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Supplemental Methods 1 

snRNA-seq data quality control, dimensionality reduction and clustering 2 

The snRNA-seq count matrices were processed using the Scanpy (v1.9.5) 3 

package(Wolf et al. 2018) in a Python 3.10 environment. Quality control metrics were 4 

initially computed using the calculate_qc_metrics function. Genes expressed in 5 

fewer than 10 cells and cells with fewer than 200 detected genes were excluded of the 6 

analysis. Outliers for total_counts and n_genes_by_counts were identified using 7 

the interquartile range (IQR) method. First, the 75th percentile (Q3) and 25th percentile 8 

(Q1) of the respective fields were calculated. The IQR was then determined as: IQR = 9 

Q3 − Q1. Based on this, lower and upper thresholds were defined as: Lower threshold = 10 

Q1 – 3 × IQR; Upper threshold = Q3 + 3 × IQR. Values outside this range were flagged 11 

as potential outliers, and only cells with values falling within the lower and upper 12 

thresholds were retained. For mitochondrial (pct_counts_mt) and ribosomal 13 

(pct_counts_rb) percentages, outlier thresholds were determined by combining the 14 

3×IQR rule with fixed cutoffs. The upper threshold was computed using the 3×IQR rule: 15 

Upper threshold (IQR) = Q3 + 3 × IQR. This threshold was then compared with fixed 16 

cutoffs of 10% for pct_counts_mt and 20% for pct_counts_rb. The final upper 17 

threshold was the maximum of the IQR-based threshold and the fixed cutoff. Cells with 18 

values exceeding this final upper threshold were classified as outliers and excluded 19 

from further analysis. Finally, doublets were identified and excluded using the Scrublet 20 

tool (Wolock et al. 2019), further refining the dataset for downstream analyses. 21 

We normalized the processed count matrices using a shifted logarithmic 22 

transformation to stabilize variance(Heumos et al. 2023). Principal components (PCs) 23 
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were computed to reduce dimensionality, and the data were clustered using the Leiden 24 

algorithm(Heumos et al. 2023; Traag et al. 2019). To visualize the clustering results, we 25 

utilized the Uniform Manifold Approximation and Projection (UMAP) technique(McInnes 26 

et al. 2020). Major cell type annotations for each cluster were assigned based on 27 

established marker genes(Mathys et al. 2023; Xiong et al. 2023; Gabitto et al. 2024; 28 

Morabito et al. 2021; Emani et al. 2024) (Supporting Information Fig. S1). We also 29 

compared these annotations with those reported in the original paper and found them to 30 

be consistent(Gabitto et al. 2024). Neuron cell subtypes were labeled according to the 31 

classifications in the original paper(Gabitto et al. 2024). 32 

Differential expression gene (DEG) and gene functional enrichment analysis 33 

We employed the R package muscat to identify differentially expressed genes (DEGs) 34 

by aggregating single-cell data into pseudobulk profiles, while adjusting for sex, APOE4 35 

status, and age as covariates(Crowell et al. 2020). Each gene was tested for expression 36 

changes within individual clusters, resulting in a total of “#genes × #clusters” tests for 37 

each comparison of interest(Crowell et al. 2020). Specifically, we focused on condition-38 

related changes across AD progression stages, analyzing six comparison groups: Low-39 

AD versus (vs.) Non-AD, Inter-AD vs. Non-AD, High-AD vs. Non-AD, Inter-AD vs. Low-40 

AD, High-AD vs. Low-AD, High-AD vs. Inter-AD. DEGs were defined as genes meeting 41 

the criteria of an adjusted p-value < 0.05 and an absolute log fold change (|logFC|) > 42 

0.5, ensuring statistical significance and biologically meaningful changes. 43 

Gene functional enrichment analysis was conducted using the clusterProfiler 44 

package (v4.10.1)(Yu et al. 2012; Wu et al. 2021; Xu et al. 2024b). Gene Ontology (GO) 45 

enrichment was evaluated for terms related to Biological Process (BP) and Molecular 46 
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Function (MF) across different stages of AD progression for each cell type. Enrichment 47 

results were filtered using the Benjamini-Hochberg (BH) method (adjusted p-value < 48 

0.05). 49 

snATAC-seq data quality control, dimensionality reduction and clustering 50 

The snATAC-seq fragment data were processed using the ArchR R package 51 

(v1.0.3)(Granja et al. 2021) in an R 4.4.2 environment, employing the hg38 reference 52 

genome for annotation. For initial quality control, three key metrics were assessed: the 53 

number of unique nuclear fragments, the signal-to-background ratio calculated by 54 

transcription start site (TSS) enrichment score, and the fragment size distribution(Granja 55 

et al. 2021). To ensure sufficient data for reliable analysis, cells with fewer than 1,000 56 

fragments were excluded (minFrags = 1000). The signal-to-background ratio was 57 

quantified using TSS enrichment score, with a minimum threshold of 4 (minTSS = 4). 58 

Cells not meeting these criteria were filtered out. To further enhance data quality, 59 

doublets were identified and removed using the ArchR functions addDoubletScores 60 

and filterDoublets, with a filter ratio of 1. 61 

Dimensionality reduction was performed using the iterative Latent Semantic 62 

Indexing (LSI) approach implemented in the ArchR package via the 63 

addIterativeLSI function(Granja et al. 2021). The process utilized three iterations 64 

(iterations = 3), with the final iteration sampling 30,000 cells 65 

(sampleCellsFinal = 30,000).  All other parameters are set to their default values. 66 

Clustering was performed using the addClusters function in ArchR, initially with a 67 

resolution of 1 and finalized with a resolution of 0.4. Clusters containing fewer than 100 68 

cells were excluded as low-quality clusters. Marker genes for each cluster were 69 
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identified using the getMarkerFeatures function, which uses the Gene Activity Score 70 

(accessibility around each gene) as a proxy for gene expression(Ober-Reynolds et al. 71 

2023). Cell types were annotated based on established marker genes (Supporting 72 

Information Fig. S1). Gene activity scores were visualized by UMAP, with smoothing 73 

applied using the MAGIC algorithm(van Dijk et al. 2018) to enhance visualization. 74 

Peak calling and annotation 75 

Peak calling was performed using MACS2(Zhang et al. 2008) with default parameters. 76 

Cell type-specific marker peaks were identified using the getMarkerFeatures 77 

function in the ArchR package. CREs specific to each cell type were further 78 

characterized by integrating these marker peaks with annotations from the hg38 79 

reference genome. Transcription factor (TF) motif enrichment within these marker peaks 80 

was analyzed using the cisBP database(Weirauch et al. 2014) through the 81 

addMotifAnnotations and peakAnnoEnrichment functions, specifying 82 

peakAnnotation = 'Motif'. Additionally, footprinting analysis for motifs of interest 83 

was conducted using the getFootprints function in ArchR(Granja et al. 2021), 84 

providing insights into motif accessibility and regulatory activity. 85 

Integration of snRNA- and snATAC -seq datasets 86 

We integrated snATAC-seq data with corresponding snRNA-seq data for each stage of 87 

AD progression, following previously established methods(Ober-Reynolds et al. 2023). 88 

This integration was performed using the addGeneIntegrationMatrix function in 89 

the ArchR package, which leverages Seurat’s FindTransferAnchors function to 90 

align datasets through canonical correlation analysis (CCA). For the integration process, 91 

we specified nGenes = 2,000 and dimsToUse = 1:40. Initially, we conducted 92 
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unconstrained integration by setting addToArrow = FALSE to create a preliminary 93 

alignment. We subsequently refined the integration results by applying a constrained 94 

approach. 95 

Linked AD associated GWAS loci with cCRE 96 

We obtained GWAS summary statistics from the study by Bellenguez et al(Bellenguez 97 

et al. 2022) to identify AD-associated loci. Significant AD-associated GWAS loci were 98 

identified by applying a p-value threshold of p-value < 5e8. Additionally, We got AD lead 99 

SNPs of this study(Bellenguez et al. 2022) 100 

from  https://www.ebi.ac.uk/gwas/studies/GCST90027158, which excludes 23andMe 101 

samples. In total, we identified 88 lead SNPs. We also identified cell type-specific CREs 102 

from the significant cell marker peaks (FDR ≤ 0.05 and log2FC > 0.5). To establish 103 

functional links between these AD-associated loci and cCREs, we determined overlaps 104 

between the genomic positions of the AD-associated loci and CREs. 105 

1.1. Identification of positive TF-regulators and putative targets 106 

TFs can be identified based on changes in chromatin accessibility at DNA-binding motif 107 

sites using ATAC-seq. However, precise identification is often hindered due to the 108 

similarities of binding motifs among certain TF families by position weight matrices 109 

(PWMs)(Granja et al. 2021). To address this, we integrated gene expression data to 110 

identify TFs with expression that correlated positively with chromatin accessibility 111 

changes using ArchR package as described previously(Granja et al. 2021; Ober-112 

Reynolds et al. 2023). This method correlates chromVAR deviation z-scores of TF 113 

motifs with the gene expression of corresponding TF across low-overlapping cell 114 

aggregates. Initially, deviant TF motifs were identified by calculating the maximum delta 115 

https://www.ebi.ac.uk/gwas/studies/GCST90027158


6 

in deviation z-scores across clusters, enabling the stratification of motifs based on inter-116 

cluster variability. We then employed the correlateMatrices function in ArchR to 117 

compute the correlation between the gene expression matrix and the motif matrix. 118 

These correlations are assessed across many low-overlapping cell aggregates 119 

identified in the lower dimension space(Granja et al. 2021). Positive TF regulators were 120 

defined based on the following stringent criteria: a correlation coefficient (cor) between 121 

motif activity and gene expression greater than 0.5, an adjusted p-value below 0.01, 122 

and a maximum inter-cluster z-score variation exceeding 0.75. 123 

We identified the regulatory targets of these positive TF-regulators following the 124 

methodology described in the previous study(Ober-Reynolds et al. 2023). First, we 125 

calculated the Pearson correlation coefficient between the chromVAR motif activity of 126 

positive TF regulators and the integrated expression levels of all expressed genes. We 127 

then computed the linkage score (LS) for each gene-TF pair using the following 128 

equation: 129 

𝐿𝑆! =	∑ 𝑅"#$
"%& 𝑀𝑆"                                (1) 130 

Here, LSg: Linkage score for gene g. n: Number of peaks linked to gene g. Rk: 131 

Pearson correlation coefficient between peak k and gene g. MSk: Motif score for the TF 132 

motif present in peak k. This scoring method ensured that higher linkage scores indicate 133 

stronger regulatory relationships, reflecting a greater number of linked peaks containing 134 

the TF motif, as well as strongly correlated peaks enriched for the motif. 135 

Putative target genes for positive TF-regulators were filtered based on an LS 136 

threshold set at the 80th percentile of all LS values, retaining genes with LS values 137 

exceeding this threshold. Additionally, only genes with a correlation coefficient > 0.5 and 138 
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FDR < 0.05 were considered. GO term enrichment analysis of the putative target genes 139 

was subsequently performed using the topGO package(Alexa and Rahnenführer). 140 

Building human protein–protein interactome and drug–target network 141 

The human protein-protein interactome (PPI) and drug-target network were constructed 142 

in our previous studies46–50. In this study, the human PPI was constructed by integrating 143 

data from multiple established PPI databases supported by experimental evidence. This 144 

includes binary PPIs identified by high-throughput yeast-two-hybrid (Y2H) 145 

experiments(Luck et al. 2020) and kinase-substrate interactions derived from both low- 146 

and high-throughput literature sources, including the Human Protein Resource 147 

Database (HPRD)(Peri et al. 2004), dbPTM 3.0(Lu et al. 2013), Phospho.ELM(Dinkel et 148 

al. 2011), KinomeNetworkX(Cheng et al. 2014), PhosphoNetworks(Hu et al. 2014), and 149 

PhosphositePlus(Hornbeck et al. 2015). Additionally, signaling networks were curated 150 

from literature-based low-throughput experiments provided by SignaLink2.0(Fazekas et 151 

al. 2013). Protein complex interactions, comprising approximately 56,000 candidate 152 

interactions, were identified using robust affinity purification-mass spectrometry data 153 

from BioPlexV2.0(Huttlin et al. 2015). Furthermore, literature-curated PPIs derived from 154 

affinity purification coupled with mass spectrometry were included from sources such as 155 

HPRD(Goel et al. 2012), PINA(Cowley et al. 2012), MINT(Licata et al. 2012), 156 

InnateDB(Breuer et al. 2013), IntAct(Orchard et al. 2014), Instruct(Meyer et al. 2013), 157 

and BioGRID(Chatr-aryamontri et al. 2015). In total, this dataset encompasses 351,444 158 

PPIs involving 17,706 protein nodes. The complete dataset is publicly available at 159 

https://alzgps.lerner.ccf.org. 160 

https://alzgps.lerner.ccf.org/
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The drug–target network was developed by integrating multiple reputable data 161 

sources, including DrugBank (version 4.3)(Law et al. 2014), BindingDB(Liu et al. 2007), 162 

ChEMBL (version 20)(Gaulton et al. 2012), the Therapeutic Target Database(Yang et al. 163 

2016), PharmGKB(Whirl-Carrillo et al. 2012), and the IUPHAR/BPS Guide to 164 

PHARMACOLOGY(Pawson et al. 2014). Drug–target interactions were filtered using a 165 

cutoff of binding affinities (Ki, Kd, IC50, or EC50) ≤ 10 μM to ensure high confidence in 166 

the associations following the previous research(Zhou et al. 2023). The final network 167 

comprises a total of 29,934 interactions involving 7,407 drugs. The networks in this 168 

study were visualized with Cytoscape (version 3.10.2) (Shannon et al. 2003). 169 

Network proximity-based drug repurposing  170 

We first employed the closest network proximity method to identify potential drug 171 

repurposing candidates, as reported previously (Zhou et al. 2023; Xu et al. 2021). The 172 

closest distance between two sets of nodes in the protein–protein interaction network, 173 

such as the drug target set (X) and a disease-related gene set (Y), was defined as 174 

follows: 175 

𝑑(()) 	= 	
&

||(||,||)||
	(∑ 𝑚𝑖𝑛-∈)𝑑(𝑥, 𝑦) + ∑ 𝑚𝑖𝑛/∈(𝑑(𝑥, 𝑦)	-∈) 	/∈( )	                     (2) 176 

where d(x,y) represents the shortest path length between protein x in X and protein y in 177 

Y within the human protein–protein interactome. To assess the significance of the 178 

observed proximity, we calculated a Z-score for d(X,Y) using a permutation-based 179 

approach. Random protein sets with similar degree distributions to X and Y were 180 

generated 1,000 times. For each random experiment, we computed the mean and 181 

standard deviation of the shortest distances. The Z-score was then calculated as: 182 

𝑍0(()) =	
0(())12!

3!
                    (3) 183 
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Lastly, the results were filtered using thresholds of Z-score < −2 and FDR < 0.05 to 184 

identify significant drug candidates for further investigation. 185 

Gene set enrichment analysis (GSEA) 186 

We employed a GSEA-based approach for drug repurposing, as reported previously(Xu 187 

et al. 2021; Zhou et al. 2020). Initially, drug-gene signatures were obtained from the 188 

Connectivity Map (CMap) database(Lamb et al. 2006a; Subramanian et al. 2017; Lamb 189 

et al. 2006b), a comprehensive pharmacogenomic resource containing gene expression 190 

profiles from diverse human cell lines treated with thousands of small molecules, 191 

including both approved drugs and experimental compounds. Using the GSEA 192 

algorithm, we predicted enriched drugs for each cell type by leveraging the identified 193 

AD-associated differentially expressed genes as input. We then computed the 194 

enrichment score (ES) for each drug present in both the CMap database and the drug-195 

target network using previously established methods(Xu et al. 2021; Zhou et al. 2020). 196 

The ES reflects the drug’s potential to reverse the gene expression patterns within the 197 

given network(Xu et al. 2024a). To ensure statistical significance and meaningful 198 

positive enrichment, the results were filtered to retain only those with a FDR < 0.05 and 199 

an ES > 0. This enabled the prioritization of candidate compounds with potential 200 

therapeutic relevance for AD. 201 

 202 
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