2 and 4). Among these, nine genes showed robust significance 152 

validated by all three methods (MR, colocalization, and FOCUS), including USP6NL, 153 

ACE, EGFR, INPP5D, CASS4, CCDC6, ADAM10, NDUFS2, and PRSS36. Notably, 154 

four genes (USP6NL, INPP5D, CASS4, and CCDC6) illustrated microglia-specific 155 

effects for AD in colocalization analysis (Supplementary Fig. 2). Some of these genes 156 

were validated through FOCUS and MR analysis, including EPHX2, GRN, TSPAN14, 157 

and TOMM40 (Fig. 2 and Supplementary Fig. 4). TSPAN14 has also been 158 
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demonstrated in human WTC11-derived microglia to affect physiological functions in 159 

AD7. 160 

        PD risk genes displayed distinct validation patterns, with 23 genes confirmed 161 

through MR with colocalization or FOCUS analysis. Five genes (FAM47E, SH3GL2, 162 

CD38, GPNMB, and HIP1R) were verified by all three methods (Fig. 2 and 163 

Supplementary Figs. 3 and 4). We observed that genes validated by colocalization 164 

were more enriched in microglia, including LRRK2, TMEM163, GPNMB, and KANSL1, 165 

while genes such as SNCA and NUP42 were verified only by FOCUS and MR 166 

(Supplementary Fig. 4). KANSL1 showed significant negative association in both AD 167 

and PD at the MAPT locus (encoding tau protein), suggesting shared disease 168 

mechanisms related to tau pathology27,28. ALS risk genes showed significant 169 

associations primarily in excitatory and inhibitory neurons, exemplified by C9orf72, 170 

SCFD1, and SLC9A8 (Fig. 2). The ALS risk gene MOBP was validated by both 171 

colocalization and FOCUS in oligodendrocytes, consistent with experimental evidence 172 

of its function in stabilizing the myelin sheath in the central nervous system (CNS)29. 173 

These cell type-specific cross-verification analyses demonstrate that our ND-MR 174 

approach identifies disease relevant genes with distinct cellular patterns across AD, PD 175 

and ALS.  176 

 177 

Brain cell type-specific risk loci in neurodegeneration 178 

While MR and colocalization analyses can identify putative causal genes and genomic 179 

loci, they cannot pinpoint causal SNPs or elucidate regulatory mechanisms at the single 180 

genetic variant level. To address this limitation, we utilized matched single-nucleus 181 
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ATAC-seq (snATAC-seq) and single-nucleus RNA-seq (snRNA-seq) data from the 182 

ROSMAP cohort30 to further evaluate the putative causal SNP-gene associations 183 

identified through ND-MR score analysis (Supplementary Table S8-9). For AD, 155 184 

SNP-gene pairs were prioritized by ND-MR score. Among these, 29 pairs were in open 185 

chromatin regions as evidenced by snATAC-seq, and 14 showed significant peak-to-186 

gene associations (Fig. 3a). We also identified 159 SNP-gene pairs verified through 187 

colocalization analysis, among which 19 pairs were regulated by open chromatin 188 

regions and 16 pairs were validated by peak-to-gene association analysis. We found 11 189 

SNP-gene pairs prioritized by both MR and colocalization analysis and verified by 190 

snATAC-seq and peak-to-gene analysis, such as rs1171832 of CCDC6, rs117618017 191 

of APH1B, rs113706587 of RASGEF1C, and rs6733839 of BIN1 (Fig. 3a). 192 

        We extended our single-cell multi-omics approach to examine putative causal 193 

SNPs for PD and ALS. For PD, ND-MR score analysis identified 66 SNP-gene pairs as 194 

high-priority candidates (Supplementary Tables 8 and 9). Within this set, 11 pairs were 195 

in open chromatin regions detected by snATAC-seq, while 5 pairs exhibited significant 196 

peak-to-gene regulatory relationships using matched snATAC-seq and snRNAs-eq 197 

data30 (Fig. 3a). Colocalization analysis provided additional support for 62 SNP-gene 198 

pairs, nine of which displayed evidence of open chromatin-mediated regulation and 13 199 

of which received confirmation through peak-to-gene association analysis. Four SNP-200 

gene pairs were consistently prioritized by both MR and colocalization methods and 201 

validated through chromatin accessibility analysis, including rs10847864 of HIP1R, 202 

rs858239 of GPNMB, and rs10935841 of P2RY12. For ALS, we identified 6 SNP-gene 203 

pairs that were prioritized by ND-MR score and supported by snATAC-seq and snRNA-204 
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seq evidence. These pairs showed regulation within open chromatin regions and 205 

significant associations with gene expression, including rs13079368 of MOBP, 206 

rs10812619 of C9orf72, rs6020069 of SLC9A8, and rs229141 of SCFD1. 207 

        Next, we visualized the cell type-specific features of validated SNP-gene pairs to 208 

illustrate the complex regulatory architecture underlying AD, PD, and ALS (Fig. 3b). 209 

Network analysis revealed the ability of individual SNPs to influence gene expression 210 

across multiple brain cell types, showing either broad regulatory impact or cell type-211 

specific effects. For example, SNP rs1532278 cis-regulated CLU expression in multiple 212 

cell types, including inhibitory neurons, endothelial cells, OPC, oligodendrocytes, and 213 

astrocytes, and this cis-regulation was validated in iPSC derived astrocytes2. We also 214 

identified microglia specific SNP-gene pairs, such as rs17783630 of RIN3, and 215 

rs113706587 of RASGEF1C (Fig. 3b and Fig. 4a). These findings emphasize the 216 

central role of microglial dysfunction in AD. 217 

        For PD, network analysis revealed distinct cell type specific patterns, with 218 

rs858239 of GPNMB specifically affecting glial cell types, including microglia, OPC, and 219 

astrocytes (Fig. 3b and Fig. 4a). Similarly, CD38 showed regulatory effects primarily in 220 

microglia and excitatory neurons, highlighting the important role of neuroinflammatory 221 

pathways in PD pathogenesis. The SNP rs10847864 of HIP1R showed predominant 222 

effects in astrocytes, oligodendrocytes and OPC (Supplementary Fig. 5a), while 223 

rs10935841 of P2RY12 revealed microglia and astrocyte regulation (Fig. 4a). For ALS, 224 

we observed distinct cell type-specific regulatory patterns, with rs6020069 of SLC9A8 225 

showing oligodendrocyte specific effects and rs13079368 of MOBP demonstrating 226 

excitatory neuron regulation (Fig. 3b and Supplementary Fig. 6a). SCFD1 also 227 
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exhibited excitatory neuron specific effects, while rs10812619 of C9orf72 displayed 228 

regulation in both microglia and excitatory neurons (Supplementary Fig. 6b), 229 

consistent with the multi-cellular pathology of ALS. Collectively, these cell type specific 230 

validation analyses demonstrate that different neurodegenerative diseases exhibit 231 

distinct cellular regulatory architectures. AD shows prominent microglial involvement, 232 

while PD and ALS are characterized predominantly by neuronal and oligodendrocyte 233 

effects. 234 

 235 

Discovery of microglia specific cis-regulatory variant of CCDC6 in AD by CRISPRi 236 

To further evaluate cell type-specific regulatory effects in disease pathologies, we 237 

performed correlation analysis between gene expression and amyloid and tau densities 238 

across different brain cell types (Fig. 4b). We found distinct correlation patterns for 239 

amyloid-related genes and tau tangle-related genes across astrocytes, excitatory 240 

neurons, inhibitory neurons, microglia, oligodendrocytes, and OPCs. The genes 241 

APH1B, RIN3, and CCDC6 showed significant positive correlations with both amyloid 242 

and tau tangle densities specifically in microglia. In contrast, BIN1, CLU, RHOH, and 243 

POLR2E genes showed significant positive correlations only with amyloid density in 244 

microglia, oligodendrocytes, and OPCs. These findings provide further supporting 245 

evidence that AD pathology relevant risk genes exhibit distinct cell type-specific 246 

regulatory mechanisms (Fig. 4). 247 

        Next, we performed CRISPRi experiments using human iPSC-derived microglia 248 

(cf. Methods) to validate the cis-regulatory relationship between rs1171832 and CCDC6 249 

expression (Fig. 4c). We designed two independent gRNAs targeting the genomic 250 
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region containing rs1171832 and measured the changes of CCDC6 expression 251 

compared to internal controls. The CRISPRi results demonstrated a significant 252 

reduction in CCDC6 expression (p = 1×10-4) in microglia when the rs1171832 region 253 

was blocked, confirming the causal regulatory relationship identified by our ND-MR and 254 

snATAC-seq approach. 255 

 256 

Experimental validation of nonsynonymous p.P290A mitochondrial carrier 257 

homolog 2 (MTCH2) mutation in AD 258 

Cell type-specific eQTL analysis (cf. Methods) found that the nonsynonymous mutation 259 

rs1064608 p.P290A (G/C) was significantly associated with elevated mitochondrial 260 

carrier homolog 2 (MTCH2) gene expression in excitatory and inhibitory neurons 261 

(Supplementary Fig. 7a). rs1064608 has another rare p.P290T mutation in general 262 

population. Consistently, snRNA-seq analysis revealed that excitatory neurons 263 

expressed higher levels of MTCH2 compared to other cell types in the human brain 264 

(Supplementary Fig. 7b), especially in the frontal lobe, cerebellum, and temporal lobe 265 

(Supplementary Fig. 7c). Our MR analysis further revealed that the p.P290A variant in 266 

MTCH2 showed significant association with increased AD risk in both excitatory 267 

neurons (FDR = 4.43 × 10-8) and inhibitory neurons (p = 3.28 ×10-8, Fig. 5a). 268 

Colocalization analysis of the MTCH2 locus revealed that the lead noncoding SNP 269 

rs3740688 showed strong colocalization eQTL signals (PP.H4 = 0.83, Fig. 5b) in 270 

excitatory neuron. These findings indicate that elevated MTCH2p.P290A expression in 271 

excitatory neurons increases the likelihood of AD, while higher expression of wildtype 272 

MTCH2 may mediate a potential compensatory mechanism.  273 
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        To examine potential alterations of MTCH2 protein levels in AD, we conducted 274 

immunoblot analysis of human cortical brain samples from AD patients (n = 10) and 275 

matched controls (n = 10), Fig. 5c-e). The immunoblot experiment showed significantly 276 

reduced soluble MTCH2 protein levels (p = 0.008, Fig. 5c,5e) but significantly increased 277 

insoluble MTCH2 protein in AD samples relative to controls (p = 0.012, Fig. 5d,5e). Our 278 

immunofluorescence staining results showed that the p.P290A and p.P290T MTCH2 279 

mutants formed aggregates and disrupted MTCH2-wildtype colocalization with 280 

mitochondria (Fig. 5g). We further assessed the solubility of wildtype and mutant 281 

MTCH2 using HEK293T cells and found that MTCH2 wildtype was predominantly 282 

identified in the soluble fraction, whereas significantly elevated protein level of p.P290A 283 

or p.P290T MTCH2 mutants were detected in the insoluble fraction (p = 0.002, Fig. 5h-284 

i). Thep. P290A and p.P290T mutations impair MTCH2 protein solubility and disrupt its 285 

normal mitochondrial localization, suggesting that these genetic variants contribute to 286 

AD pathogenesis through mitochondrial dysfunction (Supplementary Fig. 8a).  287 

 288 

MTCH2 associates with elevated tau pathology and impacts cognitive behavior in 289 

a mouse model 290 

We evaluated the impact of MTCH2 variants on AD pathology using Tau--florescence 291 

resonance energy transfer (FRET) biosensor cells using an over expression vector 292 

system and found that MTCH2 p.P290A or p.P290T mutants significantly enhanced the 293 

tau seeding (p.P290A p = 3.35 × 10-9; p.P290T p = 5.90 × 10-12, Fig. 6a, b) compared to 294 

MTCH2-WT group. Both p.P290A and p.P290T MTCH2 mutants showed consistent 295 

effects in tau seeding experiments, but p.P290T exhibited more severe abnormal 296 
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phenotypes. Based on these observations, we selected MTCH2-WT and MTCH2-297 

p.P290T for subsequent in vivo studies. 298 

We designed an adeno-associated virus 9 (AAV9) delivery system to 299 

overexpress MTCH2-WT and MTCH2-p.P290T in C57BL/6J mouse brain hippocampus 300 

through stereotaxic injection (n = 6, female vs. male = 1:1). Immunohistochemistry for 301 

HA-tag detection confirmed successful viral transduction and protein expression across 302 

the hippocampus (Fig. 6c). Specifically, astrocyte (glial fibrillary acidic protein (GFAP) 303 

marker) and microglial (Iba1 marker) cell densities were significantly increased in 304 

MTCH2-p.P290T mutant groups compared to wildtype (Fig. 6d, e and Supplementary 305 

Fig. 8b), suggesting enhanced neuroinflammatory responses induced by mutant 306 

MTCH2. 307 

        We performed behavioral assessments to evaluate potential phenotypic and 308 

cognitive abnormalities between the MTCH2-WT and MTCH2-p.P290T injection groups. 309 

In the novel object recognition (NOR) task, mice were trained with two similar objects, 310 

with one object substituted for a novel object with differing in size, color, and texture in 311 

subsequent day. MTCH2-p.P290T mice exhibited reduced total exploration of both new 312 

(p = 0.054) and old objects (p = 0.002, Fig. 6f), demonstrating impaired exploratory 313 

behavior. The open field test was performed to evaluate locomotor activity, exploratory 314 

behavior, and anxiety-like responses in a novel, open environment (Fig. 6g). Mice were 315 

monitored based on the duration they occupied in the inner, middle, and outer zones of 316 

the area. Mice injected with AAV-MTCH2-pP290T exhibited significantly reduced time in 317 

the inner and middle zones and increased time in the outer zone relative to those 318 
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injected with MTCH2-WT (p = 7.60 × 10-4, Fig. 6g), indicating heightened anxiety-like 319 

behaviors by MTCH2-p.P290T.  320 

        These comprehensive functional experiments support that our integrated MR 321 

platform can translate genetic associations into validated disease risk targets. MTCH2-322 

p.P290T and p.P290A mutations exert deleterious effects on brain function through 323 

multiple pathological mechanisms. The mutations enhance tau seeding and aggregation 324 

in cellular models, elicited neuroinflammatory responses in vivo using an AAV 325 

overexpression mouse model system, and induce behavioral deficits including anxiety-326 

like responses. 327 

 328 

Discussion 329 

We identified 173 cell type specific, candidate risk genes across AD, PD, and ALS using 330 

integrated MR with single-nucleus multi-omics (including RNA-seq and ATAC-seq) 331 

validation. The matched snATAC-seq and snRNA-seq results revealed distinct cellular 332 

regulatory architectures for each disease. For example, AD showed prominent glial 333 

involvement (Fig. 2 and Fig. 3b), particularly in microglia, consistent with the 334 

importance of neuroinflammatory mechanisms in AD pathophysiology.31 PD and ALS, 335 

on the other hand, displayed focused effects in excitatory neurons and oligodendrocytes 336 

(Fig. 2 and Fig. 3b). 337 

        Cell type-specific correlations between gene expression and AD pathology 338 

(amyloid beta and tau densities) further support the disease relevance of our 339 

computationally prioritized genes (Fig. 4b). For example, APH1B, RIN3, and CCDC6 340 

correlated with amyloid and tau pathologies in microglia. CCDC6 encodes a coiled-coil 341 
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domain containing protein involved in DNA repair and cell cycle regulation,32 and 342 

accumulated DNA damage increases cytosolic DNA fragments, potentially linking it to 343 

microglial inflammation33. Our CRISPRi experiment supported a cis-regulatory 344 

relationship between the AD risk SNP rs1171832 and CCDC6 in iPSC-derived 345 

microglia, reinforcing the involvement of CCDC6 in microglial responses. RIN3, a Ras 346 

and Rab interactor that regulates endosomal trafficking and vesicle transport,34,35 shows 347 

associations with both amyloid and tau pathologies, consistent with a role in microglial 348 

clearance mechanisms.  349 

        MTCH2 exemplifies the ability of our MR score framework to identify genes with 350 

potential causal roles. MTCH2 showed strong causal evidence in MR, neuronal-specific 351 

expression in snRNA-seq data, and functional consequences when mutated (Fig. 5). 352 

We observed that the MTCH2-p.P290A variant shifts from a soluble to insoluble form, 353 

which impairs mitochondrial function and enhances tau seeding. As a key mitochondrial 354 

membrane protein that regulates mitochondrial fusion,36 lipid metabolism,37 and cellular 355 

apoptosis, these findings provide independent validation of the MR result and supports 356 

the role for MTCH2 contributes to neuronal mitochondrial dysfunction in 357 

neurodegenerative disease.  358 

        We acknowledge several potential limitations. Our snRNA-seq and snATAC-seq 359 

validation captures a static view of regulatory relationships that likely change across 360 

disease stages, environments, and genetic backgrounds. This temporal and contextual 361 

variability may explain why some well-established genes prioritized by colocalization 362 

and MR lack strong snATA-Cseq signals. Experimental validation was also constrained 363 

to specific cell types and conditions which may not fully recapitulate the complex in vivo 364 
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environment. AAV mediated delivery and overexpression does not confirm naturally 365 

occurring, endogenous expression changes. Future work should incorporate 366 

longitudinal single cell/nuclear datasets to track regulatory dynamics during disease 367 

progression and expand functional assays to multiple cell types, co-culture systems, 368 

and disease relevant stimuli (i.e. inflammatory challenges, protein aggregates). 369 

Integrating spatial transcriptomics and proteomics will help resolve how genetic variants 370 

alter cellular function within complex tissue microenvironments. 371 

 372 

Methods 373 

Collection of GWAS Data from Diverse Populations 374 

For all colocalization and MR analyses we used publicly available GWAS summary 375 

statistics for each of PD, AD, and ALS. For PD, we used GWAS data from Kim38 et al. 376 

(2023), which included 49,049 cases, 18,618 proxy cases and 2,458,063 controls of 377 

mixed ancestry (i.e., 62% European, 23% Latin American, 8% African, 7% East Asian). 378 

For ALS, we used GWAS data from Van Rheenen et al39. (2021), which included 27,205 379 

European cases and 110,881 controls. For AD, we used seven GWAS data sources: (1) 380 

Bellenguez et al19. (2022, 86K AD and proxy cases, 401K controls), Wightman et al.23 381 

(2021, 40K cases and 358K controls without UK-biobank and 23 and me data), Jansen 382 

et al21. (2019, 72K AD and proxy cases and 383K controls), Kunkle et al20. (2019, 30K 383 

cases and 52K controls), Schwartzentruber et al22. (2021, 75K AD and proxy cases and 384 

397K controls), Schwartzentruber et al. (2021, 53K proxy cases and 356K controls). A 385 

visual description of the multiple AD cohorts and their degree of overlap is presented in 386 

Supplementary Figure S1. 387 
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 388 

Multi-source quantitative trait loci (QTL) data 389 

We collected multi-source quantitative trait loci (QTL) data, including protein QTL 390 

(pQTL) and brain region and cell type specific expression QTL (eQTL) data in this 391 

study. pQTL data were from Religious Orders Study/Memory (ROSMAP) cohort and 392 

Banner Health brain project40. Bulk eQTL data from cortex tissue were from three 393 

cohorts, including ROSMAP (cortex tissue), Mayo Clinic (cortex and cerebral tissues)41, 394 

and MetaBrain42 (cortex, cerebral, basal ganglia, hippocampus, and spinal cord 395 

tissues). All data sets are publicly available from the AD Knowledge Portal (synapse ID: 396 

syn10715233) and MetaBrain. We analyzed 19 cell type specific eQTL datasets from 397 

brain tissue. Seven datasets came from DLPFC tissue1 and eight datasets43 came from 398 

prefrontal cortex, temporal cortex, and deep white matter. These datasets covered eight 399 

different cell types, including astrocytes, endothelial cells, excitatory neurons, inhibitory 400 

neurons, microglia, oligodendrocytes, OPCs, and pericytes. Another five microglia 401 

specific eQTL datasets from fresh brain samples across four brain subventricular zone, 402 

medial frontal gyrus, superior temporal gyrus thalamus44 and dorsolateral prefrontal 403 

cortex6 were also included. 404 

 405 

Mendelian Randomization score  406 

We performed univariable MR genome-wide and treated a gene product as the MR 407 

exposure and one of three neurodegenerative diseases (ALS, AD, PD) as the outcome. 408 

To satisfy the key MR assumptions of instrument strength and no horizontal 409 

pleiotropy45,46, we selected instrumental variables (IVs) that: (i) had an FDR q-value less 410 
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than 0.05 in their original GWAS, (ii) had a SNP-specific F-statistic greater than 10, (iii) 411 

were not in absolute linkage disequilibrium greater than 0.1 with any other IVs within a 412 

500kb window, and (iv) were not associated with the products of more than two other 413 

genes. Since not all MR estimators of interest could be applied when the number of IVs 414 

was small, we implemented the following scheme based on IV availability47: (i) #IVs=1: 415 

Wald ratio, (ii) #IVs=2: fixed-effect IVW, (iii) #IVs>2: random-effect IVW, MR-416 

PRESSO48, MR-MaxLik, Weighted Median. When possible, we also calculated the 417 

Cochran’s Q-statistic and heterogeneity statistic I2. All MR analyses were conducted 418 

using the TwoSampleMR package in R (https://mrcieu.github.io/TwoSampleMR/) and R 419 

v4.1.1. Gene products for which no IVs could be identified were skipped. 420 

        We develop a score to quantify the magnitude of causal evidence from MR which 421 

supports a nonzero causal effect when multiple, potentially non-independent, causal 422 

effect estimates are made. Such a score is intended to be largest for genes with the 423 

strongest causal effects and for which we have the highest degree of confidence that 424 

they are so. We additionally want the score to capture evidence aggregated across 425 

different biologically related gene phenotypes (e.g., gene expression across different 426 

cell types and brain protein abundance). 427 S(݃) = 1ே೒ ∑௝∑௞ܼ௝௞௚      (Equation 1) 428 

The S(݃) is ND-MR score for gene g, which the normalized of Z-statistics across all k 429 

xQTL cohorts and j GWAS cohorts (Equation 1), where ௝ܼ௞௚represents the Z-statistic 430 

testing the causal null hypothesis for gene g in the kth xQTL cohort and jth GWAS 431 

cohort (Equation 2). Z-score is the causal effect (ߠ௝௞௚, IVW estimator in Equation 3) 432 

divided by its standard error (ݏ) 433 
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௝ܼ௞௚ = ఏೕೖ೒௦ೕೖ೒        (Equation 2) 434 

௝௞௚ߠ = ௝௞௚Τߚ  ௝௞௚ℎ௝௞௚−1ߙ        (Equation 3) 435 

        We first sum the Z-statistics used to test the causal null hypothesis in each gene 436 

product-disease cohort pair and is referred to as ‘sumZscore’. Then, the score was the 437 

average of the sumZscore values across all tested gene product-AD cohort pairs and is 438 

referred to as ‘normalized-Zscore’ (S(݃)). The rationale for using both scores is that 439 

genes with a large sumZscore value have broad causal effects on risk across multiple 440 

tissues and/or gene products, whereas genes with large normalized-Zscore values have 441 

evidence of causality for only a relatively small number of gene products. An illustration 442 

of how these two scores complement each other is presented in our previous study.  443 

 444 

Colocalization and fine mapping 445 

We performed colocalization analyses of xQTLs and fine mapping of their 446 

corresponding genes to provide additional evaluations of causality for each gene 447 

product. We performed colocalization as an additional evaluation of causality for each 448 

gene locus, and fine mapping as additional evidence of causality for a gene product. 449 

MR is theoretically a stricter form of colocalization in which nonzero genetic correlation 450 

is also required for causal inference, making colocalization and MR not completely 451 

independent evaluations. However, these two approaches apply different methods to 452 

test the causal null hypothesis and so their causal evidence is complementary. 453 

Colocalization was performed using the coloc49 package in R and fine mapping was 454 

performed using the FOCUS17 method. 455 

 456 
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Mapping GWAS loci to open chromatin regions 457 

To identify regulatory elements underlying genetic associations, we mapped cell type 458 

specific MR instrumental variables and fine-mapping SNPs from colonization to cell type 459 

specific chromatin accessibility regions from processed ROSMAP multiomics data30, 460 

including 850K RNA and ATAC cells in 92 AD case control individuals (AD Knowledge 461 

Portal ID: syn2580853). For each disease (AD, PD, ALS), we extracted all MR IVs that 462 

passed quality control filters (p < 1×10-6). SNP positions in GRCh38 were then 463 

overlapped with cell type specific chromatin accessibility peaks, defining an overlap 464 

when the SNP position fell within the peak boundaries. Besides the open chromatin 465 

peak, we also validate our significant SNP in significant peak to gene dataset (FDR < 466 

0.05) to ensure that the identified regulatory elements were functionally relevant to the 467 

gene products tested in our MR analysis. All data processing and overlap analyses 468 

were performed in R 4.1.1 platform. 469 

 470 

Functional validation using CRISPRi in iPSC-derived microglia.  471 

To achieve stable and uniform expression of transgenes during microglial maturation, a 472 

dCas9-KRAB construct under the control of the CAG promoter was inserted into the 473 

intronic region of the CLYBL safe harbor locus in wild-type WTC11 iPSCs (PMID: 474 

37735198). WTC11-derived microglia were differentiated through staged exposure to 475 

mesoderm- and hematopoietic-inducing cytokines in defined serum-free media as 476 

previously reported (PMID: 28528700). Briefly, iPSCs were first treated with BMP4 477 

(PeproTech 120-05) for 4 days. The cells were then exposed to FGF2, SCF, and VEGF 478 

(PeproTech 100-18, 300-07, 100-20) in StemPro-34 medium for 2 days, followed by 479 
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sequential cytokine cocktails containing IL-3, SCF, M-CSF, TPO, and FLT3 (PeproTech 480 

200-03, 300-25, 300-18, 300-19) to promote hematopoietic progenitor specification. 481 

From day 15 onward, cultures were maintained with M-CSF, FLT3, and GM-CSF 482 

(PeproTech 300-03), and by days 25-35 the floating cells were matured in RPMI 483 

(Thermo Fisher 12633012) with IL-34 (PeproTech 200-34) and GM-CSF to generate 484 

microglia-like cells. Single guide RNAs (sgRNAs) directed against prioritized SNP or risk 485 

gene promoters were designed using CHOP-CHOP (PMID: 31106371). Potential off-486 

target binding sites with one (MM1), two (MM2), or three (MM3) base mismatches were 487 

evaluated, and two distinct sgRNAs with zero MM1/MM2 events and fewer than five 488 

MM3 hits were selected to ensure specificity for each genomic region (Supplemental 489 

Table x). For cloning, sgRNA oligonucleotides were inserted into the lentiGuide-puro 490 

backbone (Addgene 52963) and confirmed with Sanger sequencing. Lentiviral particles 491 

were produced in 293T cells by co-transfection of the sgRNA plasmid with pMD2.G 492 

(Addgene 12259) and psPAX (Addgene 12260) helper vectors using Lipofectamine 493 

2000 (Invitrogen 1166802). Viral supernatants were harvested over 48 h, passed 494 

through 0.45 μm filters (Millipore SLHV033RS), and concentrated with Amicon Ultra 495 

centrifugal devices (Millipore UFC801024). Viral titers were determined in iPSCs by 496 

puromycin selection. For functional CRISPRi experiments, microglia-like cells were 497 

seeded and matured for 14 days before lentiviral infection carrying sgRNAs at a 498 

multiplicity of infection (MOI) of approximately 5. Following transduction, cultures were 499 

maintained under puromycin selection (0.5 μg/mL) for four days. Cells were harvested 500 

seven days after infection for RNA extraction. Gene expression changes were 501 
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quantified by RT-qPCR from at least 3 biological replicates, and relative expression 502 

across replicates was analyzed by two-tailed Student's t-test. 503 

 504 

Human Brain Samples  505 

Human cortical tissues employed for immunoblotting assays were obtained from the 506 

Brain Bank at Case Western Reserve University and the NIH Neurobiobank. The 507 

neuropathology of normal controls (ages 60–92 years, postmortem interval range 4–25 508 

hours) and AD cases (ages 67–90 years, postmortem interval range 3–26 hours) was 509 

evaluated. All procedures adhered to authorized IRB protocols and conformed to 510 

institutional bioethical guidelines. All methods and protocols used in this study involving 511 

mice were approved by the Institutional Animal Care and Use Committee (IACUC), and 512 

all methods were carried out following relevant guidelines and regulations, which were 513 

also approved by the IACUC and Institutional Biosafety Committees (IBC) at Case 514 

Western Reserve University.  515 

Mice  516 

Wild-type C57BL/6J mice were obtained from Jackson Laboratory. Mice were kept in 517 

sterile plastic cages with pelleted bedding in an SPF facility until they were euthanized 518 

by transcardial perfusion. There was unlimited access to food and water, a 12h cycle of 519 

light and dark, and enrichment from a mouse igloo. Mice were selected for stereotaxic 520 

injection based on age and sex and divided into experimental groups for the relevant 521 

experiments. Direct mouse studies were carried out by individuals who were blind to 522 

their experimental injection groups. All mice had been healthy up to the point of 523 

euthanasia and had no obvious abnormalities.  524 
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Antibodies and reagents  525 

Anti-HA (Cat# 51064-2-AP), anti-β-actin (Cat# 66009-1-Ig), and anti-MTCH2 526 

(Cat#16888-1-AP) antibodies were purchased from Proteintech (IL, USA). The anti-527 

GFAP (Cat # 14-9892-82) antibody was purchased from Thermo Scientific (MA, USA). 528 

Anti-Iba1(Cat# 019-19741) antibody was purchased from Wako Chemicals USA 529 

(Richmond, VA, USA). Secondary fluorescent antibodies Alexa Fluor 488 (Cat # A-530 

11008 1 mg, Cat # A-11001 531 

1 mg), Alexa Fluor 594 (Cat # A-11012 1 mg, Cat # A-21207 1 mg) were purchased 532 

from Thermo Scientific (MA, USA).  533 

Cell culture 534 

HEK293T, HT22, and Tau RD-FRET biosensor cells were cultured in Dulbecco’s 535 

modified Eagle’s medium (DMEM, Thermo Scientific, Waltham, MA, USA) 536 

supplemented with 10% fetal bovine serum (FBS) and 1% penicillin/streptomycin (P/S). 537 

All cells were cultured in a humidified atmosphere (5% CO2) at 37 C.  538 

DNA Constructs, Transfections 539 

 pPM-MTCH2WT-HA, pPM MTCH2p.P290A-HA, and pPMMTCH2p.P290T-HA constructs 540 

(PC130856) were generated by Applied Biological Materials Inc. (Richmond, BC, 541 

Canada). For DNA plasmid transfections, cells were transfected with Fugene HD 542 

(Promega, Madison, WI, USA) in Opti-MEM I (Invitrogen, Carlsbad, CA, USA) according 543 

to the manufacturer’s instructions and harvested 48h post-transfection. For siRNA 544 

transfections, Lipofectamine 2000 (Invitrogen, Carlsbad, CA, USA) was used according 545 

to the manufacturer’s instructions. 546 
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Generation of rAAV9 and Stereotaxic Injections in Mice 547 

Recombinant AAV9 viruses rAAV9-MTCH2WT-HA and rAAV9-MTCH2p.P290T-HA 548 

(VC130856) were produced by Applied Biological Materials Inc. (Richmond, BC, 549 

Canada). Five-month-old mice, balanced by sex across treatments, were put under 550 

anesthesia with isoflurane and secured in a stereotaxic apparatus (RWD, Sugar Land, 551 

TX, USA) for stereotaxic injections. Burr holes were precisely drilled into the skull 552 

utilizing a dental drill. Bilateral injections aimed at the hippocampus were conducted 553 

utilizing a 26-gauge needle attached to a 10-μL Hamilton syringe (Hamilton, Reno, NV, 554 

USA). The injection coordinates in relation to bregma were: anteroposterior −2.7 mm, 555 

lateral −2.7 mm, and dorsoventral 3.0 mm. 2.5 μL of pure rAAV9 (1 × 10¹¹ vg/mL) was 556 

administered per site over a duration of 2 minutes via convection-enhanced delivery. 557 

After the injection, incisions were sutured and sanitized, and the animals were observed 558 

until recovery, generally within 20 minutes. Mice were individually housed and 559 

euthanized three months post-injection for subsequent analysis.  560 

 561 

Cell/Tissue Lysis and SDS-PAGE  562 

Cells and brain tissues were lysed using RIPA lysis buffer (50 mM Tris pH 7.4, 150 mM 563 

NaCl, 2 mM EDTA, 1% NP-40, 0.1% sodium dodecyl sulfate) (citation). Total protein 564 

concentrations were measured with a colorimetric detection assay (Quick Start Bradford 565 

Protein Assay, Bio-Rad, Hercules, CA, USA). Equal amounts of protein lysates were 566 

subjected to sodium dodecyl sulfate (SDS) – polyacrylamide gel electrophoresis 567 

(PAGE) and subsequently transferred to a nitrocellulose membrane (Amersham 568 

Protran, Cytiva, Marlborough, MA, USA). In filter-trap assays (FTA), equivalent 569 
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quantities of RIPA-soluble or sonicated RIPA-insoluble extracts were filtered through 0.2 570 

mm cellulose acetate membranes (CA023001, Sterlitech Corporation, Aubum, WA, 571 

USA) utilizing a 96-well vacuum dot blot apparatus (Bio-Rad, Hercules, CA, USA), 572 

followed by PBS washing and fixation with 20% methanol. Targeted proteins were 573 

analyzed using primary antibodies, subsequently followed by horseradish peroxidase-574 

conjugated secondary antibodies and ECL detection (Jackson ImmunoResearch Inc., 575 

West Grove, PA, USA). All immunoblot images were obtained with ImageQuant 800 576 

(Amersham, Chicago, IL, USA) and quantified utilizing ImageJ (NIH, Bethesda, MD, 577 

USA). 578 

 579 

Immunocytochemistry, Immunohistochemistry, and Microscopy  580 

For immunocytochemistry (ICC), cells were rinsed with PBS and fixed for 15 minutes at 581 

ambient temperature using 4% paraformaldehyde (PFA) (J19943-K2, ThermoFisher 582 

Scientific, Waltham, MA, USA) Fixed cells were rinsed with PBS, treated with a blocking 583 

solution (0.2% Triton X-100, 3% normal goat serum (NGS, Abcam, Cambridge, UK)) in 584 

PBS) for 1 hour, incubated with primary antibody at 4°C overnight, washed three times 585 

with PBS, and subsequently incubated with Alexa-488 or Alexa-594, conjugated 586 

secondary IgG antibodies (ThermoFisher Scientific, Waltham, MA, USA) for 1 hour at 587 

room. The slides were subsequently rinsed three times with PBS before being mounted 588 

with Fluoromount-G mounting solution (ThermoFisher Scientific, Waltham, MA, USA). 589 

For immunohistochemistry (IHC), mice were perfused with PBS, and half of the brains 590 

were preserved at -80°C for subsequent biochemical investigation. The remaining half 591 

of the brain was preserved in 4% PFA at 4°C for 48 hours, subsequently transferred to 592 
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30% sucrose for cryoprotection. Following washing, the tissues were incubated with 3% 593 

normal goat serum (NGS) at room temperature for 1 hour, then subjected to primary 594 

antibody application overnight at 4°C, and subsequently treated with secondary 595 

fluorescent antibodies (Alexa Fluor 488, Alexa Fluor 594) and DAPI for 1 hour at room 596 

temperature. Immunohistochemistry on human brain samples was performed similarly, 597 

with overnight blocking at 4°C and True Black staining at room temperature for 10 598 

minutes after the application of the secondary antibody. Confocal images were obtained 599 

using a Nikon AX Ti2 confocal microscope (Tokyo, Japan), and ImageJ software (18 600 

October 2023, NIH, Bethesda, MD, USA) was employed to quantify the 601 

immunoreactivities. In all ICC/IHC studies, the comparison images maintained uniform 602 

laser intensity, exposure duration, and filter specifications. During image acquisition and 603 

quantification, researchers were blinded to the conditions of the experiment, and 604 

regions of interest were selected randomly. Brightness and contrast changes were 605 

similarly applied to all comparative images.  606 

 607 

Open Field and Novel Object Recognition  608 

Mice aged six to seven months were individually housed for one week before to 609 

behavioral testing. Every mouse was handled for a minimum of 2 minutes daily. Mice 610 

were relocated to the behavior room for a 30-minute acclimatization period before 611 

testing commenced in the open area. Mice were thereafter positioned in the open field 612 

arena and let to explore for 10 minutes. Visual cues were affixed to the walls above the 613 

arena in various shapes. The test was documented by an overhead camera and 614 

evaluated using ANY-maze 6.3 tracking and analysis software. The investigator doing 615 
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the test was unaware of the genotype. The overhead lights were subdued, and the 616 

investigator was obscured by a black curtain during the examination. Novel object 617 

recognition (NOR) was conducted on littermate mice aged 6 to 7 months. Mice were 618 

allowed to go acclimatize to the testing environment for 30 minutes before the 619 

assessment. Identical objects were positioned in opposing quadrants of the arena, with 620 

their locations recorded. On Day 1, animals were permitted a 10-minute habituation 621 

period with the two identical objects. The arena and objects were meticulously cleansed 622 

between trials with mice using a 30% ethanol solution to eliminate smell cues. Following 623 

a 24-hour period, the mice were reintroduced to the behavioral chamber. One 624 

object was substituted with a new object that differed in dimensions, form, and texture. 625 

Mice were allotted 5 minutes to investigate both the novel and familiar things. The 626 

experiment was documented by an overhead camera and evaluated using ANY-maze 627 

6.3 tracking and analytic software. The investigator performing the test was blind to the 628 

genotype. The overhead lights were subdued, and the investigator was shadowed by a 629 

black curtain during the test. 630 
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Figure Legends 834 

Figure 1. Mendelian randomization analysis in neurodegenerative disease. a. 835 

Workflow of genome-wide MR analysis, colocalization studies, and validation using 836 

single-nucleus RNA-seq and ATAC-seq data. b. Circle plot displaying cell-type specific 837 

MR results across Alzheimer's disease (AD), Parkinson's disease (PD), and 838 

amyotrophic lateral sclerosis (ALS). The colors of points denote the significant targets at 839 

p < 1× 10-6 for AD (green), PD (orange) and ALS (purple) and the sizes of point denote 840 

normalized MR scores for each gene. 841 

 842 

Figure 2. Cell type-specific risk genes for AD, PD, and ALS supported by genetic 843 

evidence. Heatmap showing ND-MR scores, colocalization (Coloc PP.H4 > 0.5), and 844 

fine-mapping (FOCUS, PIP > 0.5) evidence for significant genes across 6 brain cell 845 

types and two brain tissue eQTL and pQTL data. The green color shows the ND-MR 846 

score, represents increased gene expression will increase disease risk and red color 847 

represents increased gene expression will reduce disease risk; colocalization from light 848 

blue (PP.H4 = 0.5) to dark blue (PP.H4 = 1); FOCUS from light orange (PIP = 0.5) to 849 

dark orange (PIP = 1); gray indicates no data. Upset plot shows the number of 850 

significant genes and validation overlap for each disease. Bottom stacked barplot shows 851 

gene distribution across cell types. 852 

 853 

Figure 3. Single-cell multi-omics validation of SNP-gene associations across AD 854 

and PD. a. Upset plot shows snATACseq and snRNAseq validated SNP-gene 855 

association pairs across AD and PD. Numbers indicate validated pairs for each disease 856 
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and overlap between validation methods. b. Network visualization of cell type specific 857 

SNP-gene regulatory relationships. Circular pie plots represent different brain cell types 858 

(microglia, astrocytes, excitatory neurons, inhibitory neurons, oligodendrocytes, and 859 

OPC), with each connected node indicating a validated SNP-gene pair. Circle nodes 860 

denote the p value of GWAS datasets. 861 

 862 

Figure 4. The case studies of SNP-gene pairs validated by peak-to-gene analysis 863 

and iPSC derived microglia. a. snATAC-seq and peak-to-gene loop validated SNP-864 

gene association pairs across AD and PD. Different colored arch lines denote cell type 865 

specific significant peak-to-gene associations and the colorful peaks indicate chromatin 866 

accessibility in snATAC-seq data. b. Correlation analysis between gene expression and 867 

amyloid and tau densities across different brain cell types. The shape denotes the 868 

absolute correlation values and gradient color indicates the -log10 (p-value). c. CRISPRi 869 

experimental validation of causal relationship between SNP rs1171830 and CCDC6 870 

expression in human iPSC-derived microglia.  871 

 872 

Figure 5. MTCH2 shows strong genetic evidence for AD risk in neurons. 873 

a, Mendelian randomization analysis of MTCH2 in excitatory neurons and inhibitory 874 

neurons. CI: confidence intervals. b, Scatter plot showing the MTCH2 locus from AD 875 

GWAS (Wightman et al., 2021, excluding UKBiobank and 23andMe). MTCH2 eQTLs 876 

from excitatory and inhibitory neurons show colocalization with AD GWAS at the lead 877 

SNP rs3740688 (red diamond). PP.H4: Posterior Probability of Hypothesis 4. c,  878 

Western blot shows the reduced MTCH2 protein level in AD compared to control human 879 
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brain samples. d, Filter trap assay shows the increased insoluble MTCH2 level in 880 

normal controls and AD. e – f, Quantification of soluble MTCH2 levels and insoluble 881 

MTCH2 aggregation in AD patients’ brain (n=10) and controls (n = 10). g, 882 

Immunostaining analysis shows aggregated MTCH2P290A-HA and MTCH2P290T-HA 883 

mutations compared to MTCH2WT-HA and vector control in HT22 cells (an immortalized 884 

mouse hippocampus cell line). The Mito-DsRed adenovirus (red color) was utilized for 885 

mitochondrial labeling. h, Western blots show soluble and insoluble proteins of 886 

transfected MTCH2WT-HA, MTCH2p.P290A-HA, MTCH2p.P290T-HA, and vector control in 887 

HEK293T cells. i, Quantification of MTCH2 soluble/insoluble protein abundance across 888 

wildtype and MTCH2 p.P290A and p.P290T mutations (n = 6) 889 

 890 

Figure 6. MTCH2 shows strong genetic evidence in vivo in mouse brains 891 

a, Immunostaining analysis of tau seeding activity in TauRD cells transfected with 892 

MTCH2-WT-HA, MTCH2-p.P290A-HA, MTCH2-p.P290T-HA, and vector control. b, 893 

Quantification of tau intensity among MTCH2 variants and vector control. c, 894 

Immunostaining of MTCH2-HA in the brains of C57BL6/J mice injected with rAAV9-895 

MTCH2WT-HA and rAAV9-MTCH2p.P290T-HA. d, Immunostaining of GFAP intensity in the 896 

hippocampal region of C57BL6/J mice injected with rAAV9-MTCH2WT-HA and rAAV9-897 

MTCH2p.P290T-HA. e, Quantification of GFAP intensity (n = 4 mice/group). f, Novel 898 

Object Recognition test comparing rAAV9-MTCH2WT-HA and rAAV9-MTCH2p.P290T-HA 899 

injected mice regarding time spent with novel objects, habituated object, exploration 900 

time, and the discrimination index between time with novel and habituated object. (n = 6 901 

mice/group). g, Open field test comparing rAAV9-MTCH2WT-HA and rAAV9-902 



 41 

MTCH2p.P290T-HA injected mice regarding time spent in inner, middle, and outer zones. 903 

(n = 6 mice/group).  904 

 905 

 906 

Supplementary Figure Legends 907 

Supplementary Figure 1. Workflow of Mendelian Randomization analysis across 908 

Alzheimer's disease (AD), Parkinson's disease (PD), and amyotrophic lateral sclerosis 909 

(ALS). 910 

 911 

Supplementary Figure 2. Colocalization of brain region eQTLs with Alzheimer's 912 

disease (AD), Parkinson's disease (PD), and amyotrophic lateral sclerosis (ALS) 913 

GWAS signals. Three different shapes represent AD, PD, and ALS GWAS data 914 

sources. Twelve colors denote eQTL data sources from different brain regions. 915 

 916 

Supplementary Figure 3. Colocalization of brain cell type specific eQTLs with 917 

Alzheimer's disease (AD), Parkinson's disease (PD), and amyotrophic lateral 918 

sclerosis (ALS) GWAS signals. Three different shapes represent AD, PD, and ALS 919 

GWAS data sources. Colors denote eQTL data sources from different cell types. 920 

 921 

Supplementary Figure 4. FOCUS fine-mapping analysis for Alzheimer's disease 922 

(AD), Parkinson's disease (PD), and amyotrophic lateral sclerosis (ALS). Colors 923 

indicate different GWAS datasets and shapes indicate the QTL data used for analysis. 924 

 925 
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Supplementary Figure 5. The case studies of SNP-gene pairs validated by peak-926 

to-gene analysis for Parkinson's disease (PD). a. snATAC-seq and peak-to-gene 927 

loop validated SNP-gene association pairs across PD. Different colored arch lines 928 

denote cell type specific significant peak-to-gene associations and the colorful peaks 929 

indicate chromatin accessibility in snATAC-seq data. 930 

 931 

Supplementary Figure 6. The case studies of SNP-gene pairs validated by peak-932 

to-gene analysis for amyotrophic lateral sclerosis (ALS). a. snATAC-seq and peak-933 

to-gene loop validated SNP-gene association pairs across ALS. Different colored arch 934 

lines denote cell type specific significant peak-to-gene associations, and the colorful 935 

peaks indicate chromatin accessibility in snATAC-seq data. 936 

 937 

Supplementary Figure 7. MTCH2 eQTL data and expression level across different 938 

human brain cell types. a, Cell type specific eQTL of MTCH2 nonsynonymous 939 

mutation rs10646608 p.P290A (C>G). OPC: oligodendrocyte precursor cells. b-c, 940 

MTCH2 expression levels across cell types (b) and brain regions (c).  941 

 942 

Supplementary Figure 8. MTCH2 shows strong genetic evidence in vivo in mouse 943 

brains by AAV experiments. a, The mitochondrial genome expression comparing in 944 

the groups of MTCH-WT, P290A, P290T and controls. b, Representative images of 945 

IBA1 in the brains of C57BL6/J mice injected with rAAV9-MTCH2WT-HA and rAAV9-946 

MTCH2p.P290T-HA. Quantification of IBA1 intensity (t-test, ***P < 0.001, n = 4 947 

mice/group). 948 



 43 

Supplementary table legends 949 

Table S1. Mendelian Randomization (MR) scores to prioritize likely risk genes for 950 

neurodegenerative disease. 951 

Table S2. Summary of cell type specific genes for Alzheimer's disease (AD), 952 

Table S3. Summary of cell type specific genes for Parkinson's disease (PD) 953 

Table S4. Summary of cell type specific genes for amyotrophic lateral sclerosis (ALS). 954 

Table S5. Brain region- and cell type-specific gene colocalization in Alzheimer's disease 955 

(AD), 956 

Table S6. Brain region- and cell type-specific gene colocalization in Parkinson's disease 957 

(PD). 958 

Table S7. Brain region- and cell type-specific gene colocalization in amyotrophic lateral 959 

sclerosis (ALS). 960 

Table S8. Disease risk SNPs validated by chromatin accessibility in snATAC-seq data. 961 

Table S9. Disease risk SNPs validated by peak to gene analysis. 962 
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