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Abstract  1 

Alzheimer's disease (AD) is marked by the coordinated emergence of disease-associated cell states 2 

across multiple cell types. Here, we first performed a meta-analysis of single-nucleus transcriptomic 3 

(snRNAseq) data from 869 brains of diverse decedents, confirming the critical role of an 4 

SLC38A2highSMTNhighCACNA1Dhigh astrocyte subset, Astrocyte 10 (Ast10), in AD and aging-related 5 

cognitive decline. We then investigated the signaling drivers of Ast10’s emergence in the aging brain, 6 

focusing on interactions among microglial and astrocytic subsets. Analysis of the snRNAseq data 7 

prioritized a set of ligands and receptors that are robustly predictive of Ast10 proportions across 8 

participants, and we confirm our predictions in multiple studies. Independent validation with spatial 9 

transcriptomics reveals striking colocalization of these prioritized ligands with the Ast10 signature in AD 10 

brain tissue, but not with other astrocytic states. Genetic ablation of a top receptor PLXNB1 in murine 11 

and human iPSC-derived astrocytes decreased the Ast10 signature, confirming its regulatory role. 12 

Finally, we find that Ast10 may contribute to cognitive decline through synaptic loss and is associated 13 

with cognitive decline independent of AD. Thus, Ast10 and its regulators are potential points of 14 

convergence for multiple neurodegenerative mechanisms and may be promising targets for therapeutic 15 

development to preserve cognitive function.16 
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Introduction 17 

Alzheimer’s Disease (AD) changes the cellular composition of the brain1,2. The frequency of 18 

many different cell states of various cell types, including neuronal, glial and vascular subpopulations 19 

has been associated with AD1,3–11;yet, major questions remain regarding the origins of these various 20 

AD-associated cell states and how they interact with one another to create cellular communities that 21 

may drive the trajectory towards AD. In particular, characterizing these cellular changes to understand 22 

which cell subpopulations to target to preserve cognition in the face of AD pathology remains a major 23 

challenge12,13.  24 

To elucidate the sequence of changes in cell subpopulations leading to AD, we previously built 25 

a cell atlas of 1.65 million single-nucleus transcriptomes from the dorsolateral prefrontal cortex 26 

(DLPFC) of 437 participants in the Religious Orders Study or the Rush Memory and Aging Project 27 

(ROSMAP)14,15. These participants are without dementia at study entry and agree to brain donation; as 28 

a result, they represent a wide spectrum of aging brain states found in older individuals, allowing us to 29 

reconstruct the trajectory of brain aging and of the accumulation of common neuropathologies, such as 30 

amyloid and tau that define AD1. Based solely on the cell-state composition observed in each 31 

individual, we resolved a trajectory of brain aging that leads to accumulating more AD pathology and 32 

dementia (Progression to AD trajectory, prAD) (Figure 1A). Importantly, this trajectory’s endpoint is 33 

characterized by an increased frequency of an astrocytic state that we called Ast10 (Figure 1B)1. 34 

We found evidence that Ast10 may statistically mediate the effect of tau proteinopathy on 35 

cognitive decline1; thus, we hypothesized that the increased frequency of Ast10 contributes to the 36 

neuronal dysfunction that ultimately manifests as cognitive decline. This astrocytic state was defined 37 

transcriptionally, and its transcriptional signature includes genes such as SLC38A2, CACNA1D, SMTN, 38 

and SGCD, which are associated with ion trafficking and extracellular matrix organization. Interestingly, 39 

Ast10 frequency is also associated with certain lipid-laden microglial states, such as Microglia State 12 40 

(Mic12) and 13 (Mic13), which highly express AD risk genes APOE and GPNMB (Extended Data 41 

Figure 1A)16. Our previous causal modeling placed Ast10 downstream of Mic13 and included a direct 42 

effect of Mic13 on Ast10, separate from its role as a microglial subset contributing to tau proteinopathy1. 43 

These glial subtypes are part of the same cellular community that drives the Progression to AD (prAD) 44 

trajectory1 and suggests that cell-cell interactions among these glial subpopulations may be important 45 

in driving cellular changes leading to AD. A systematic understanding of the molecular basis for such 46 

cell-cell coordination, and its consequences on individual cell subsets in the cellular environment of the 47 

aging brain, may reveal novel therapeutic approaches to restore brain homeostasis. In principle, 48 
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blocking specific cell-cell signals among the causal cell subsets may enable us to prevent the 49 

emergence of this pathologic cellular community.  50 

In our prior study1, we used cell-state frequencies inferred from bulk RNA sequencing data to 51 

replicate our discovery analysis of the associations between each cell subset and AD traits. Here, we 52 

completed a staged meta-analysis of four single-nucleus RNA sequencing (snRNAseq) datasets from a 53 

total of 869 brains to first replicate and then extend our earlier results. This effort also interrogated 54 

ancestrally diverse individuals to explore whether the prioritized cell subpopulations have a similar role 55 

among different human populations. We then elected to pursue one of these cell subpopulations, 56 

Ast10, more deeply by investigating the cell-cell signaling molecules that drive its emergence. We 57 

prioritized Ast10 because our modeling suggested that it was directly upstream of cognitive decline, 58 

which is the ultimate clinically meaningful target for therapeutic development. Further, understanding 59 

the origins of Ast10 enables us to explore the key transition from asymptomatic accumulation of 60 

proteinopathies to cognitive impairment.  61 

To identify the ligand-receptor pairs regulating the Ast10 state, we use the microglial and 62 

astrocytic transcriptomes from the 437 human aging cortices in our Discovery study1 and 63 

computationally inferred the upstream regulatory molecular interactions that lead to the emergence of 64 

the Ast10 state. We then validated these results with (1) two additional snRNAseq datasets from the 65 

same brain region and (2) spatial transcriptomic data that assesses the colocalization of the predicted 66 

ligands with the Ast10 signature. Further, we extend the validation for one of the top predicted 67 

receptors, PLXNB1, in tissue sections from an AD brain, confirming its upregulation in Ast10 cells by 68 

immunofluorescence. Additionally, we characterized the responses of in vitro human and in vivo murine 69 

astrocytes to genetic ablation of PLXNB1 at the single-cell level. Finally, we provide evidence that 70 

synaptic loss may be the mechanism by which Ast10 contributes to the emergence of cognitive decline 71 

and that it may play a role in non-AD contributors to dementia. Altogether, this study provides a 72 

framework with which to systematically identify the cell-cell communication signals that lead to the 73 

expansion of a pathogenic glial state. It sets the stage for identifying interventions that could prevent or 74 

potentially reverse this process and restore homeostasis of the brain cellular communities.75 
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Results 76 

Meta-analysis of snRNAseq data to replicate known and uncover new AD-associated subtypes 77 

To understand the cellular basis of AD, we previously performed a Discovery analysis where we 78 

statistically associated the frequencies of the 91 cortical cell subsets with AD-related quantitative traits1. 79 

We refer to this as the Columbia University Irving Medical Center 1 (CUIMC1) dataset. Since we had 80 

previously replicated the results of this Discovery study1 with cellular frequencies inferred from bulk 81 

cortex RNAseq data using the CelMod method2, we undertook a snRNAseq-based replication effort 82 

using three other datasets. Supplementary Table 1 presents the demographic and clinicopathologic 83 

characteristics of the four sets of participants. All participants have data produced from the same brain 84 

region, the dorsolateral prefrontal cortex, and they are all participants in one of five studies based at 85 

Rush University: the Religious Order Study (ROS)14, the Memory and Aging Project (MAP)15, the 86 

Minority Aging Research Study (MARS)17,  the African American Clinical Core18, or the Latino Core 87 

Study19 (See Methods for detailed description of cohorts). All participants undergo the same ante- and 88 

post-mortem characterization17,19–21, allowing us to combine results across datasets for our three 89 

primary outcome measures: the burden of amyloid and tau proteinopathies22 and the person-specific 90 

slope of cognitive decline derived from longitudinal assessments using 19 neuropsychological tests23–25.  91 

One of the three replication datasets has not been reported previously, and we refer to it as the 92 

CUIMC2 dataset. It consists of 240 ROSMAP participants (see Data Availability); 219 of these 93 

participants are not found in the Discovery dataset (CUIMC1) and were retained for the Replication 94 

analysis (Figure 1C). The second replication dataset was generated at the Massachusetts Institute of 95 

Technology (MIT) (n=427 ROSMAP participants3); 132 of these participants are not represented in 96 

CUIMC1 or CUIMC2 datasets and are used in our analysis. To begin to evaluate to what extent our 97 

findings are replicated in diverse populations, we also included snRNAseq data generated by the 98 

Accelerating Medicines Partnership for AD Diversity project (Synapse ID: syn52339332) as our third 99 

replication set (Diversity dataset). We focused the analysis on the 81 participants who are African 100 

American (69%), Hispanic White (25%), or American Indian or Alaska Native (5%) based on their self-101 

reported race and were not already sampled in one of the other three datasets. Figure 1D illustrates 102 

the extent of overlap among the four datasets. As described above, only one instance of each 103 

participant is used in our meta-analyses (See Methods). Notable differences among the four datasets 104 

include a significantly higher percentage of female participants (74%) in the Diversity dataset and a 105 

significantly lower percentage of participants with a diagnosis of AD per the National Institute of Aging’s 106 

Reagan Criteria26 (45%) in the MIT dataset. There was no significant difference in the slope of cognitive 107 

decline (P = 0.43) across the four datasets (Supplementary Table 1, Extended Data Figure S1B - F). 108 
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Armed with these datasets, we focused on linking cell-state frequencies with three quantitative 109 

measures of AD traits available for these cohorts: (1) an immunofluorescence-based measure of 110 

neocortical amyloid-β (Aβ) (one of the three monoclonal antibodies against 1–40 and 1–42 Aβ: 4G8, 111 

6F/3D and 10D522,27,28), (2) an immunofluorescence-based measure of neocortical tau (phosphorylated 112 

tau antibody AT822), and (3) the slope of cognitive decline prior to death (Figure 1C; See Methods for 113 

full variable descriptions). Using the CUIMC1 Discovery dataset as the reference, we computationally 114 

annotated individual cells in the replication datasets based on our previous cell-state taxonomy of each 115 

cell type1 (Extended Data Figure S2-S7, See Methods). We then performed a meta-analysis to test for 116 

evidence of association between the frequency of each cell subset and the AD traits, using a linear 117 

regression model while controlling for sex, age, post-mortem interval, education, and library quality. We 118 

note that this snRNAseq-based replication effort assessed all 91 cell states as previously defined, 119 

which is more than our prior replication effort where the frequency of only 62 cell states could be 120 

inferred from bulk RNAseq data. 121 

The first meta-analysis used the three strata of Replication data (n = 432 non-overlapping 122 

participants from the three datasets), which has no overlap with the 437 participants of the Discovery 123 

(CUIMC1) analysis. This new replication effort recapitulates the top results previously reported in the 124 

Discovery analysis, revealing the same top four cell subpopulations that are significantly associated 125 

with two or more AD traits (based on False Discovery Rate (FDR) <0.05): lipid-associated microglial 126 

states (Mic.13, Mic.12), stress-response oligodendrocyte state (Oli.7) and astrocyte state (Ast10) 127 

(Figure 1E). To maximize the statistical power and assemble all of our data, we also performed a 128 

second meta-analysis using all participants (Discovery + Replication, n = 869). This analysis 129 

summarizes all available data and highlights some previously unreported associations, including the 130 

role of a microglial state Mic16 (marked by upregulation of the senescence-related gene SERPINE1)1 131 

and an endothelial state End3 (upregulated genes associated with extracellular matrix organization 132 

e.g., ADAMTS9)1 with faster cognitive decline (Figure 1E). We also calculated a measure of 133 

heterogeneity (I2)29 among the four datasets and found that Mic16 exhibits the most heterogeneity in 134 

effect among the studies (I2 = 86%) (Supplementary Table 1). One example of a cell subtype with a 135 

consistent effect (I2 = 0) across datasets is Ast10 with the rate of cognitive decline (Figure 1F, 136 

Supplementary Table 1). Its effect size is consistent in all studies; only the Diversity dataset is not 137 

significant, possibly due to its smaller sample size.  138 

Overall, the meta-analysis that includes a total of 869 brains from the Discovery and three 139 

replication datasets highlights the robustness of our previously reported results1 relating AD traits and 140 

specific glial subsets. Our analyses also begin to provide some evidence that their results are also 141 

relevant to participants who are not of European descent (Figure 1F). In particular, consistently in both 142 
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meta-analyses, Mic.13 shows the most significant associations with increased amyloid (FDR < 1.7 ×10-143 
5) and tau burden (FDR < 3.0 ×10-4), whereas Ast10 is most significantly associated with faster 144 

cognitive decline (FDR < 4.8 ×10-6) (Extended Data Figure S1G, Supplementary Table 1). We 145 

therefore elected to further explore the interactions among astrocyte and microglial subpopulations that 146 

may drive astrocytes towards the Ast10 state. 147 

 148 

Inference of glial intercellular communications that drive Astrocyte 10 transcriptional programs 149 

Our previous statistical modeling places Ast10 downstream of Mic13 (an APOEhighGPNMBhigh microglial 150 

state) within the same tightly coordinated cellular community driving the trajectory of AD1. Therefore, 151 

we focused on identifying intercellular signals from microglial or astrocytic subsets that drive the 152 

polarization of astrocytes towards the Ast10 state. To this end, we used the snRNA-seq profiles of 153 

81,255 microglia and 223,063 astrocytes isolated from the 437 donors of the CUIMC1 dataset; these 154 

nuclei are partitioned into 16 transcriptionally distinct microglial and 10 astrocytic states. First, we 155 

performed a system-wide cell-cell communication inference to prioritize the upstream ligand-receptor 156 

pairs that may regulate the previously defined Ast10 signature (Figure 2A). Second, we used an 157 

orthogonal data-driven approach to further prioritize these inferred ligands by using multivariate 158 

modeling to predict each donor’s Ast10 frequency based on the combinatorial expression of these 159 

ligands. Third, to validate these ligands, we used a series of approaches: in silico validation using two 160 

of the replication datasets and spatially registered profiling of human tissue at the transcript and protein 161 

levels as well as genetic perturbation of induced-pluripotent stem cell-derived astrocytes (iAst) and of 162 

murine astrocytes. 163 

To systematically identify relevant upstream interactions between Ast10 receptors and ligands 164 

expressed by microglial and/or astrocytic subpopulations, we used NicheNet30, which computationally 165 

infers ligand-receptor pairs that are not only differentially expressed but also functionally interacting. 166 

This analysis integrates prior knowledge of the ligand’s signaling and gene-regulatory networks30. 167 

Specifically, we prioritized ligand-receptor pairs based on three key criteria: (1) the degree to which 168 

their downstream signaling activity recapitulates the gene expression signature of Astrocyte 10 cells 169 

(Figure 2B), (2) differential expression of receptors in Ast10 compared to all microglial and astrocytic 170 

subsets (Figure 2D) and (3) differential expression of ligands in a given sender cell subset versus all 171 

glial subsets (Figure 2C). Based on these criteria, we prioritized 46 ligand-receptor pairs (consisting of 172 

39 ligands and 26 receptors). Among the top ligand-receptor interactions, many are associated with 173 

signaling processes such as axon guidance (e.g., SEMA4B/D – PLXNB1), cell adhesion (e.g., JAM2 – 174 

JAM2, ROBO1 – NCAM1), and remodeling of the extracellular matrix (e.g., COL5A3 – DDR1). Most of 175 

the top ligand-receptor interactions involve astrocyte subsets (including Ast10 itself) as senders (Figure 176 
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2C), suggesting that astrocytes as a cell type may self-modulate the frequency of different cell-states 177 

through paracrine and/or autocrine signaling31. There are also several microglial-specific signals that 178 

are associated with cell-adhesion (e.g., DSCAM, SEMA4D), G-protein signaling (e.g., GNAS) and a 179 

gene associated with AD and zinc disequilibrium A2M32,33. Together, this systemic inference of ligand-180 

receptor pairs and their activities prioritize a set of cell-cell interactions that may drive astrocytes 181 

towards the Ast10 state. 182 

 183 

Glial state specific ligand and receptor gene expression predict variable Astrocyte 10 frequency 184 

across aging and AD human brains 185 

Having prioritized a subset of ligand-receptor pairs that may play a role in driving an astrocyte towards 186 

the Ast10 fate, we next questioned to what extent these NicheNet-inferred ligands and receptors may 187 

explain the donor-to-donor variability in Ast10 frequency among ROSMAP participants. In most 188 

individuals, Ast10 represents <1% of all astrocytes, but the frequency can go up to 80% in rare cases 189 

(Figure 3A). Notably, the enrichment of Ast10 is especially pronounced in participants with a clinical 190 

diagnosis of AD (Figure 3A). To understand the molecular basis of such variability, we used a 191 

multivariate approach, partial least-squares regression (PLSR)34. PLSR simultaneously links the 192 

expression of the NicheNet-prioritized ligands from specific microglial or astrocytic subpopulations to 193 

Ast10 frequency across 171 donors from the CUIMC1 Discovery dataset who have at least one Ast10 194 

cell (Figure 3B). In this model, each donor is treated as an observation and is given a set of 28 ligand 195 

summary scores to predict the donor’s Ast10 frequency. To calculate the summary score for a given 196 

ligand, we averaged its pseudobulk expression only from glial subpopulations whose expression of that 197 

ligand is significantly correlated with Ast10 frequency across participants (Extended Data Figure S8A, 198 

B, See Methods for details). PLSR then reduces the dimensionality of the data (171 donors by 28 199 

ligand scores) by transforming it into a principal component space (a set of orthogonal coordinates), in 200 

a manner that maximally captures the covariance between the input signal variable (ligand summary 201 

score profile) and the response variable (Ast10 frequency) (Figure 3B). To train the model, we used 202 

90% of the 171 donors (CUIMC1 training set) and withheld the remaining 10% for validation (CUIMC1 203 

test set). The PLSR model performance was evaluated by calculating the fraction of variance in Ast10 204 

frequency explained (R2) or predicted (Q2) by the ligand summary scores (Figure 3C). The cell-state 205 

specific ligand model shows remarkably high accuracy in model fit and prediction of the CUIMC1 206 

training data, with R2 = 0.62 and Q2 = 0.57 ± 0.09 (using repeated 5-fold cross-validation) for the first 207 

PLSR component (Figure 3C). To independently validate the model, we then used the trained model to 208 

predict Ast10 frequency in the remaining 10% of the donors. The model demonstrates consistent 209 

accuracy, capturing 0.64 of the variance (Q2) in Ast10 frequency in the CUIMC1 test set (Figure 3D). 210 
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To further assess the robustness of the ligand model, we used the model trained on the 211 

CUIMC1 dataset to independently predict Ast10 relative proportions across non-overlapping individuals 212 

from the CUIMC2 and MIT datasets. The Diversity dataset did not have a sufficient number of 213 

individuals with Ast10 and was therefore not considered in this replication effort. In the CUIMC2 data 214 

(Figure 3E), the ligand model retained most of its performance, predicting 0.42 of the variance (Q2) in 215 

Ast10 frequency. In the MIT dataset (Figure 3F), the ligand model predicts 0.36 of the variance (Q2). 216 

Despite the reduced quantitative accuracy, the ligand model captures the overall pattern of the Ast10 217 

frequency in the MIT data, given the strong and significant correlation (Pearson’s R = 0.64, P = 9.6×10-218 
10) between predictions and the observed frequencies. Thus, we have demonstrated that our PLSR 219 

ligand model is robust, yielding reproducible results in two different datasets that do not overlap with the 220 

set of participants from which the model was derived.  221 

The high predictability of the PLSR model validates the NicheNet-inferred ligands that we have 222 

prioritized as being important in driving Ast10 transcriptional programs. Importantly, it also indicates a 223 

significant link between signaling cues from specific glial states and astrocyte state compositions, 224 

explaining the substantial interindividual variability in Ast10 relative proportions (Figure 3A). 225 

Accordingly, donors with low to high Ast10 relative proportions can be ordered based on their PLSR 226 

scores along the first PLSR component (PLS 1) (Figure 3G). The interpretability of PLSR enables us to 227 

then dissect the PLSR components in molecular terms based on their loadings, which describe the 228 

contribution of each signal or response variable to a given PLSR component. Consistent with the 229 

scores plot, the response variable (i.e., Ast10 frequency) is highly and positively weighted along PLS 1 230 

(Figure 3H). Loadings of the signal variables reveal two distinct groups of ligands that contribute to 231 

PLS 1 in opposite directions (Figure 3H). To further assess the significance of each contributing ligand 232 

to Ast10 frequency prediction, we calculated the variable importance in projection (VIP) scores using 233 

the first PLSR component, with which the model achieves maximal accuracy (Figure 3I). Among the 234 

significant ligands (determined by a magnitude of VIP ≥ 1), axon guidance and cell-cell adhesion genes 235 

(e.g., JAM2, NCAN, SEMA4D, LRRC4B) have positive PLS 1 loadings, thus correlating with Ast10 236 

enrichment (Figure 3H, I). In contrast, another group of significant ligands correlates with Ast10 state 237 

depletion, given their negative weights along PLS 1, including genes associated with extracellular 238 

matrix organization (e.g., FN1, EFEMP1), epidermal growth factor signaling (NRG3), synaptogenesis 239 

(NRXN1) and astrocyte reactivity after injury (LGALS335) (Figure 3H, I). Together, analysis of the ligand 240 

PLSR model generates hypotheses on the signal-response relationships between combinatorial 241 

patterns of specific ligands and the enrichment of Ast10 cell subpopulation. 242 

Next, we asked whether the astrocyte expression of the 26 NicheNet-prioritized receptors also 243 

predict Ast10 frequency across donors (Extended Data Figure S8C). Applying the PLSR modeling 244 
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approach, we found that the receptor model is moderately predictive of Ast10 relative proportion in the 245 

CUIMC1 Discovery data, predicting 0.47 of the variance (Q2) in the training data and even higher in the 246 

validation set (Q2 = 0.62) (Extended Data Figure S8D, E). The performance of the receptor model is 247 

also robust when tested on additional samples from the CUIMC2 and MIT datasets, predicting 0.39 and 248 

0.35 of the variance (Q2) in Ast.10 frequency, respectively (Extended Data Figure S8F, G). Individuals 249 

with higher Ast.10 frequency show elevated PLS1 scores (Extended Data Figure S8H), driven by 250 

upregulated receptors (Extended Data Figure S8I). Consistently, among the most significant receptors 251 

(based on their VIP scores), we find ADORA1 (GNAS receptor), PLXNB1 (SEMA4D/B receptor), and 252 

PTPRS (LRRC4B receptor) whose corresponding ligands are also significant contributors to the ligand 253 

model (Extended Data Figure S8J, Figure 3I).  254 

Together, these results reveal that the Ast10 subpopulation is associated with cell-cell 255 

interactions involving specific microglial states or other astrocytic states. The gene expression of these 256 

ligands and receptors in specific microglial or astrocytic states are highly predictive of the relative 257 

abundance of the Ast10 subpopulation across hundreds of individuals from different datasets. 258 

 259 

Prioritized ligand pathway activities are associated with Astrocyte 10 signature at the single-cell 260 

level 261 

To evaluate the activities of the significant ligands from the PLSR model (EFEMP1, JAM2, NRXN1 262 

NCAN, LGALS3, SEMA4D, FN1, GNAS, SEMA4B, LRRC4B, NRG3, RGMA, LRIG1), we quantified the 263 

association between genes downstream of these ligands with Ast10 signature across individual 264 

astrocytes from the snRNAseq data (CUIMC1). We reasoned that for the prioritized ligands to be 265 

active, genes from their downstream pathways should be informative of individual astrocytes’ Ast10 266 

signature (regardless of it being up- or down-regulated by the ligand) (Figure 4A). To quantify such 267 

flow of information at the single-cell level, we used a metric called conditional-Density Resampled 268 

Estimate of Mutual Information (DREMI) that is designed to capture the non-linear associations among 269 

genes in single-cell data36,37. To alleviate the challenge of dropouts inherent to snRNAseq data, we use 270 

a data-diffusion approach called MAGIC38 to impute gene expression across astrocytes, recovering 271 

gene-gene relationships that were otherwise obscured by dropouts (See Methods).  For each gene 272 

(excluding Ast10 signature genes themselves) that was used by NicheNet to link the prioritized ligands 273 

to downstream Ast10 signature genes, we calculated a DREMI score between its expression and the 274 

Ast10 signature score (See Methods for signature score calculation) across individual astrocytes.  275 

As expected, most of the ligands, their receptors as well as their downstream signaling 276 

mediators and transcription regulators have significantly higher DREMI scores compared to random 277 

permutations of the data, indicating that they share certain levels of mutual information with the Ast10 278 
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signature (Figure 4B). In particular, JAM2, predicted by NicheNet to mediate signaling among 279 

astrocytes themselves (Figure 2C), has a high DREMI score of 1.17 (among top 0.7% of all tested 280 

ligands; See Methods) when associating its expression across astrocytes at the single-cell level 281 

(Figure 4C). Similarly, the top receptor predicted by NicheNet, PLXNB1, has a high DREMI score of 282 

1.09 (among top 1% of all receptors) in association with Ast10 signature. As predicted by the PLSR 283 

model, ligand NRXN1 is associated with decreasing Ast10 frequency, its downstream signaling 284 

mediator, PRKCA, also decreases with Ast10 signature with a high DREMI score of 1.18 (among top 285 

0.2% of signaling mediators). In summary, the pathway analysis provides further evidence of the 286 

activities of the prioritized ligands in regulating Ast10 state at the single-cell level. 287 

 288 

Expression of prioritized ligands predicts in the vicinity of Ast10 in spatially registered 289 

transcriptomic data. 290 

To validate the group of ligands prioritized by NicheNet and PLSR, we analyzed spatial transcriptomic 291 

data (Visium platform) from 32 sections of frozen dorsolateral prefrontal cortex obtained from 17 292 

individuals selected from our Discovery cohort39. Among them, 15 donors had a clinical diagnosis of AD 293 

dementia and advanced AD pathologies, while 2 donors were cognitively unimpaired and showed no 294 

pathological signs of AD. (see Supplementary Table 7 for demographic and clinicopathologic 295 

characteristics). This version of Visium captures RNA in an array of 55 um spots, and the RNA is 296 

subsequently reverse transcribed to cDNA and sequenced in a spatially registered manner40. We 297 

focused on ligands that are predicted to upregulate Ast10 signature (based on VIP scores ≥ 1) and 298 

asked whether the expression of these ligands in the vicinity of a given spot can predict the expression 299 

level of the Ast10 signature of that spot. To operationalize this analysis, we assessed data found within 300 

a radius of 3 spots (468 um) from the center of the target spot. In most tissue sections (26 out of 32 301 

sections), we observed significant and positive correlations between the top ligand signature within the 302 

neighborhood and the Ast10 signature (representative sample shown in Figure 5A, statistics of all 303 

samples shown in Figure 5C). In contrast, no significant correlations were observed when associating 304 

each spot’s Ast10 signature with the ligand signature in randomly located spots (Figure 5 B). 305 

Importantly, for most samples, we did not observe significant and positive correlations when associating 306 

the prioritized ligands with the upregulated signatures of other astrocyte subtypes (Figure 5C), 307 

suggesting that the prioritized ligands are specifically predictive for the Ast10 signature. Interestingly, 308 

Ast3 appears to be significantly depleted in the target spot, suggesting that Ast10 and Ast3 may be 309 

somewhat mutually exclusive in regions with high Ast10 ligand expression. 310 

To further explore the spatial relationship between individual prioritized ligands and Ast10 311 

signature genes, we used MISTy41, an explainable machine learning framework to analyze the 312 
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importance of each ligand in predicting each Ast10 signature gene. Specifically, we used MISTy to 313 

estimate the contribution of ligands within the local neighborhood (radius of 3 spots) on a given Ast10 314 

signature gene, while adjusting for the intrinsic contribution from other Ast10 markers within the same 315 

spot. We found that many of the ligands in the PLSR model are significantly predictive (based on 316 

MISTy importance scores > 0; see Methods for detailed explanation of the metric) of most of the Ast10 317 

signature genes (Figure 5D). To assess the significance of the prioritized ligand set (13 ligands with 318 

|VIP| ≥ 1 in the PLSR model), we performed a permutation analysis. Specifically, we randomly selected 319 

13 ligands from the full set of possible ligands 100,000 times, calculating the mean total importance 320 

score for each set (defined as the sum of importance z-scores across all Ast10 signature genes). The 321 

prioritized ligands in the PLSR model exhibited significantly higher average total importance scores 322 

compared to most randomly sampled ligand sets (empirical P-value = 1.4 × 10-3, Figure 5E). Taken 323 

together, these results derived from a different datatype (spatially registered RNAseq data) suggest that 324 

we have identified a set of ligands expressed in microglia or astrocytes that putatively regulate the 325 

Ast10 state. These ligands are prioritized and validated in silico based on several orthogonal 326 

approaches: 1) their ability to recapitulate the Ast10 signature given by prior evidence of the signaling 327 

pathways, 2) their predictability of Ast10 frequencies across individuals in several independent single-328 

nucleus datasets, and 3) their spatial colocalization with Ast10 signature in brain tissue. Across these 329 

several approaches, we found that the SEMA4D – PLXNB1 ligand-receptor pair consistently showed up 330 

as a significant contributor to the Ast10 state. Given that we had previously investigated PLXNB1’s role 331 

as a key node in a molecular network leading to cognitive decline42, we elected to focus on the 332 

SEMA4D – PLXNB1 pair in further experimental validation. 333 

 334 

Ast10 marker colocalizes with PLXNB1 in human tissue at the protein level 335 

We first tested, in situ, whether PLXNB1 is upregulated at the protein level in Ast10-like astrocytes in 336 

human tissue at the single-cell level. To this end, we used immunofluorescence (IF) to measure the 337 

expression of PLXNB1, Ast10 marker SLC39A11 and astrocyte cell-type marker GFAP, capturing 40 338 

images at 20x magnification of a formalin-fixed paraffin-embedded (FFPE) DLPFC sample derived from 339 

a donor with AD. SLC39A11 was selected as a marker for the Ast10 signature due to the lack of 340 

specific antibodies against more strongly upregulated transcriptional markers (e.g., SLC38A2, SMTN, 341 

CACNA1D) for IF on human brain sections. Nevertheless, SLC39A11 is significantly upregulated in 342 

Ast10 compared to all the other astrocyte states (Supplementary Table S2).  343 

For image analysis, the images were segmented to identify individual GFAP+ astrocytes using a 344 

custom pipeline implemented in CellProfiler43; the resulting cell-by-mean fluorescence intensity feature 345 

matrix was used in downstream analyses (See Methods, Figure 6A). To determine whether PLXNB1 346 
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protein expression level in a given astrocyte is predictive of its expression of SLC39A11 (used as a 347 

marker protein for the Ast10 signature), we fit a mixed effects model controlling for the fixed effect of 348 

GFAP levels and the random effect across images (See Methods). We observed a strongly positive and 349 

significant effect size (P < 2×10-16) of PLXNB1 in predicting SLC39A11 expression level across 350 

individual astrocytes, confirming the association between astrocytic PLXNB1 receptor and the Ast10 351 

signature in human tissue (Figure 6 B, C). Interestingly, GFAP expression is moderately but inversely 352 

correlated with SLC39A11, suggesting that the Ast10 signature and the classic reactive astrocyte state, 353 

characterized by elevated GFAP levels, may be mutually exclusive8,44,45. (Extended Data Figure S9A).  354 

 355 

Altered expression of PLXNB1 reduces Ast10 signature in a mouse model and in human iPSC-356 

derived astrocytes 357 

To validate the importance of PLXNB1 in regulating Ast10 signature in a human cellular model, we 358 

accessed a human induced pluripotent stem cell (iPSC) line in which PLXNB1 had been knocked out46 359 

and its isogenic control line. These lines are derived from a donor who does not have a history of AD. 360 

Both hiPSC lines were then differentiated into astrocytes (iAst) by viral induction of NIFB and SOX9 361 

expression. We then performed scRNA-seq to profile transcriptome-wide changes due to PLXNB1 362 

perturbation. To minimize the effect of possible cell-to-cell variability in differentiation, we used the 363 

reference-mapping approach described above to annotate the iAst at the cell-type level. We then 364 

computationally selected the most astrocyte-like cells for downstream analysis (See Methods). 365 

 We first evaluated the similarity between the Ast10 transcriptional program in the baseline iAst 366 

model and that observed in postmortem human astrocytes. To achieve this, we performed a gene-gene 367 

correlation analysis, comparing the coexpression patterns of Ast10 markers in the baseline iAst model 368 

(iAst Control) with those in the snRNAseq dataset (Extended Data Figure S9B). In the baseline iAst 369 

model, Ast10 markers were grouped into two distinct coexpression gene modules. However, in the 370 

snRNAseq data, these two gene modules exhibited stronger positive correlations with each other 371 

(Extended Data Figure S9B). This suggests that while many Ast10 markers are coordinately 372 

expressed in the iAst model, patterns of transcriptional program expression are not identical to 373 

postmortem human astrocytes in the model system. 374 

 Next, we assessed the impact of genetic depletion of PLXNB1 on the Ast10 transcriptional 375 

program in the iAst model system. In this model system, the gene editing targeting PLXNB1 in iAst has 376 

significantly reduced PLXNB1 expression (P = 1.9×10-76) as well as the top Ast10 markers, such as 377 

SMTN (P = 5.1×10-77), SLC38A2 (P = 6.5×10--39), SLC39A11 (P = 1.7×10-5), and BCAN (P = 5.2×10-5) 378 

(Figure 6D). However, not all Ast10 markers were significantly downregulated upon PLXNB1 deletion, 379 

consistent with the hypothesis that PLXNB1 alone is unlikely to be sufficient to drive the entire Ast10 380 
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signature. Instead, a combination of receptors may be required to recapitulate the entire signature. 381 

Further, we observed distinct responses among the two gene sets defined in iAst Control cells: Gene 382 

Set 2 of Ast10 markers showed a significant reduction in expression upon PLXNB1 deletion as 383 

hypothesized (P = 9.5×10-31, Extended Data Figure S9D). Notably, the proportion of cells expressing 384 

high levels of PLXNB1 RNA and Gene Set 2 markers decreased from 39.4% to 10% following PLXNB1 385 

knockout (Figure 6E). In contrast, Gene Set 1 (primarily metallothionein genes) exhibited a significant 386 

increase in expression upon PLXNB1 knockout (P = 4.2×10-48, Extended Data Figure S9C).  387 

Since the human cellular model does not fully capture the cellular context in the brain, we also 388 

tested the regulatory role of PLXNB1 for Ast10 signature in vivo, by repurposing a published single-cell 389 

RNAseq dataset collected from mouse cortical tissues to compare reference (wild-type) and Plxnb1 390 

knock-out (Plxnb1-/-) animals46. To computationally identify the astrocytes from this dataset, we 391 

annotated individual cells by their major cell types, using our snRNAseq Discovery data as reference 392 

(See Methods). As expected, astrocytes from Plxnb1-/- mice have significantly lower Plxnb1 expression 393 

compared to the control (P = 0); there appears to be residual Plxnb1 truncated RNA expression, which 394 

may be derived from 5’ exons that are spliced to the gene trap cassette inserted into the Plxnb1 locus47.  395 

As anticipated, reduced Plxnb1 expression in vivo significantly decreases the same top Ast10 marker 396 

genes that were reduced in the human PLXNB1-KO iAst line above: Smtn (P = 4.8×10-15), Slc38a2 (P = 397 

1.5×10-112), Slc39a11 (P = 2.6×10-9), and Bcan (P = 1.2×10-6) (Figure 6F, Extended Data Figure S9E) 398 

when we look at all astrocytes. To more comprehensively identify Ast10-like cells in the mouse data, we 399 

calculated the Ast10 signature score for individual astrocytes using all upregulated Ast10 marker genes 400 

that were expressed in the mouse data (25 out of 39 of the Ast10 marker genes from human snRNAseq 401 

data have an orthologue in the mouse data; See Methods). In wild-type animals, 30.8% of astrocytes 402 

were high in both Plxnb1 and Ast10 signature. Reduced Plxnb1 expression in the Plxnb1-/- animals 403 

dramatically shifts the distribution of astrocytes: only 0.5% of cells remained high in both while 69% of 404 

cells were observed to be low in both Plxnb1 and the Ast10 signature (Figure 6G). These results 405 

validate the regulatory role of astrocytic PLXNB1 in inducing the Ast10 state in vivo. 406 

Altogether, these findings demonstrate that PLXNB1 drives at least a part of the main 407 

transcriptomic signature of Ast10 consistently across two model systems; it is likely that the complete 408 

signature only emerges with the activation of several receptors and the convergence of multiple 409 

different signals. Future studies are needed to validate additional putative ligand-receptor pairs that 410 

synergize with PLXNB1 in inducing a more complete Ast10 signature. 411 
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Ast10 has a pathology-independent effect on cognitive decline and may exert its effect through 412 

synaptic loss  413 

The significant, robust association between Ast10 frequency and cognitive decline across multiple 414 

independent studies suggest an important, potentially causal role of Ast10 in AD-related cognitive 415 

decline1. However, while AD pathology is a major contributor to aging-related cognitive decline, many 416 

other factors contribute to this process, and more than half of the variance in cognitive decline remains 417 

unexplained after all known risk factors are evaluated48. To understand the extent to which other factors 418 

may explain the association between Ast10 frequency and cognitive decline, we deployed a linear 419 

regression model that includes all known aging-related proteinopathies (amyloid, tau, Lewy bodies and 420 

TAR DNA-binding protein 43), multiple measures of neurovascular pathology, and other factors (such 421 

as the level of education and hippocampal sclerosis) that are known to be associated with cognitive 422 

decline (Extended Data Figure S10). We then added an additional term for the frequency of Ast10 423 

(Figure 6H) which remains significantly associated (P = 3.1 × 10-6) with the slope of cognitive decline 424 

after all listed variables are accounted for. Thus, we can say that, beyond its role in AD, Ast10 captures 425 

the consequences of other, as yet undiscovered, processes that contribute to aging-related cognitive 426 

decline.  427 

To begin probing the mechanism by which Ast10 affects cognition, we hypothesized that Ast10 428 

may reduce synapse integrity, ultimately leading to cognitive decline. Synaptosomal-associated protein 429 

25 (SNAP25) levels are strongly associated by cognitive decline in ROSMAP and has previously been 430 

used as a proxy for synaptic integrity49,50. Thus, we tested whether SNAP25 protein expression 431 

mediates the effect of Ast10 on cognitive decline, leveraging matching bulk DLPFC proteomic data from 432 

a subset of the CUIMC1 ROSMAP participants (n = 273 have snRNAseq and proteomic data). Ast10 433 

frequency is significantly associated with both cognitive decline (P = 0.001) and SNAP25 expression (P 434 

= 2.8×10-5) in these ROSMAP participants (Figure 6I). Higher levels of SNAP25 protein, as previously 435 

reported51, is associated with slower cognitive decline (P = 0.002). We can then test for mediation, and 436 

SNAP25 mediates 25% (P = 0.002) of the association between Ast10 frequency and cognitive decline 437 

(Figure 6I). This result suggests a new hypothesis: that Ast10 cells may contribute to cognitive decline 438 

by causing synaptic loss (and hence lower SNAP25 protein levels) and subsequent neuronal 439 

dysfunction. This hypothesis connects with several of the characteristics of Ast10, such as genes 440 

involved in extracellular matrix remodeling (e.g., JAM2, EFEMP1, NCAN, Figure 3I), which have been 441 

implicated in perisynaptic nets that contribute to the maintenance of synapses.442 
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Discussion 443 

To date, an increasing number of disease-associated cellular states of every major cell type has been 444 

reported to be involved in AD1,3–11. However, there remains a major gap in our knowledge when it 445 

comes to the origins of these cell subpopulations and their inter-cellular coordination over the course of 446 

brain aging and disease progression. Our work and other reports have proposed that these disease-447 

associated cellular states often appear in concert1,2,39,45,46,52–56, suggesting that their origins are likely 448 

orchestrated by cell-cell interactions or through responses to shared microenvironmental signals. 449 

Here, we first completed an essential step in linking specific cellular states to AD-related traits: 450 

presenting evidence that the Discovery study’s results are replicable in independent snRNAseq 451 

datasets. This is difficult to achieve for practical reasons: primarily, the high cost of producing a second 452 

single-nucleus dataset of equal or greater size which would have proper statistical power to replicate 453 

the results of a discovery study. Our own previous effort had used cell-state frequencies inferred from 454 

bulk RNAseq data from an independent set of participants1,2. This replication effort was successful, but 455 

uncertainty remained. Also, certain cell subtypes could not be inferred robustly from bulk data and were 456 

not considered in the published replication analysis1. It was therefore essential to complete a replication 457 

of the original results at the single-cell level with the same datatype. Our meta-analysis of three 458 

replication datasets (n=432) provides definitive evidence that our results are robust, and the most up-459 

to-date results are those emerging from the meta-analysis assembling all four datasets (n = 869 brains) 460 

(Figure 1E, F). These analyses also present an initial assessment suggesting that the findings may be 461 

relevant among non-European individuals, although much more work is needed to fully address this 462 

issue. Further, as expected, the increased sample size uncovers the role of additional cell 463 

subpopulations, such as microglial state Mic16 and endothelial state End3 which seem to be 464 

influencing the appearance of cognitive symptoms. These cell subpopulations now need further 465 

characterization, but they are beyond the scope of this manuscript; here, we elected to pursue the 466 

characterization of Ast10 as an exemplar, developing an approach to identify the intercellular signals 467 

that lead to the differentiation of a prioritized cell state. 468 

After analyzing 4.2 million nuclei collected from 869 brains, an 469 

SLC38A2highSMTNhighCACNA1Dhigh astrocyte state, Ast10, is the cell subpopulation (among 91 tested) 470 

that is most strongly associated with cognitive decline, the ultimate target for therapeutic development 471 

as many individuals with evidence of AD proteinopathy are cognitively unimpaired3,57. In our earlier 472 

work, Ast10 defined the terminus of a trajectory of brain aging that leads to AD1. Ast10 is characterized 473 

by a distinct transcriptional signature associated with intracellular ion transport, extracellular matrix 474 

organization and oxidative stress. Key marker genes in this signature include ion transporters such as 475 
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SLC38A2, SLC39A11 and CACNA1D, cytoskeleton components such as SMTN and SGCD, as well as 476 

metallothionein genes like MT1F and MT1G. This signature stands apart from the more commonly 477 

described Disease-Associated Astrocyte (DAA) state, which typically exhibits an acute inflammatory 478 

response profile, including GFAP, SERPINA3, and OSMR8,44,45. Although the origins and specific 479 

functions of the Ast10 state have not been studied, a similar astrocyte signature (e.g. SLC38A2, MT1G, 480 

CACNA1D) was upregulated in AD samples from a smaller, independent cohort5. In another 481 

independent snRNAseq study that sampled the spatiotemporal progression of AD across 32 482 

participants, Ast10 markers such as SLC38A2, SLC39A11, PLXNB1 were part of an astrocytic gene set 483 

that were elevated at later stages of AD58. Together, these studies further support an important role of 484 

the lesser known Ast10 state in AD. 485 

Focusing on Ast10 as an important but understudied cell subset, we performed an analysis to 486 

identify the microglial or astrocytic signals that may drive the emergence of the Ast10 state. Our 487 

approach is distinct from common cell-cell communication inference approaches which only 488 

prioritize ligand-receptor interactions based on the cell-type/subtype specificity of expression alone59–61; 489 

here, we computationally prioritized a set of ligands expressed in specific microglial or astrocytic states 490 

based on how well their downstream signaling recapitulates the Ast10 signature. These predictions are 491 

robust, as we replicate them in two other independent snRNAseq datasets. Further, we have illustrated 492 

how our multivariate modeling with PLSR can yield specific hypotheses that can be validated 493 

experimentally (i.e. PLXNB1). We thus have outlined an approach to understanding the paracrine 494 

regulation of important cellular states; such an approach can be repurposed to explore our other cell 495 

subpopulations that are associated with AD traits (Figure 1E).  496 

A key validation effort in this study is the use of spatial transcriptomics to provide direct, 497 

independent evidence for the role of prioritized ligands in regulating the Ast10 signature within human 498 

tissue while preserving its spatial context. We analyzed spatially registered transcriptomic data from 32 499 

DLPFC tissue sections obtained from 17 donors, the majority of whom exhibited advanced AD 500 

pathology. The prioritized ligands in the local neighborhood were significantly and specifically predictive 501 

of the Ast10 signature at the center of the neighborhood, compared to other astrocytic states, providing 502 

strong evidence for their role in driving the Ast10 state in AD brains (Figure 5A-D). Furthermore, when 503 

evaluating the importance of these prioritized ligands relative to all possible ligands in the spatial 504 

context, we found that they outperformed most others, underscoring their significance (Figure 5E). 505 

Interestingly, this analysis also identified additional ligands with high importance, potentially expressed 506 

in other cell types not included in our initial NicheNet analysis, warranting future investigation. 507 

Methodologically, this study highlights the power of integrating multi-modal data: first 508 

identifying disease-relevant cell subpopulations and their signaling regulators through well-powered 509 
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single-cell transcriptomics and then situating them within the tissue context using spatial approaches. 510 

Notably, over half of the significant predictors from the ligand PLSR model and spatial analysis were 511 

associated with axon guidance, synapse assembly, or synaptic function, including SEMA4D, LRRC4B, 512 

RGMA, NRXN1, SEMA4B, LRIG1, and NRG3. This enrichment of synapse-related molecules aligns 513 

with the potential role of Ast10 in modulating synaptic integrity, further supported by our mediation 514 

analysis with SNAP25 (Figure 6H). 515 

For one of these prioritized receptors, PLXNB1, we extended the validation to include 516 

immunofluorescence measurement in human tissue, genetic perturbation of model systems in vitro and 517 

in vivo. First, although PLXNB1 is not part of the defining gene set for Ast10, its expression at the 518 

protein level in astrocytes is correlated to the protein expression of SLC39A11, a marker gene selected 519 

to represent the Ast10 signature. Further, genetic ablation of PLXNB1 reduces Ast10 signature as 520 

expected in both a mouse model and a human iAst model (Figure 6): we found that depleting PLXNB1 521 

expression significantly reduces the Ast10 signature in both murine astrocytes and hiPSC-derived 522 

astrocytes, consistent with the hypothesis that PLXNB1 contributes to the regulation of the Ast10 state. 523 

PLXNB1 has been associated with various central nervous systems disease contexts46,62,63. In AD, we 524 

previously identified PLXNB1 as a key node of a gene module from bulk RNAseq data that is 525 

significantly associated with cognitive decline in the ROSMAP cohort42. Additionally, PLXNB1 may be 526 

important in maintaining cell-cell distancing of microglia and astrocytes around plaques46. Our finding 527 

that PLXNB1 regulates the Ast10 state therefore unify these separate observations by connecting them 528 

to a specific subset of astrocytes implicated in synaptic loss that is a feature of AD64. 529 

Our results also revealed a specific extracellular matrix (ECM) profile associated with the Ast10 530 

state, adding to existing evidence that suggest an important role of astrocyte-ECM interactions in 531 

neurodegeneration65,66. In particular, our PLSR model shows that the enrichment of Ast10 in the cortex 532 

is associated with increased levels of the lectican family of chondroitin sulfate proteoglycans, such as 533 

neurocan (NCAN) and, to a lesser extent, with brevican (BCAN) (Figure 3I), which are key components 534 

of the perineuronal ECM67. In contrast, fibronectin (FN1) that makes up the basement membrane ECM 535 

surrounding the vasculature68 are associated with diminished Ast10 frequency (Figure 3I). These 536 

results suggest that Ast10 may preferentially reside around neurons, possibly interacting with the 537 

perisynaptic ECM to alter synaptic functions. Profiling human cortical tissues at the single-cell level 538 

using spatial transcriptomic technologies (e.g. MERFISH69) will be needed to reveal the spatial 539 

organization of Ast10 and interacting neuronal subsets to test this hypothesis.  540 

The exact role of such lectican-rich ECM microenvironment in AD remains unclear. While 541 

lectican may serve as a protective barrier for neurons70, it may also mediate neuroinflammatory 542 

responses68,71 or inhibit synaptic plasticity72,73. These seemingly opposite roles of lecticans likely 543 
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depend on their versatile post-translational modifications. Since astrocytes are a primary source of 544 

lecticans, future studies should investigate the potential mutual influence between Ast10 and 545 

surrounding ECM, and how such interactions may impact synaptic function in AD. 546 

Altogether, these results suggest that the increased frequency of Ast10 may lead to disruption 547 

of the established peri-synaptic nets and subsequent loss of synapses by neurons in AD. However, we 548 

also show that Ast10 explains a significant amount of the variance in aging-related cognitive decline 549 

that is not explained by known risk factors such as AD proteinopathies. Thus, Ast10 may also play a 550 

key role in other, as yet unknown, processes that contribute to loss of cognition in older age (Figure 551 

6H). The Ast10 state may be a key nexus for multiple different pathophysiological processes that lead 552 

to synaptic loss and cognitive dysfunction, making it and its regulators promising targets for therapeutic 553 

development.554 
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Materials and Methods 555 

Participants 556 

Human molecular profiles and clinicopathological traits used in this study are measured from 
557 

participants from the following five community-based cohort studies of aging and dementia. All five 
558 

studies are conducted by the Rush Alzheimer’s Disease Center (RADC) and share a large common 
559 

core of data collected by the same team19. All five were approved by an Institutional Review Board of 
560 

Rush University Medical Center. All participants enrolled without known dementia and agreed to annual 
561 

clinical evaluation. All participants signed informed and repository consents and brain donors signed an 
562 

Anatomic Gift Act. Below are summaries of the study designs and demographics: 
563 

Religious Orders Study (ROS)14  
564 

The Religious Orders Study (ROS) is a longitudinal epidemiologic clinical-pathologic cohort study 565 

focused on aging and Alzheimer's disease. Participants include older Catholic nuns, priests, and 566 

brothers from diverse groups across the US. Enrollment began in 1994, with participants agreeing to 567 

annual clinical evaluation, cognitive testing, and a subset have annual blood draw. All participants 568 

agree to brain donation and sign an Anatomic Gift Act. 569 

Rush Memory and Aging Project (MAP)15 570 

The Rush Memory and Aging Project (MAP) is a longitudinal epidemiologic clinical-pathologic cohort 571 

study, emphasizing common chronic conditions of aging, cognitive decline, and Alzheimer's risk. It 572 

includes older men and women recruited from retirement communities and senior housing facilities in 573 

Chicagoland and northeastern Illinois. Enrollment began in 1997, and all participants undergo annual 574 

clinical evaluation, cognitive testing, and annual blood draw. All participants agree to organ donation 575 

(e.g., brain, spinal cord, nerve and muscle)  and sign an Anatomic Gift Act. 576 

Minority Aging Research Study (MARS)17 
577 

The Minority Aging Research Study (MARS) is a longitudinal epidemiologic cohort study focusing on 578 

cognitive decline and Alzheimer's risk in older African Americans. Recruitment began in 2004, 579 

exclusively enrolling older African American men and women who undergo annual clinical evaluation, 580 

blood draw, and brain donation is optional. 581 

African American Clinical Core18 
582 

The African American Clinical Core is a longitudinal epidemiologic clinical-pathologic cohort study 583 

examining the transition from normal aging to mild cognitive impairment (MCI) to early dementia. 584 

Recruitment of the current cohort began in 2008. Participants, primarily older African Americans from 585 

the Chicago area, undergo annual clinical evaluation, blood draw, and brain donation is optional. 586 
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Latino CORE Study (LATC)19 
587 

The Latino CORE Study (LATC) is a longitudinal epidemiologic cohort study investigating cognitive 588 

decline and Alzheimer's risk in older Latinos. Recruitment started in 2015, enrolling older 589 

Latino/Hispanic adults who undergo annual clinical evaluation, blood draw, and brain donation is 590 

optional. 591 

 592 

AD phenotype measures 593 

We focused on the following two continuous measures of AD pathological traits, which have higher 594 

statistical power than discrete classifications. 595 

Rate of cognitive decline: estimated person-specific rate of change in the global cognition variable over 596 

time. Global cognition is assessed annually using 21 cognitive tests, 17 of which are shared across 597 

studies and used to derive summary measures for five cognitive domains: episodic memory, semantic 598 

memory, working memory, visuospatial ability, and perceptual speed. The global cognition score is 599 

computed by averaging the standardized scores of these 17 tests. The methods for assessing cognition 600 

are detailed in previous publications23–25. The person-specific slope of cognitive decline was then 601 

measured by modeling the annual global cognitive scores using a linear mixed effects model, 602 

controlling for age at baseline, sex and years of education25.  603 

Aβ and tau pathology burden: Pathological measures were collected (as described previously in 604 

detail19,21,22). Briefly, percent area of cortex occupied by Aβ or abnormally phosphorylated tau-positive 605 

neurofibrillary tangles, which were measured at death by immunohistochemistry. Aβ immunostaining 606 

was performed with one of three monoclonal antibodies: 4G8 (1:9000; Covance Labs, Madison, WI), 607 

6F/3D (1:50; Dako North America Inc., Carpinteria, CA), or 10D5 (1:600; Elan Pharmaceuticals, San 608 

Francisco, CA). Paired helical filament (PHF) tau proteins were detected using the phosphorylated tau-609 

specific antibody AT8 (Innogenetics, San Ramon, California, USA; 1:1000). Immunostaining was 610 

conducted as previously described on 20 µm paraffin-embedded tissue sections collected from 8 brain 611 

regions (the hippocampus, entorhinal cortex, anterior cingulate cortex, midfrontal cortex, superior 612 

frontal cortex, inferior temporal cortex, angular gyrus, and calcarine cortex), followed by image analysis 613 

for quantification22,27,28. Global measures for Aβ and tau burdens were summarized by averaging the 614 

measurements obtained from the eight brain regions. In the association analysis, we used the square-615 

root transformed burden measures for better statistical properties. 616 

  617 

Other neuropathological measures 618 

Other neuropathologies were also measured using immunohistochemistry as previously described74. 619 

Presence of TAR DNA-binding protein 43 (TDP-43) cytoplasmic inclusions in neurons and glia were 620 
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assessed in eight brain regions (amygdala, entorhinal cortex, hippocampus CA1, hippocampus dentate 621 

gyrus, anterior temporal pole cortex, midtemporal cortex, orbital frontal cortex, and midfrontal cortex) 622 

using a phosphorylated monoclonal TAR5P-1D3 antibody (pS409/410)75. TDP-43 pathology was 623 

staged into four categories: none, amygdala only, amygdala + limbic, and amygdala + limbic + 624 

neocortical. Lewy body disease was evaluated in four stages (none, nigral-predominant, limbic-type, 625 

neocortical-type) across seven regions (substantia nigra, anterior cingulate cortex, entorhinal cortex, 626 

amygdala, midfrontal cortex, superior or middle temporal cortex, inferior parietal cortex) using α-627 

synuclein immunostaining with monoclonal antibody LB50976. Cerebral amyloid angiopathy (CAA) 628 

pathology was analyzed in four neocortical regions (midfrontal, midtemporal, parietal, calcarine 629 

cortices) using one of three monoclonal anti-amyloid-β antibodies: 4G8, 6F/3D, or 10D577. Amyloid-β 630 

deposition in meningeal and parenchymal vessels was scored from 0 to 4, and the scores across 631 

regions were averaged to obtain a continuous composite score for CAA77. Additionally, large vessel 632 

cerebral atherosclerosis and arteriolosclerosis were graded based on visual and histological 633 

examination of arterial vessels after paraformaldehyde fixation78,79. Chronic cerebral infarctions and 634 

microinfarcts were assessed in a minimum of nine brain regions stained with hematoxylin and eosin 635 

(H&E)80. Hippocampal sclerosis was identified by neuronal loss and gliosis in CA1 or subiculum regions 636 

stained with H&E81. 637 

 638 

Generation of single-nucleus RNA & ATAC-seq dataset (CUIMC2 dataset) 639 

Nuclei Isolation 640 

Nuclei were isolated with EZ PREP buffer (Sigma, Cat #NUC-101). Tissue samples cut into pieces < 641 

0.5 cm or cell pellets were homogenized using a glass dounce tissue grinder (Sigma, Cat #D8938) (25 642 

times with pastel A, and 25 times with pastel B) in 2 ml of ice-cold EZ PREP and incubated on ice for 5 643 

minutes, with additional 2 ml ice-cold EZ PREP. Nuclei were centrifuged at 500 x g for 5 minutes at 644 

4°C, washed with 4 ml ice-cold EZ PREP and incubated on ice for 5 minutes. After centrifugation, the 645 

nuclei were washed in 4 ml Nuclei Suspension Buffer (NSB; consisting of 1x PBS, 0.01% BSA and 646 

0.1% RNAse inhibitor (Clontech, Cat #2313A)). Isolated nuclei were resuspended in 100-500uL NSB 647 

depending on pellet size, filtered through a 35 μm cell strainer (Corning, Cat # 352235). Nuclei were 648 

counted using the Nexcelom Cellometer Vision 10x objective and an AO/PI stain. 20µl of the AO/PI was 649 

pipet mixed with 20ul of the nuclei suspension and 20µl was loaded onto a Cellometer cell counting 650 

chamber of standard thickness (Nexcelom catalog number: CHT4-SD100-002) and counted with the 651 

dilution factor set to 2. Determine volume needed for 250,000 nuclei from each donor to create a 3-plex 652 

donor pool. Pooled nuclei were centrifuged at 500 x g for 5 minutes at 4°C. Nuclei pellet was 653 

resuspended in 50-70uL NSB depending on pellet size, filtered through a 35 μm cell strainer. Nuclei 654 
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were counted with AO/PI again. A final target of 21,500 nuclei was used for 10x Single Cell Multiome 655 

ATAC + Gene Expression experiments. 656 

Single-nucleus RNA & ATAC-seq profiling 657 

After nuclei isolation the 10x multiome protocol (Chromium Next GEM Single Cell Multiome ATAC + 658 

Gene Expression Reagent Bundle, PN-1000283) was followed according to manufacturer's instructions 659 

(10X Genomics, USA) and can be accessed at 660 

https://cdn.10xgenomics.com/image/upload/v1666737555/support-661 

documents/CG000338_ChromiumNextGEM_Multiome_ATAC_GEX_User_Guide_RevF.pdf.  662 

 Briefly, following transposition GEMs were generated by combining barcoded Gel Beads, 663 

transposed nuclei, a Master Mix that includes reverse transcription (RT) reagents, and Partitioning Oil 664 

on a Chromium Next GEM Chip J (10× Genomics; PN-2000264). Incubation of the GEMs in a thermal 665 

cycler for 45 minutes at 37°C and for 30 minutes at 25°C generates full-length cDNA from poly-666 

adenylated mRNA for gene expression (GEX) library and a Spacer sequence that enables barcode 667 

attachment to transposed DNA fragments for Assay for Transposase-Accessible Chromatin (ATAC) 668 

library. This was followed by a quenching step that stopped the reaction. Next, GEMs were broken, and 669 

pooled fractions were recovered. Silane magnetic beads were used to purify the first-strand cDNA from 670 

the post GEM-RT reaction mixture. Barcoded transposed DNA and barcoded full-length cDNA from 671 

poly-adenylated mRNA were pre-amplified by PCR and the products were used as input for both ATAC 672 

library construction and cDNA amplification for gene-expression library construction. Libraries were 673 

pooled and sequenced together on a NovaSeq 6000 with S4 flow cell (Illumina, San Diego, CA). The 674 

scATAC-seq libraries were sequences as follows: Read 1N, 50 cycles; i7 Index, 8 cycles; i5 Index, 24 675 

Cycles; Read 2N, 49 cycles. The snRNA-seq libraries were sequenced as follows: Read 1, 28 cycles; i7 676 

Index, 10 cycles; i5 Index, 10 Cycles; Read 2, 90 cycles. 677 

 678 

Single-nucleus RNA & ATAC-seq data processing 679 

Alignment and technical artifact adjustment 680 

Through the application of CellRangerArc (v2.0.2), the raw sequence reads were aligned to human 681 

genome hg38. To adjust for technical artifacts from background RNA and random barcode swapping, 682 

the remove-background function from CellBender (v0.3.1) was conducted over the RNA matrices from 683 

CellRanger. In short, CellBender models from each library’s gene expression matrix levels of empty 684 

droplets (low UMI count/droplet with high droplet counts) and removes empty/contaminated droplets. 685 

The parameters set for CellBender remove-background include: epochs=150, fpr=0.01, expected-686 

cells=5000, and total-droplets-included set to the number of cells in the library from the CellRanger 687 
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gene expression matrix. 688 

Demultiplexing 689 

Demultiplexing was performed using the demuxlet software (v1.11). Given each library contains 3 or 4 690 

individuals, and each individual has their own WGS VCF file from ROSMAP, we were able to identify 691 

which cell belonged to which study sample. Succinctly, BAM files with filtered VCF were taken from the 692 

output of CellRanger, popscle generates a pileup file required for demuxlet, and demuxlet assigned 693 

scores to identify corresponding cells to study samples. 694 

Normalization and clustering 695 

The normalization pipeline for the RNA gene expression matrices began with the NormalizeData 696 

method from Seurat (v4.4.0), followed by FindVariableFeatures (selection.method=’vst’, 697 

nfeatures=2000), ScaleData, dimensional reduction with RunPCA (npcs=30), creation of k-NN neighbor 698 

with FindNeighbors (dims=1:30), and cluster detection with FindClusters (resolution = 1.5, algorithm = 699 

1). 700 

Cell Type Classifications 701 

Cell types were annotated with weighted ElasticNet linear regression trained off prior atlas of human 702 

ROSMAP dorsolateral prefrontal cortex tissue (n=24)2 where 7 major cell types are present (excitatory 703 

neurons, inhibitory neurons, vascular cells, oligodendrocytes, astrocytes, microglia, and 704 

oligodendrocyte precursor cells). Weights were applied as the inverse of the number of nuclei per cell 705 

type to preserve classifications of smaller cell types like the vascular cells. Cross validation was 706 

performed to optimize regulation parameters using glmnet (cv.glmnet) (v4.1) with an alpha=0.25, 707 

nfolds=10, family=’multinomial’. 708 

 709 

Single-nucleus RNA & ATAC-seq data quality control 710 

Low quality cell assignment and removal 711 

Given biological differences in the numbers of genes expressed (nGene) and the number of UMIs 712 

(nUMI) between different cell types, we optimized seven different thresholds for each cell type where 713 

cells with nGene or nUMI under the thresholds would be labeled as low quality. To do so, we first 714 

picked 6 out of the 61 libraries (RA006, RA007, RA010, RA018, RA035, RA039) controlling for sex, age 715 

at death, and AD prevalence. We then manually identified clusters within each library that are low 716 

quality, judging by the overlap of cell type classifications, a high mitochondrial gene expression, and a 717 

low nGene/nUMI relative other clusters. Afterwards, we derived a harmonic mean using precision/recall 718 

to identify nUMI/nGene thresholds per cell type: excitatory neurons=2331/1068, inhibitory 719 

neurons=857/397, vascular cells=146/493, oligodendrocytes=776/490, astrocytes=528/442, 720 
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microglia=291/150, and oligodendrocyte precursor cells=667/554. 721 

Doublet removal 722 

To account for doublets across samples, demuxlet doublet identification based off of WGS-VCF files of 723 

each sample was applied. Additionally, to address doublets across different cell types (e.g. Excitatory 724 

Neuron-Microglia doublet), we utilized Gilad Green’s customized DoubletFinder’s DoubletFinder_v3 725 

method (https://github.com/GreenGilad/DoubletFinder) where pN=0.5, pK=75/(1.5*(#nuclei/library), 726 

nExp=0, sct=T, labels=cell type information for each library. Thus any nuclei classified as either a 727 

demuxlet doublet or DoubletFinder doublet were subsequently removed. 728 

Mitochondrial gene expression 729 

Following guidelines from the 10X genomic multiome page, we filtered out cells possessing a 730 

mitochondrial RNA percent expression outside of 2 standard deviations within each library 731 

(https://www.10xgenomics.com/analysis-guides/common-considerations-for-quality-control-filters-for-732 

single-cell-rna-seq-data).   733 

 734 

Cell state annotations transfer across datasets 735 

To replicate cell subset associations with AD pathologies using independent snRNAseq datasets, we 736 

first annotated the cellular states of individual cells from each cell type separately, based on the cell-737 

state definitions from Green et al1. For each cell type, we mapped cells from each strata of the 738 

replication dataset as query onto our reference CUIMC1 Discovery dataset, using the Seurat query 739 

mapping pipeline82. Briefly, the reference and query data were first normalized, and the top variable 740 

genes were identified using the SCTransform function while regressing out percent of mitochondrial 741 

reads. A set of mapping anchors (pairs of cells that encode the relationships between the reference and 742 

query) was identified and scored using the FindTransferAnchors function with default parameters. 743 

These anchors were then used to transfer the cell-state annotations from the reference to the query 744 

data using the TransferData function. In this pipeline, we wevaried three key parameters in this 745 

pipeline, while keeping other parameters as default: the number of top variable genes 746 

(variable.features.n, ranged 1000 –  4000), the number of principal components for finding anchors 747 

(npcs, ranged 10 –100), and the number of neighbors to consider when weighing anchors (k.weight, 748 

ranged 10 – 50). The parameters set for each cell type in each dataset are detailed in Supplementary 749 

Table 1.  750 

 751 

Cell-state frequency calculation 752 

We grouped the cell subpopulations into seven broad cell types as previously defined1: astrocytes, 753 

microglia, inhibitory neurons, excitatory neurons, oligodendrocytes, oligodendrocyte precursor cells 754 
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(OPCs) and vascular niche, which includes endothelial cells, arteriole cells, venule cells, pericytes, 755 

smooth muscle cells (SMC) and fibroblasts. We excluded rare subpopulations such as macrophages, 756 

monocytes, erythrocytes, CD8+ T cells, NK cells and neutrophils due to the low abundances. Here, we 757 

define the frequency (or relative proportion) of a cell subpopulation as the number of cells of the cell-758 

state of interest divided by the total number of cells of the same cell-type. For each donor, the 759 

frequency of subpopulation s is calculated as:  760 

𝑓! =	
𝑛!

∑ 𝑛"#
"$%

	761 

where ns is the number of cells for cell-state s and K is the total number of cell-states within the cell-type 762 

to which cell-state s belongs. Hence, the cell-state frequency here reflects the empirical probability of a 763 

cell of a given cell-type acquiring the transcriptional state of interest.  764 

 765 

Statistical analysis associating AD traits and cell-state frequencies 766 

For each dataset, statistical associations between AD traits and cell subset frequencies were tested 767 

using linear regression models as previously described1: 𝑡𝑟𝑎𝑖𝑡	~	+𝑓! + covariates, where fs is the 768 

frequency of cell subpopulation s (defined in the previous section). The frequencies were square-root 769 

transformed to better capture the subtle changes of the less abundance cell subsets. To adjust for 770 

potential confounding variables, we included the following variables as covariates: 1) participants 771 

characteristics (sex, age, post-mortem interval, education), and 2) snRNA-seq library quality metrics 772 

(cell count and median of gene count for each participant). Results from the linear regression models 773 

were corrected for multiple hypothesis testing by calculating the false-discovery rate within each AD 774 

trait using the Benjamini-Hochberg correction method. 775 

To integrate the statistical associations across datasets, we performed fixed-effect meta-776 

analyses using the metagen function from the meta (v8.0-1) package83 in R (v4.4.2). The meta-777 

analyses were performed using an inverse-variance based approach by summing the effect size (𝛽&) 778 

weighted by the inverse of standard error (𝑆𝐸&) of each study i. Mathematically, the summarized z-779 

statistics for each association was calculated as: 780 

𝑍 = 𝛽/𝑆𝐸 , where 781 

𝛽 = ∑ (!)!!
∑ )!!

  ;  𝑆𝐸 = 	+1/∑ 𝑤&&   ; 𝑤& = 1/𝑆𝐸&* for study i 782 

Meta-analysis results were then corrected for multiple-hypothesis testing using the Benjamini-Hochberg 783 

method within each AD trait. To assess the heterogeneity of statistical associations across studies, we 784 

calculated the I2 statistics29 785 

𝐼* = 𝑚𝑎𝑥 60,
𝑄 − (𝐾 − 1)

𝑄
> 786 
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where K is the number of studies and Q is the Cochran’s Q84: 787 

𝑄 =	?𝑤&

#

&$%

(𝛽& −	
∑ 𝛽&𝑤&&
∑ 𝑤&&

)* 788 

 789 

Identification of cell state signatures 790 

To identify signature genes for a specific cell state, we performed pairwise differential expression (DE) 791 

analysis, comparing the gene expression of the cell state of interest against each of the other cell states 792 

within the same cell type. The input for the DE analysis was a pseudobulk expression matrix, generated 793 

by aggregating UMI counts for each gene across cells in each cell state for each individual. Lowly 794 

expressed genes were filtered using the filterByExpr function from the edgeR package (v3.40.2) with 795 

default parameters. To account for the mean-variance relationship across genes, we applied the voom 796 

function from the limma package (v3.54.2), which generated a set of precision weights. These weights 797 

were subsequently used to fit a linear model for each gene with the lmFit function. The statistics and 798 

fold changes of the linear model fit were computed using the eBayes function (with trend = FALSE and 799 

robust = FALSE). 800 

To ensure specificity of the signature genes, we identified genes that were significantly 801 

differentially expressed (adjusted P < 0.05) in the same direction (either upregulated or downregulated) 802 

across all significant pairwise comparisons involving the cell state of interest. Genes exhibiting 803 

inconsistent regulation (upregulated in some comparisons and downregulated in others) were excluded. 804 

To further refine the selection of uniquely differentiating genes, we retained only those genes with at 805 

least one pairwise comparison showing a significant log-fold change (LFC) magnitude greater than 1, 806 

while ensuring that no comparisons had an LFC magnitude below 0.25. The final list of signature genes 807 

used for downstream analyses is provided in Supplementary Table S2. 808 

 809 

Inference of cell-cell signaling drivers of glial states 810 

To identify the cell-cell signaling that drives the transcriptional programs underlying a specific glial state 811 

(Ast10), we applied NicheNet30 using its R implementation nichenetr (v2.0.0). NicheNet prioritizes 812 

ligand-receptor pairs according to their downstream signaling activities. Briefly, NicheNet models ligand 813 

activities by utilizing three types of prior knowledge from several complementary resources, including 814 

ligand-receptor, signaling and gene-regulatory interactions. NicheNet integrates such prior knowledge 815 

into an expansive intracellular signaling network where each ligand-to-target link is given a score, 816 

termed regulatory potential. Such prior information is then used to infer potentially active ligand-817 
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receptor interactions by searching for highly differentially expressed ligand-receptor pairs with high 818 

regulatory potential scores for the given set of target genes in receiver cells. 819 

To uncover the cell-cell signaling mechanisms driving the transcriptional programs underlying the 820 

Astrocyte 10 (Ast10) astrocytic state, we utilized NicheNet30, implemented via the R package nichenetr 821 

(v2.0.0). NicheNet prioritizes ligand-receptor pairs based on their downstream signaling activity. It 822 

leverages prior knowledge from complementary datasets on ligand-receptor interactions, signaling 823 

pathways, and gene-regulatory networks. This information is integrated into a comprehensive 824 

intracellular signaling network, where each ligand-to-target link is assigned a regulatory potential score. 825 

For a given set of target genes in receiver cells, NicheNet identifies active ligand-receptor pairs by 826 

prioritizing those with high regulatory potential scores and significant differential expression. 827 

NicheNet requires three primary inputs: (1) the target gene set, (2) the background gene set, 828 

and (3) expression data for sender and receiver cell populations. For our analysis, we defined the Ast10 829 

transcriptional signature (identified from differential expression analysis) as the target gene set and all 830 

genes available in the NicheNet ligand-target prior model as the background. Ast10 was designated as 831 

the receiver, while the 10 astrocyte subsets (including Ast10 itself) and 16 microglial subsets were set 832 

as sender populations. 833 

 Ligand activities were quantified using the NicheNet function predict_ligand_activities with 834 

default parameters, with activity measured as the area under the precision-recall curve (AUPR). This 835 

metric reflects the concordance between a ligand’s predicted targets and the observed transcriptional 836 

signature relative to background genes. Ligands were then prioritized using weighted criteria, including 837 

scaled ligand activity (activity_scaled = 2), differential upregulation of sender ligands (de_ligand = 1) 838 

and receiver receptors (de_receptor = 1), and the average expression of sender ligands (exprs_ligand 839 

= 1) and receiver receptors (exprs_receptor = 1).  840 

Based on this prioritization, we selected the top 100 sender-ligand-receptor combinations, 841 

resulting in 49 unique ligand-receptor interactions comprising 41 ligands and 27 receptors for further 842 

analysis. 843 

 844 

Partial least squares regression (PLSR) modeling 845 

To test whether NicheNet-prioritized ligands or receptors predict the frequency of the Ast10 subset 846 

across donors, we applied partial least squares regression (PLSR)85. PLSR is a supervised regression 847 

technique that models the relationship between a set of predictors (e.g., ligand summary scores or 848 

receptor expression) and an outcome variable (e.g., Ast10 frequency). Unlike principal component 849 

analysis (PCA), which identifies orthogonal components explaining the maximum variance in the data 850 

without regard to an outcome, PLSR identifies components that maximize covariance between the 851 
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predictors and the outcome. This makes PLSR particularly suited for linking high-dimensional, 852 

covarying data to a particular outcome of interest. 853 

Model construction 854 

1. Receptor Model: The input matrix for the receptor model consisted of the pseudobulk expression 855 

(log-transformed mean expression) of NicheNet-prioritized receptors in all astrocytes across donors. 856 

The output vector consists of the log-transformed percentage of Ast10 in each donor with an offset of 857 

1.  858 

2. Cell-state Specific Ligand Model: For the ligand model, we considered the pseudobulk expression 859 

of NicheNet-prioritized ligands in sender cell subsets (microglial or astrocytic states). We first 860 

identified sender-ligand pairs where ligand expression significantly correlated with Ast10 frequency 861 

across donors (|Pearson’s R| ≥ 0.1, P < 0.05). For ligands with at least one significant correlation, we 862 

calculated a summary score by averaging the scaled expression (zero-centered) of the ligand across 863 

significant senders. In cases where a ligand (e.g., NRG3) exhibited opposing correlations (positive 864 

and negative) with Ast10 frequency across different sender subsets (Extended Data Figure S8A), 865 

we calculated separate summary scores for each direction. This approach reduces noise by 866 

excluding non-significant senders and addresses the challenge of sparsity in glial state 867 

representations across donors. The output vector for this model was identical to that used in the 868 

receptor model. 869 

Model Training and Validation 870 

All modeling steps, including training, cross-validation, and independent validation, were conducted in 871 

Python (v3.9.2) using the scikit-learn library (v0.24.1)86. 872 

Training and Testing: Donors were randomly split into 90% for training and 10% test set for 873 

independent validation. Input features (ligand summary scores or receptor expression) were normalized 874 

to zero mean and unit variance using the StandardScaler() function. 875 

Modeling training and Cross-validation: PLSR models were trained using the PLSRegression() 876 

function. Model performance was evaluated by the fraction of variance explained (R2) and predicted 877 

(Q2), calculated using the r2_score function to assess the concordance between the empirical Ast10 878 

frequency estimated from the data and model prediction. To evaluate model predictability on the 879 

training data, we performed repeated 5-fold cross-validation with the RepeatedKFold() function (n_splits 880 

= 5, n_repeats = 100) on PLSR models with varying number of PLS components (Figure 3C, 881 

Extended Data Figure S8) 882 

Variable Importance in Projection (VIP) 883 

To assess the relative importance of individual ligands or receptors in the PLSR models, we calculated 884 

the Variable Importance in Projection (VIP) scores for the first PLS component, where the models 885 
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achieve their optimal performance. VIP scores summarize the contribution of each input variable (ligand 886 

or receptor) to the model, weighted by the variance explained by each PLS component. Mathematically, 887 

the VIP score for a given variable r is calculated as: 888 

𝑉𝐼𝑃+ =	B
𝑅 ∑ 𝜔,+* ∙ 𝑆𝑆,#

,$%
∑ 𝑆𝑆,#
,$%

 889 

where R is the total number of input variables (28 ligands or 26 receptors), wkr is the weight of the rth 890 

variable for the kth PLS components, and SSk is the sum of squares explained by the kth PLS 891 

component. To help interpret the directionality of the associations, the VIP scores for each ligand or 892 

receptor were multiplied by the sign of the Pearson’s correlation coefficient between the predictor 893 

(ligand or receptor expression) and Ast10 frequency. 894 

 895 

Gene expression imputation 896 

To address the challenge of data sparsity caused by stochastic mRNA capture, or drop-outs, which can 897 

obscure gene-gene relationships, we applied MAGIC38 (Markov affinity-based graph imputation of cells) 898 

to impute gene expression. Such imputation is necessary when assessing the relationships between 899 

individual genes with Ast10 signature at the single-cell level.  MAGIC learns the intrinsic structure of the 900 

data and uses data diffusion to share information across similar cells. Such a data diffusion approach 901 

can better recover the underlying gene-gene relationships that are typically obscured due to dropouts. 902 

We implemented MAGIC in R using the Rmagic package (v2.0.3) to impute the gene expression 903 

of astrocytes in different datasets. For astrocytes in the Discovery snRNA-seq dataset, we first 904 

randomly sampled 2500 cells per astrocytic state to ensure equal representation, totaling 25,000 905 

astrocytes. Raw count data were then normalized using the library.size.normalize function from the 906 

phateR package (v1.0.7), followed by a square-root transformation as input for MAGIC. Imputation was 907 

performed on all genes expressed in at least 10 cells, with parameters k-nearest neighbors (knn) = 10 908 

and Markov matrix power (t) = 5. 909 

For astrocytes in the mouse and iAst scRNA-seq datasets, we followed a similar workflow. Raw 910 

count data for astrocytes in each dataset were normalized, and MAGIC was applied to all genes 911 

expressed in at least 10 cells, but with dataset-specific parameters: knn = 5, t = 3 for mouse scRNA-912 

seq data; knn = 5, t = 1 for iAst scRNA-seq data.  913 

The resulting imputed gene expression data were used for downstream analyses, including the 914 

calculation of DREMI scores and Ast10 signature scores. 915 

 916 
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Signature summary score 917 

To evaluate the overall expression of a specific gene signature or gene set in individual cells, we 918 

utilized the AddModuleScore function in Seurat to derive a summary measure for that signature. The 919 

function computes the summary score for each cell as the average expression across the signature 920 

genes subtracted by the aggregated expression of a set of randomly selected control features87. Below 921 

details the summary score calculation for specific analyses: 922 

• DREMI analysis and analysis of the mouse scRNAseq data: signature scores were calculated using 923 

the MAGIC-imputed expression of differentially upregulated genes in the Ast10 signature, as 924 

identified in the differential expression analysis. 925 

• Analysis of the iAst scRNAseq data: In the analysis of the iAst dataset, we observed that the gene-926 

gene correlation structure of Ast10 markers differed from that observed in the snRNA-seq human 927 

data (Extended Data Figure S9B). Consequently, the upregulated Ast10 markers were further 928 

divided into two sub-gene sets, and separate summary scores were calculated for each set using 929 

their MAGIC-imputed expression (Extended Data Figure S9C, D). 930 

• Spatial correlation analysis: For the spatial analysis, we assessed correlations at the spot level in 931 

the Visium data between two summary measures, 1) the prioritized Ast10-predicting ligand 932 

signature and 2) astrocyte-state signatures. Here, we computed the ligand signature score using 933 

normalized expression values (See Spatial Correlation Analysis section below) of the set of Ast.10 934 

ligands with significant and positive VIP scores (VIP ≥ 1). Similarly, signature scores for other 935 

astrocytic states were computed using the normalized expression of their respective differentially 936 

upregulated marker genes, except for Ast.1, which lacked uniquely upregulated markers. 937 

To avoid confounding the correlations, any genes in question were excluded from the signature score 938 

calculations in all association analyses described above. 939 

 940 

Identify ligand-associated pathway genes 941 

For each ligand with a significant VIP score (|VIP| ≥ 1), we focused on reconstructing its pathway 942 

leading to the Ast10 differentially expressed genes that are among the top 300 targets of the ligand 943 

according to the NicheNet database. To determine the signaling pathways through which a ligand is 944 

predicted to regulate the Ast10 signature genes of interest, we used the 945 

get_ligand_signaling_path_with_receptor  function from NicheNet to identify the intermediate genes. 946 

This function first identifies the top 5 transcription factors that best regulate the target genes and are 947 

closest to the upstream ligand, based on prior knowledge of the ligand-signaling and gene regulatory 948 

networks which are represented by a set of weights. These weights were then used to determine the 949 

shortest paths between these top transcription factors and the ligands. Genes along these shortest 950 
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paths are considered as significant nodes within the pathway. To classify their roles within the pathway, 951 

these pathway nodes were annotated as one of the following categories: ligands, receptors, signaling 952 

mediators or transcriptional regulators, based on the OmniPath (R package OmnipathR, v3.9.6) 953 

intercell resources88 (for ligand, receptor annotations) as well as the TFcensus89 and DoRothEA 954 

resources90 (for transcriptional regulator annotations).  955 

 956 

DREMI to quantify pathway information flow 957 

To quantify the relationships between a given ligand-associated pathway gene and Ast10 signature, we 958 

used a metric called DREMI (conditional-Density Resampled Estimate of Mutual Information)36. DREMI 959 

leverages the cell-to-cell variation in single-cell data to quantify the amount of information transmitted 960 

from gene X (i.e. pathway gene of interest) to gene Y (i.e. Ast10 signature score) in signaling networks. 961 

Notably, DREMI is a directional measure, as it quantifies the information flow using conditional density 962 

(i.e. probability of Y given X) rather than the joint density of X and Y. In estimating the conditional 963 

densities we adopted the k-nearest neighbor based-DREMI that was previously applied in scRNA-seq 964 

data following MAGIC imputation38. 965 

To set the baseline for the DREMI score, we randomly permutated the gene expression vector 966 

X, then calculated a DREMI score between the permuted X and the Ast10 signature score. We 967 

repeated this process for each pathway gene in question, then average their DREMI scores to set the 968 

baseline. To evaluate the significance of each pathway gene’s DREMI score, we first derived DREMI 969 

scores for all genes available in each of these resources: OmniPath (R package OmnipathR, v3.9.3) 970 

intercell resources88 (for the ligand, receptor gene categories), the TFcensus89 and DoRothEA 971 

resources90 (for the transcriptional regulator gene category), as well as 10779 randomly selected genes 972 

that do not belong to any of the above categories (for the signaling mediator gene category). We then 973 

calculated an empirical P-value (Pemp) for gene x, based on all genes within the same signaling node 974 

category: 975 

𝑃-./	(2⊂#) = 𝑆# 𝑁#⁄  976 

where Sk is the number of genes with a higher DREMI score than gene x within the signaling node 977 

category K (i.e., ligand, receptor, signaling mediator or transcriptional regulator) and Nk is the number of 978 

genes in the signaling category K.  979 

 980 

Visium data generation 981 

The spatial transcriptomic data with Visium combined with immunofluorescence was generated as 982 

previously described1,39. Fresh-frozen dorsolateral prefrontal cortex (DLPFC) samples from ROSMAP 983 

participants were processed using the Visium Spatial Transcriptomics (ST) platform, coupled with 984 
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immunofluorescence. Tissue sections encompassing all cortical layers and some white matter were 985 

selected based on RNA quality (RNA Integrity Number > 6). RNA was purified using the RNeasy Micro 986 

Kit (Qiagen, #74004) and RNA integrity was assessed using TapeStation 4150 and Bioanalyzer 2100 987 

(Agilent Genomics). 988 

Tissue blocks were prepared into ~6 × 6 mm², 10 μm thick sections embedded in Optimal 989 

Cutting Temperature (OCT; Sakura, 4583) and were mounted on Visium Tissue Optimization Slides 990 

and Gene Expression Slides (10x Genomics) in duplicates. Permeabilization time was optimized based 991 

on the Visium Spatial Tissue Optimization protocol (10x Genomics, CG000238 Rev D) with 992 

modifications. After fixation in cold 100% ethanol (–20°C for 30 minutes), sections were stained with 993 

Thioflavin S (ThioS; Sigma, T1892) to label neuritic plaques and an anti-GFAP Cy3-conjugated 994 

antibody (Millipore Sigma, MAB3402C3, dilution 1/50) to visualize astrocytes. Autofluorescence from 995 

lipofuscin was quenched using TrueBlack (Biotinum, 23007). Sections were then briefly immersed in 3X 996 

SSC buffer (Millipore Sigma, S6639L) and mounted with a solution containing 85% glycerol, 2 U/μL 997 

RNase inhibitor, and DAPI (Thermo Fisher, #62248). 998 

Sections were imaged at 10X magnification using a Nikon Eclipse Ni-E immunofluorescence 999 

microscope at 10X magnification (Plan Apo λ, NA = 0.45). Following imaging, coverslips were removed, 1000 

and sections were permeabilized to optimize mRNA release. A 3-minute permeabilization time was 1001 

identified as optimal for the Visium workflow, balancing effective transcript release and minimal 1002 

diffusion. Subsequent cDNA synthesis, library preparation, and sequencing were performed following 1003 

manufacturer protocols (10x Genomics, Visium Spatial Gene Expression Reagent Kits, CG000239 Rev 1004 

D), with sequencing conducted on a NovaSeq 6000 (Illumina). ST spots (diameter = 55µm) were 1005 

aligned with brightfield images. 1006 

 1007 

Visium data preprocessing and cortical layer annotations 1008 

Visium sequencing reads were aligned to the human reference genome (GRCh38) and were assigned 1009 

to spots using Space Ranger (v2.0.0, 10x Genomics). The resulting h5 files for each sample were 1010 

imported into R (v4.2.2) using the SpatialExperiment (v1.16.0). For quality control, mitochondrial and 1011 

ribosomal genes, as well as genes expressed in fewer than 10 spots, were excluded. Additionally, 1012 

spots located outside the tissue or those with £ 1,000 UMIs or with £ 500 expressed genes were 1013 

removed. 1014 

Cortical layers and white matter were identified as previously described39, by first selecting the 1015 

top 10,000 most variable genes using the modelGeneVar function from the scran package (v1.26.2)91. 1016 

To focus on layer-specific features, we extracted 3,003 marker genes by taking the top 429 marker 1017 

genes for each of the six cortical layers and the white matter, as reported in a previous study92. We 1018 
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then intersected these marker genes with our highly variable genes, resulting in a final set of 1,357 1019 

highly variable marker genes. Principal component analysis (PCA) was then performed on this gene 1020 

set, and the first 50 principal components (PCs) were used to mitigate batch effects using Harmony 1021 

(v1.2.0), treating each tissue section as a separate batch and applying parameters theta = 3, sigma = 1022 

0.1, and lambda = 1. To identify spatial clusters, we applied BayesSpace (v1.8.2)93 to the first 35 1023 

Harmony-corrected PCs, using a spatial smoothing parameter of gamma = 2. This approach partitioned 1024 

the spots into seven clusters, corresponding to six cortical layers and white matter. White matter spots 1025 

were excluded from all subsequent analyses. 1026 

 1027 

Spatial correlation analysis of nearby Ast10-predicting ligands 1028 

For each tissue slide, we assessed Pearson’s correlations between two summary measures at the spot 1029 

level in the Visium data: 1) the averaged ligand signature predicting the Ast.10 state within the 1030 

neighborhood, and 2) a specific astrocyte-state signature. Both signature scores were computed using 1031 

normalized expression values obtained via Seurat’s SCTransform function with default parameters, 1032 

adjusting for the number of nuclei per spot and the percentage of mitochondrial reads. 1033 

To compute the ligand signature, we derived a summary score (See Signature summary score 1034 

section above) focusing on the prioritized Ast.10 ligands with significant and positive VIP scores (VIP ≥ 1035 

1): JAM2, NCAN, SEMA4D, GNAS, LRRC4B, RGMA (Figure 3G). This ligand signature score was 1036 

then averaged across spots within a 3-spot (468 μm) radius around the target spot, providing an 1037 

estimate of the overall expression of Ast.10 ligands in the neighborhood. To establish a baseline for 1038 

comparison, we also averaged ligand signature scores across the same number of spots randomly 1039 

selected from within the tissue for each target spot. 1040 

The astrocyte-state signature score for the target spot was computed similarly, using each 1041 

astrocytic state’s respective marker genes (see Identification of cell-state signatures section). Since we 1042 

focused on linking the ligands to enrichment of specific astrocyte states, we limited the analysis to 1043 

states with uniquely upregulated markers for most astrocyte states.  1044 

Finally, all Pearson’s correlation results were corrected for multiple hypothesis testing using the 1045 

Benjamini-Hochberg method to calculate false discovery rates for each astrocytic state. 1046 

 1047 

Estimation of the effects of nearby ligands on Astrocyte 10 signature genes using MISTy 1048 

To assess the importance of individual ligands to the expression of Astrocyte 10 (Ast10) signature 1049 

genes in spatial contexts, we utilized the explainable machine learning framework MISTy41, 1050 

implemented via the R package mistyR (v1.10.0). This approach allowed us to decompose the 1051 
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contributions of intrinsic and spatial factors to Ast10 signature gene expression at the spot level using a 1052 

multi-view predictive model. The model incorporated two distinct spatial contexts as predictors: 1053 

1. Intrinsic view: Captures the relationships among Ast10 signature genes within the same 1054 

spot. The intrinsic view included Ast10 signature genes identified from the differential expression 1055 

analysis (see Identification of receiver glial state signature section). 1056 

2. Juxta view: Reflects the cumulative expression of individual ligands from immediate 1057 

neighboring spots, defined as spots within a three-spot radius. In the juxta view, all potential ligands, 1058 

including those prioritized for their predictive relevance to Ast10 signature from the PLSR analysis, 1059 

were included as candidate predictors. 1060 

The multi-view model was fitted independently for each of the 32 slides, generating a 1061 

standardized importance score for each ligand. This score reflects the variance reduction in the ligand’s 1062 

prediction of the expression of a given Ast10 signature gene. For each ligand–signature gene pair, 1063 

importance scores were averaged across all 32 slides to obtain an aggregated score (Figure 5D), 1064 

representing the spatial association between a ligand and an Ast10 signature gene (though not 1065 

implying causation). To evaluate each ligand’s overall contribution to the collective Ast10 signature, we 1066 

first z-score transformed the aggregated importance scores within each Ast10 signature gene and then 1067 

summed these z-scores across all Ast10 signature genes to obtain the total importance score. To 1068 

assess the significance of the PLSR-prioritized ligand set (|VIP|≥ 1) in predicting the overall Ast10 1069 

signature, we randomly sampled ligand sets of the same size 100,000 times, computing the mean total 1070 

importance score for each set. The average total importance of the PLSR-prioritized ligand set was 1071 

then compared against the distribution of randomly sampled sets to derive an empirical P-value (Figure 1072 

5E). 1073 

 1074 
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Immunofluorescence microscopy 1075 

A six μm formalin-fixed paraffin-embedded (FFPE) tissue section from the dorsolateral prefrontal cortex 1076 

(Brodmann Area 9) was de-paraffinized with CitriSolv (xylene substitute, Decon Laboratories, 1601H) 1077 

for 20 min. Heat-induced epitope retrieval was performed with citrate buffer (pH=6) using a microwave 1078 

(800W, 30% power setting) for 25 minutes. The section was washed with phosphate-buffered saline 1079 

(PBS) and blocked with a bovine serum albumin (BSA) medium (Sigma-Aldrich, A7906) for 30 minutes 1080 

at room temperature (RT). The primary antibodies, anti-PLXNB1 (Bio-Techne, MAB37491, 1:100) and 1081 

ZIP11 (Thermo Fisher, PA5-20679, 1:100), were incubated overnight at 4°C. The tissue section was 1082 

washed three times with PBS and incubated with fluorochrome-conjugated secondary antibodies 1083 

(Thermo Fisher, A21202, A31573, 1:500) for 1 hour at RT. After washing with PBS, GFAP-conjugated 1084 

Cy3 (Millipore Sigma, MAB3402, 1:100) was incubated for 2 hours at RT. After washing, the section 1085 

was treated with True Black Lipofuscin Autofluorescence Quencher (Invitrogen, P3693) to minimize 1086 

autofluorescence. An anti-fading reagent with DAPI (Life technology, P36931) was used for tissue 1087 

mounting. 1088 

 1089 

Immunofluorescence image acquisition and analysis 1090 

Imaging was performed using the Nikon Eclipse Ni-E epifluorescence microscope at 20X magnification 1091 

with the NIS-Elements Advanced Research software (v5.21.03). A Hamamatsu Orca-Fusion Digital 1092 

Camera (C14440) was utilized to capture 40 images in a systematic zigzag pattern, ensuring coverage 1093 

of all cortical layers for post-acquisition analysis. The Plan Apochromatic λ objective lens with a 1094 

numerical aperture of 0.75 was used for high-performance resolution imaging across a range of 1095 

wavelengths. The camera was set to a 1X1 binning configuration to enhance signal sensitivity and 1096 

improve signal-to-noise ratio while maintaining a fast image acquisition. The epifluorescence 1097 

microscope was equipped with a high color rendering LED light source from a Lumencor system, 1098 

providing stable and efficient illumination for fluorescence imaging. For multi-channel fluorescence, a 1099 

Multilaser Laser Induced Detection Area (LIDA) system was employed, integrating multiple lasers, each 1100 

assigned to specific fluorophores, enabling simultaneous excitation and detection of their emissions. 1101 

The excitation lasers used were 450 nanometers (nm), 550 nm, and 640 nm, with individual detection 1102 

channels for the emitted light. The emission wavelengths were set as follows: DAPI (365 nm), FITC 1103 

(488 nm), TRITC (561 nm), and Cy5 (640 nm). The exposure time for all images acquired at 20X 1104 

magnification was 40 milliseconds. 1105 

To extract single-cell level protein measurements from the images, astrocytes were segmented 1106 

using CellProfiler (v4.2.5)94 based on DAPI+ and GFAP+ objects. First, nuclei (DAPI) were segmented 1107 

using the “IdentifyPrimaryObjects” module with advanced settings. The object diameter was set 1108 
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between 18 and 80 pixels, and thresholding was performed with the “Robust Background” method, 1109 

without adjustment. The lower and upper bounds of the threshold ranged from 0 to 1. For GFAP 1110 

segmentation, the “EnhanceOrSuppressFeatures” module was used to augment the ramified features 1111 

of astrocytes by applying the "Line Structures" method. GFAP+ objects were then segmented using the 1112 

“IdentifyPrimaryObjects” module, with object diameters ranging from 10 to 300 pixels. Thresholding was 1113 

performed again with the “Robust Background” method without adjustment. The lower and upper 1114 

bounds of the threshold ranged between 0 to 1. The “SplitOrMergeObjects” module was used to group 1115 

smaller objects, such as ramified structures, with larger nearby objects. To exclude GFAP+DAPI- 1116 

objects, the “RelateObjects” module defined DAPI as the parent object and GFAP as the child object. 1117 

The mean intensities of SLC39A11, GFAP, and PLXNB1 were measured for each GFAP+DAPI+ 1118 

object. All intensity measurements from CellProfiler were rescaled to a range between 0 to 16 bits by 1119 

multiplying a factor of 65535 (216 – 1), followed by log10 transformation. 1120 

 To statistically test for the association between PLXNB1 expression and Ast10 marker 1121 

SLC39A11 expression at the single-cell level, we fit a mixed effects linear regression model. The model 1122 

predicts SLC39A11 mean intensity based on PLXNB1 mean intensity using all astrocytes 1123 

(GFAP+DAPI+ cells). GFAP mean intensity was included as a covariate, while random effects 1124 

accounted for variability in both intercepts and slopes for GFAP and PLXNB1 mean intensities, as well 1125 

as variability across images. All continuous variables were z-score normalized prior to model fitting. The 1126 

model was implemented using the lmer function from the lme4 package (v1.1-35.5) in R. The structure 1127 

of the model is as followed: 1128 

𝑆𝐿𝐶39𝐴11	𝑀𝑒𝑎𝑛	𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦	~	𝑃𝐿𝑋𝑁𝐵1	𝑀𝑒𝑎𝑛	𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝐺𝐹𝐴𝑃	𝑀𝑒𝑎𝑛	𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦1129 

+ (1 + 𝐺𝐹𝐴𝑃	𝑀𝑒𝑎𝑛	𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝑃𝐿𝑋𝑁𝐵1	𝑀𝑒𝑎𝑛	𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦	|	𝐼𝑚𝑎𝑔𝑒) 1130 

Here, PLXNB1 mean intensity and GFAP mean intensity were modeled as fixed effects; the terms in 1131 

parentheses represent random effects, allowing intercepts and slopes for GFAP and PLXNB1 to vary 1132 

across images. This mixed-effects modeling approach accounts for both single-cell-level relationships 1133 

and image-level variability, providing robust estimates of the association between PLXNB1 and 1134 

SLC39A11 expression. 1135 

 1136 

Generation of isogenic pairs of PLXNB1 KO hiPSCs 1137 

The isogenic pair of PLXNB1 KO hiPSCs from a control donor (CD1: 553-3) were generated using 1138 

CRISPR/Cas9, as previously described46. Three guide RNAs (gRNAs) targeting PLXNB1 Exon 3 were 1139 

obtained through the Mount Sinai CRISPR Initiative Program. Table 1 provides details on the gRNA 1140 

sequences. 1141 

 1142 
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Table 1 | Details on the guide RNAs (gRNAs) used for generating PLXNB1 KO hiPSCs. 1143 
Oligo ID Location gRNA PAM gRNA sequence 

PLXNB1_1 48424318 - 48424340 #1 GGG ATTCGGGTTGTTGGTAGGCT 

PLXNB1_2 48424317 - 48424339 #2 TGG GATTCGGGTTGTTGGTAGGC 

PLXNB1_3 48424313 - 48424335 #3 AGG AGCTGATTCGGGTTGTTGGT 

 1144 

Three gRNAs were	individually packaged into lentiviruses using a third-generation system and 1145 

transduced into Cas9-expressing hiPSCs (lentiCRISPR v2, Addgene #52961). After antibiotic selection, 1146 

single-cell clones were plated, expanded, and screened. Successful PLXNB1 knockout was confirmed 1147 

by PCR amplification, TOPO cloning and Sanger sequencing. 1148 

 1149 

Human iPSC-derived astrocyte induction 1150 

The isogenic pair of PLXNB1 KO hiPSCs (from a single clone) were induced into astrocytes by FUW-1151 

M2rtTA (Addgene, 20342), TetO.Sox9.puro (Addgene, 117269),  and TetO.NfiB.Hygro (Addgene, 1152 

117271), as previously described46,95,96. On day 0, add doxycycline (Dox) to induce SOX9 and NFIB 1153 

expression. On day 1, add dual antibiotics (puromycin and hygromycin) to enrich transduced hiPSCs, 1154 

then expand cells in Expansion Medium (DMEM/F-12, HEPES, N2, 10% FBS, GlutaMAX). On day 3, 1155 

switch to Astrocyte FGF Medium (Neurobasal, B27, GlutaMAX, CNTF, BMP4, FGF2) with Dox. On day 1156 

8, transition to Astrocyte Maturation Medium (DMEM/F-12, Neurobasal, N2, sodium pyruvate, EGF-like 1157 

growth factor, CNTF, BMP4, cAMP, NAC) with Dox. On day 11, fully withdraw Dox. Collect hiPSC-1158 

derived astrocytes between days 21-24. 1159 

 1160 
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scRNAseq of hiPSC-derived astrocytes 1161 

The induced astrocytes were collected and filtered through a 70 µm cell strainer into a fresh falcon 1162 

tube. The viability of single cells was assessed using Acridine Orange/Propidium Iodide viability 1163 

staining reagent (Nexcelom), and debris-free suspensions of >80% viability were deemed suitable for 1164 

the experiments. ScRNA-Seq was performed using the Chromium platform (10x Genomics) with the 5’ 1165 

gene expression (5’ GEX) V2 kit, with a targeted recovery of 10,000 cells. Briefly, Gel-Bead in 1166 

Emulsions (GEMs) were generated on the sample chip in the Chromium X system. Barcoded cDNA 1167 

was extracted from the GEMs after Post-GEM RT-cleanup and amplified for 12 cycles. Full-length 1168 

cDNA from poly-A mRNA transcripts underwent enzymatic fragmentation and size selection to optimize 1169 

cDNA amplicon size (~400 bp) for library construction. The cDNA fragments were then subjected to 1170 

end-repair, adapter ligation, and 10x-specific sample indexing according to the manufacturer’s protocol 1171 

(10x Genomics). The concentration of the single-cell library was accurately quantified using qPCR 1172 

(Kapa Biosystems) to achieve appropriate cluster counts for paired-end sequencing on the NovaSeq 1173 

6000 (Illumina), aiming for a sequencing depth of 25,000 reads per cell. 1174 

 1175 

Preprocessing scRNA-seq dataset of mice with genetic Plxnb1 perturbation 1176 

We used Seurat to preprocess the raw UMI count matrices generated by Huang et al using single-cell 1177 

RNA sequencing of cortices from mice with or without Plxnb1 deletion46. For quality control, we 1178 

removed cells with ≤200 or ≥ 5000 genes, UMI count ≥ 50,000, as well as those with mitochondrial 1179 

reads > 10%. We then removed genes that were expressed in less than 2 cells. After quality control, we 1180 

retained 32,874 cells and 20,557 genes in total.  1181 

 1182 

Preprocessing scRNA-seq data from hiPSC-induced astrocytes 1183 

Sequencing reads were aligned to the human reference genome (GRCh38) using Cell Ranger (v 5.0.1). 1184 

Using similar preprocessing steps as in the mouse scRNA-seq analysis, we performed quality control 1185 

on the hiPSC-induced astrocyte (iAst) scRNA-seq data, starting from the raw UMI count matrices 1186 

generated by Cell Ranger. We retained cells that met the following quality control thresholds: UMI count 1187 

> 1800 and < 50,000, number of genes > 800 and < 7000, and mitochondrial reads < 10%. Additionally, 1188 

we removed genes expressed in fewer than 2 cells. Applying these quality control criteria resulted in 1189 

15,341 cells and 20,656 genes.  1190 

 1191 

Annotating cell-types to identify astrocytes in scRNA-seq data 1192 
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To annotate cell types and identify astrocytes in the scRNA-seq datasets, we used the Discovery 1193 

dataset as reference and applied the same Seurat mapping approach82 similar to the cell-state 1194 

annotation process mentioned above. To map the mouse data onto the reference, which is based on 1195 

human transcriptomes, we first converted all mouse genes to human genes using the 1196 

convert_mouse_to_human_symbols function from the nichenetr package. To annotate the major cell 1197 

types, we normalized each dataset using SCTransform (with variable.features.n = 4000 and 1000 for 1198 

the mouse data and iAst data, respectively). Transfer anchors were identified using the 1199 

FindTransferAnchors function with the 10 nearest neighbors (k.anchor = 10) and the first 30 principal 1200 

components (npcs = 30), while keeping the other parameters as default. To transfer the cell-type labels, 1201 

the anchors were then input to the TransferData function, using the 10 nearest neighbors for weighting 1202 

anchors (k.weight = 10) and npcs = 30. To identify the most astrocyte-like cells, we selected cells with 1203 

an astrocyte label prediction score of ≥ 0.9 for the mouse data and ≥ 0.5 for the iAst data. We chose a 1204 

more lenient threshold for the iAst data due to the smaller number of annotated astrocytes available. 1205 

Together, the preprocessing and annotation pipelines result in 7276 astrocytes annotated with high 1206 

confidence in the mouse data and 1434 astrocytes in the iAst data. These annotated astrocytes were 1207 

then selected for down-stream analysis. 1208 

 1209 

Association between Ast10 frequency and cognitive decline adjusting for neuropathologies 1210 

To evaluate the extent to which the association between Ast10 frequency and cognitive decline can be 1211 

explained by other factors, we conducted a linear regression analysis. Cognitive slope was modeled as 1212 

a function of Ast10 frequency alongside neuropathological and demographic covariates available in 1213 

either the Discovery or Replication cohorts (n = 869 participants). Included covariates were age, sex, 1214 

education, study cohort, and neuropathological measures: amyloid, tau, Lewy bodies, TAR DNA-1215 

binding protein 43 (TDP-43), gross chronic infarcts, chronic microinfarcts, cerebral atherosclerosis, 1216 

arteriolosclerosis, cerebral amyloid angiopathy, hippocampal sclerosis, and neuron proportion 1217 

estimated from snRNA-seq (see Methods: Other neuropathological measures for details). 1218 

Participants with complete data across all variables (n = 700) were included in the final model. 1219 

Continuous variables were z-score normalized, and categorical variables were dichotomized for model 1220 

parsimony. Linear regression was performed using the lm function from the stats package (v4.4.2) in R. 1221 

 1222 

Mediation analysis of SNAP25 in the association between Ast10 frequency and cognitive decline 1223 

SNAP25 protein levels were measured using Tandem Mass Tag (TMT) multiplexed mass spectrometry 1224 

in a subset of participants (n = 273) from the CUIMC1, CUIMC2 and MIT datasets. TMT data were 1225 

preprocessed and normalized as previously described97. To assess whether SNAP25 mediates the 1226 
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relationship between Ast10 frequency and cognitive decline, we performed a mediation analysis using 1227 

three linear models, each representing an “edge” of the mediation triad: 1228 

1. Total effect: Association between Ast10 frequency and cognitive decline without adjusting for 1229 

SNAP25. 1230 

2. Mediator model: Association between Ast10 frequency and SNAP25 protein levels. 1231 

3. Outcome model: Association between SNAP25 protein levels and cognitive decline, adjusting 1232 

for Ast10 frequency. 1233 

All models were adjusted for sex, postmortem interval, dataset, age at death, education, cell count, and 1234 

median gene count per participant. The mediate function from the mediation package in R was used 1235 

(with default parameters) to estimate the proportion of the effect mediated by SNAP25. 1236 

 1237 

Statistical information 1238 

All boxplots highlight the median, first and third quartiles, with whiskers extending to 1.5 times the 1239 

interquartile range. Sample sizes are provided in the figure legend. The significance of DREMI scores 1240 

for prioritized pathway genes was assessed empirically by comparison to other genes within the same 1241 

category (i.e., ligand, receptor, signaling mediator, and transcriptional regulator). The MISTy 1242 

importance score for the prioritized ligand set was evaluated using a permutation test. The effect of 1243 

PLXNB1 knockout in astrocytes was tested using a two-sided Wilcoxon signed-rank test.1244 
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Figures 

 
Figure 1 | Meta-analysis of DLPFC single-nucleus transcriptomic datasets reveals cell 
subpopulations associated with AD traits in 869 older individuals. 
(A) Cellular landscape manifold of the aged neocortex, with each dot representing a Discovery dataset 

participant (n = 437) projected based on their 91 cell subpopulation composition1. Pseudotime 
analysis reveals two trajectories: Progression to AD (prAD) and Alternative Brain Aging (ABA)1. 

(B) Same manifold as in (A), except each participant is colored by their frequency of the Astrocyte 10 
(Ast10) subpopulation, which is enriched along the prAD trajectory. 
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(C) Meta-analysis strategy for linking cell-state frequencies to three AD traits (Aβ, tau tangles, and 
cognitive decline). The Replication set includes three single-nucleus RNA sequencing (snRNAseq) 
datasets (CUIMC2, MIT3, Diversity). Cells were annotated by their cell-state using the Discovery 
(CUIMC1) dataset1 as a reference, and associations were tested via linear regression, followed by 
fixed-effect meta-analysis. 

(D) Number of participants shared across studies. 869 non-overlapping samples were used for 
analyses (see Methods). 

(E) Meta-analysis results for the Replication set (left) and all participants (Discovery + Replication, 
right). Heatmaps display effect sizes, ranging from negative (orange) to positive (purple). Positive 
effect sizes on amyloid and tangles correspond to higher pathology burdens, while negative effect 
size of cognitive slope corresponds to a higher rate of cognitive decline. Asterisks indicate 
significance: ****FDR < 10⁻⁴, ***FDR < 10⁻³, **FDR < 10⁻², *FDR < 0.05. 

(F) Forest plots of Ast10 frequency associations with AD traits across individual studies and meta-
analyses (bold), shown for Replication (n = 432) and all participants (n = 869). Dots represent effect 
sizes; lines indicate 95% confidence intervals. 
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Figure 2 | Systematic identification of cell-cell communication signals regulating the 
SLC38A2highSMTNhighCACNA1Dhigh Astrocyte 10 state. 
(A) Overview of our systematic approach to identify microglial and/or astrocytic cell-cell signals 

regulating Astrocyte 10 (Ast10). (1) NicheNet30 prioritizes ligand-receptor pairs based on their 
expression and how well their downstream signaling activities recapitulating the Ast10 
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transcriptional signature. (2) Partial Least Squares Regression (PLSR) models predict Ast10 
frequency per donor using expression patterns of prioritized ligands or receptors. (3) Validation 
includes replication in independent datasets, spatial transcriptomics to confirm ligand-Ast10 
colocalization, immunohistochemistry for coexpression of an Ast10 marker with a top receptor, and 
genetic depletion of the top receptor in iPSC-derived and murine astrocytes, followed by scRNA-
seq. 

(B) Ligand activity z-scores from NicheNet for the top 100 sender-ligand-receptor interactions. A high z-
score indicates that a ligand’s predicted target genes are enriched for Ast10 signature genes. A 
positive z-score reflects above-average activity relative to all other ligands analyzed. 

(C) Differential expression of the top ligands across all analyzed astrocytic and microglial sender states. 
Color indicates log fold-change (logFC) in ligand expression relative to other sender populations; 
circle size represents the percentage of cells expressing each ligand. 

(D) Differential expression of the receptors for top-ranked ligands from (B). Color denotes logFC of 
receptor expression in Ast10 compared to other astrocytic and microglial subsets. 
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Figure 3 | Expression of prioritized ligands in specific glial states predict variation in Ast10 
frequency across participants. 
(A) Astrocyte 10 (Ast10) frequency varies across participants in the Discovery cohort, grouped by final 

consensus cognitive diagnosis: No cognitive impairment (NCI), mild cognitive impairment (MCI), 
and Alzheimer’s dementia (AD). Clinical diagnoses were determined by neurology experts based on 
all available clinical data at the time of death98. P-values: two-sided Wilcoxon signed-rank test. 

(B) Partial Least Squares Regression (PLSR) modeling predicts Ast10 frequency per donor based on 
prioritized ligand expression. The model input consists of 28 ligand summary scores, each 
summarizing ligand expression across specific glial states (see Methods). PLSR projects the high-
dimensional ligand space into a principal component space, capturing covarying ligands that predict 
Ast10 variation. Representative principal components (PLS 1 and PLS 2) are shown. 

(C) Ligand PLSR model performance, evaluated by variance explained (R²) and variance predicted (Q²) 
using five-fold cross-validation across 100 iterations, plotted against the number of PLS 
components.  

(D) Predicted versus empirical (measured) Ast10 frequency z-scores in the CUIMC1 test set, a 10% 
subset withheld from model training for independent validation. 
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(E- F) Predicted versus empirical Ast10 frequency z-scores in the CUIMC2 (E) and MIT (F) snRNAseq 
datasets. Predictions were made using the ligand PLSR model trained on the CUIMC1 Discovery 
dataset. 

(G) PLSR scores (the first two PLS components) for each participant, colored by their log-transformed 
Ast10 frequency. 

(H) PLSR loadings (the first two PLS components) for each ligand predictor and the response variable 
(Ast10 frequency). Top contributing ligands are highlighted. 

(I) Variable Importance in Projection (VIP) scores from PLSR quantifying the importance of each 
ligand summary score in predicting Ast10 frequency. The sign of the VIP score indicates whether 
the ligand contributes positively or negatively to increasing Ast10 frequency. Ligands with |VIP| > 1 
(indicating significant contribution) are highlighted. 
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Figure 4 | Pathway genes of the prioritized ligands share significant mutual information with the 
Astrocyte 10 signature at the single-cell level. 
(A) Schematic of the analysis quantifying the associations between prioritized ligand pathway genes 

and the Astrocyte 10 (Ast10) signature at the single-cell level. A simplified signaling cascade 
illustrates four signaling node categories: ligands, receptors, signaling mediators, and 
transcriptional regulators. To assess signal transfer activity, we applied Density Rescaled Mutual 
Information (DREMI)36 to quantify the mutual information between each signaling node and the 
Ast10 signature score across individual astrocytes in the Discovery snRNAseq dataset. A higher 
DREMI score indicates stronger signal transfer activity from the pathway node to the Ast10 
transcriptional signature. 

(B) DREMI score distributions for each signaling node category: ligands, receptors, transcriptional 
regulators, and signaling mediators. Representative top-ranked pathway genes in each category 
are highlighted in red. Grey lines indicate the mean DREMI scores from shuffled data, serving as a 
baseline for comparison. 

(C) Density Rescaled Visualization of Information (DREVI)36 plots showing the relationship between 
representative pathway genes and the Ast10 signature score across individual astrocytes. Color 
intensity represents the conditional density distribution of astrocytes, illustrating how the Ast10 
signature score (y-axis) varies with expression level of the pathway gene of interest (x-axis). DREMI 
scores and empirical P-values for each signaling node are displayed. P-values were derived from 
permutation tests across all possible genes in each category: ligands (n = 621), receptors (n = 657), 
signaling mediators (n = 11,124), and transcriptional regulators (n = 1,079) (see Methods for 
details).  
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Figure 5 | Prioritized ligands predict nearby Ast10 signature but not other astrocytic states in 
spatial transcriptomic data 
(A) Pearson’s correlation between Ast10 signature scores in individual spatial transcriptomic spots and 

the mean expression of prioritized ligands in their local neighborhood. Each point represents a 
single spatial transcriptomic spot within a representative tissue slice. Inset: A spatially registered 
tissue slice highlighting an example spot of interest (yellow) and its neighboring spots (purple) used 
in the analysis. 

(B) Control analysis for (A) using randomly selected spatial spots. Pearson’s correlation between Ast10 
signature scores in individual spots and the mean expression of prioritized ligands in randomly 
selected spots within the same tissue slice from (A). Inset: The same spatially registered tissue 
slice, highlighting the example spot of interest (yellow) and the randomly assigned spots (purple) 
used for comparison. 

(C) Volcano plots showing Pearson’s R and statistical significance for the spatial correlation between 
prioritized Ast10-predictive ligands and the astrocyte state signatures (Ast1–Ast10) across all 
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samples. State signatures were derived from differentially upregulated marker genes, except for 
Ast1, where downregulated markers were used due to the absence of upregulated markers. To aid 
interpretation, Pearson’s R values for Ast1 are inverted so that negative correlations indicate 
depletion of the Ast1 signature (see Methods). Each point represents a tissue sample; statistically 
significant correlations (FDR < 0.05) are highlighted. 

(D) MISTy-derived importance scores quantifying the local influence of NicheNet-prioritized ligands 
(within a 3-spot radius) on Ast10 signature genes averaged across 32 spatial transcriptomic slides 
from 17 donors. Importance scores > 0 indicate significant influence. (see Methods for metric 
details). 

(E) Total importance scores of PLSR-prioritized ligands (|VIP| ≥ 1) compared to randomly sampled 
ligand sets of the same size (see Methods). Empirical P-value calculated from 100,000 random 
samplings. Prioritized ligands are listed. 
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Figure 6 | Validation of the role of PLXNB1 in Ast10 and mechanism of Ast10 action 
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Figure 6 | Validation of the role of PLXNB1 in Ast10 and mechanism of Ast10 action 

(A) Schematic of the immunofluorescence approach to validate PLXNB1 coexpression with the Ast10 
marker SLC39A11 in human dorsal lateral prefrontal cortex (DLPFC) tissue from an AD donor. The 
FFPE section was stained for DAPI (nuclei), GFAP (astrocytes), SLC39A11 (Ast10 marker), and 
PLXNB1. Forty 20x images were systematically collected across cortical layers. Astrocytes were 
identified via DAPI and GFAP segmentation, and mixed-effect modeling assessed single-cell 
covariation between PLXNB1 and SLC39A11. 

(B) Single-cell density plot showing SLC39A11 versus PLXNB1 expression, quantified by mean 
fluorescence intensity. Each point represents a GFAP+ astrocyte across 40 images. Effect size and 
significance for PLXNB1 predicting SLC39A11 levels were determined using a mixed-effect model 
(see Methods). 

(C) Representative tissue section showing DAPI, GFAP, PLXNB1 and SLC39A11 staining. Astrocytes 
coexpressing high levels of PLXNB1 and Ast10 marker SLC39A11 
(GFAPhighSLC39A11highPLXNB1high cells) are marked by white arrows. Scale bars: 50 μm. 

(D, F) PLXNB1 and Ast10 marker expression measured in astrocytes from human iPSCs (D) and mice 
(F) with (PLXNB1-KO) or without PLXNB1 knockout (Control). Two-sided Wilcoxon signed-rank 
test. Sample size: one isogeneic iAst pair (with or without PLXNB1-KO) derived from a single iPSC 
clone; one mouse for each genotype. 

(E, G) Single-cell covariation between PLXNB1 and the Ast10 signature score in Control and PLXNB1-
KO astrocytes from iPSCs (E) and mice (G). Dashed lines mark the median. Percentages of cells in 
each quadrant are indicated. Color scale represents cell density. 

(H) Multivariate regression model predicting cognitive decline based on Ast10 frequency, 
neuropathologies, and demographics. Effect sizes (dots) and 95% confidence intervals (error bars) 
are shown; significant variables (blue) are highlighted. A total of n = 700 samples across all 
snRNAseq datasets (Discovery + Replication) with complete measurements of all variables were 
analyzed. 

(I) Mediation analysis testing SNAP25 protein expression as a mediator of the Ast10–cognitive decline 
association in 273 ROSMAP DLPFC samples. SNAP25 significantly (P = 0.002) mediated 25% of 
the association. 
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Extended Data 
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Extended Data Figure 1 | Participant characteristics and meta-analysis of cell subset 
associations with cognitive decline. 
(A) Pearson’s correlation between the frequency of Astrocyte state 10 (Ast.10) and Microglia state 13 
(Mic.13, left) or Microglia state 12 (Mic.12, right) across 437 participants in the CUIMC1 single-nucleus 
RNA sequencing (snRNA-seq) dataset1. 
(B–F) Clinicopathologic characteristics of the 869 participants across the four snRNA-seq datasets. 
Additional details are provided in Table 1. 
(G) Effect sizes and statistical significance of associations between 91 cell subpopulations and 
cognitive decline, assessed via meta-analysis of the Replication set (Replication, n = 432) and all 
datasets combined (All, n = 869). Significant cell subpopulations (False Discovery Rate < 0.05) are 
highlighted, with the three most significant subpopulations indicated. 
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Extended Data Figure 2 | Uniform astrocytic state taxonomy applied across four snRNA-seq 
datasets. 

(A) Uniform Manifold Approximation and Projection (UMAP) of individual astrocyte nuclei from the 
Discovery CUIMC1 dataset, colored by the astrocyte-state taxonomy defined in Green et al1. 

(B) UMAP embeddings of individual astrocyte nuclei from each dataset in the Replication set, 
mapped onto the reference UMAP space of CUIMC1 (shown in A). Each cell is colored by the 
predicted cell-state label, assigned using CUIMC1 as the reference (See Methods for details). 
The Replication set includes three snRNA-seq datasets: Columbia University Irving Medical 
Center dataset 2 (CUIMC2), Massachusetts Institute of Technology dataset (MIT)3 and the 
Accelerating Medicines Partnership for AD Diversity dataset (Diversity). 

(C) Frequency distributions of astrocytic states across participants in the four snRNA-seq datasets. 
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Extended Data Figure 3 | Uniform microglial state taxonomy applied across four snRNA-seq 
datasets. 
(A) Uniform Manifold Approximation and Projection (UMAP) of individual microglia nuclei from the 

Discovery CUIMC1 dataset, colored by the microglial state taxonomy defined in Green et al1. 
(B) UMAP embeddings of individual microglia nuclei from each dataset in the Replication set, mapped 

onto the reference UMAP space of CUIMC1 (shown in A). Each cell is colored by the predicted cell-
state label, assigned using CUIMC1 as the reference (See Methods for detail). The Replication set 
includes three snRNA-seq datasets: Columbia University Irving Medical Center dataset 2 
(CUIMC2), Massachusetts Institute of Technology dataset (MIT)3 and the Accelerating Medicines 
Partnership for AD Diversity dataset (Diversity). 

(C) Frequency distributions of microglial states across participants in the four snRNA-seq datasets. 
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Extended Data Figure 4 | Uniform excitatory neuron cell-state taxonomy applied across four 
snRNA-seq datasets. 
(A) Uniform Manifold Approximation and Projection (UMAP) of individual excitatory neuron nuclei from 

the Discovery CUIMC1 dataset, colored by the excitatory neuron cell-state taxonomy defined in 
Green et al1. 

(B) UMAP embeddings of individual excitatory neuron nuclei from each dataset in the Replication set, 
mapped onto the reference UMAP space of CUIMC1 (shown in A). Each cell is colored by the 
predicted cell-state label, assigned using CUIMC1 as the reference (See Methods for details). The 
Replication set includes three snRNA-seq datasets: Columbia University Irving Medical Center 
dataset 2 (CUIMC2), Massachusetts Institute of Technology dataset (MIT)3 and the Accelerating 
Medicines Partnership for AD Diversity dataset (Diversity). 

(C) Frequency distributions of excitatory neuron states across participants in the four snRNA-seq 
datasets. 
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Extended Data Figure 5 | Uniform inhibitory neuron cell-state taxonomy applied across four 
snRNA-seq datasets. 
(A) Uniform Manifold Approximation and Projection (UMAP) of individual inhibitory neuron nuclei from 

the Discovery CUIMC1 dataset, colored by the inhibitory neuron cell-state taxonomy defined in 
Green et al1. 

(B) UMAP embeddings of individual inhibitory neuron nuclei from each dataset in the Replication set, 
mapped onto the reference UMAP space of CUIMC1 (shown in A). Each cell is colored by the 
predicted cell-state label, assigned using CUIMC1 as the reference (See Methods for details). The 
Replication set includes three snRNA-seq datasets: Columbia University Irving Medical Center 
dataset 2 (CUIMC2), Massachusetts Institute of Technology dataset (MIT)3 and the Accelerating 
Medicines Partnership for AD Diversity dataset (Diversity). 

(C) Frequency distributions of inhibitory neuron states across participants in the four snRNA-seq 
datasets. 
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Extended Data Figure 6 | Uniform oligodendrocyte and oligodendrocyte precursor cell-state 
taxonomy applied across four snRNA-seq datasets. 
(A,D) Uniform Manifold Approximation and Projection (UMAP) of individual oligodendrocyte nuclei (A) 
or oligodendrocyte precursor cell (OPC) nuclei (D) from the Discovery CUIMC1 dataset, colored by the 
cell-state taxonomy defined in Green et al1. 
(B,E) UMAP embeddings of individual oligodendrocyte nuclei (B) or OPC nuclei (E) (from each dataset 
in the Replication set, mapped onto the reference UMAP space of the CUIMC1 (shown in A, D). Each 
cell is colored by the predicted cell-state label, assigned using CUIMC1 as the reference (See Methods 
for details). The Replication set includes three snRNA-seq datasets: Columbia University Irving Medical 
Center dataset 2 (CUIMC2), Massachusetts Institute of Technology dataset (MIT)3 and the Accelerating 
Medicines Partnership for AD Diversity dataset (Diversity). 
(C,F) Frequency distributions of oligodendrocyte states (C) or OPC states (F) across participants in the 
four snRNA-seq datasets. 
 

 
Extended Data Figure 7 | Uniform cell-state taxonomy applied to vascular cell subpopulations 
across four snRNA-seq datasets 
(A) Uniform Manifold Approximation and Projection (UMAP) of individual nuclei from the vascular niche 

of the Discovery CUIMC1 dataset, colored by the cell-state taxonomy defined in Green et al1. 

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted February 25, 2025. ; https://doi.org/10.1101/2025.02.24.639868doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.24.639868


27 

(B) UMAP embeddings of individual vascular niche nuclei from each dataset in the Replication set, 
mapped onto the reference UMAP space of CUIMC1 (shown in A). Each cell is colored by the 
predicted cell-state label, assigned using CUIMC1 as the reference (See Methods for details). The 
Replication set includes three snRNA-seq datasets: Columbia University Irving Medical Center 
dataset 2 (CUIMC2), Massachusetts Institute of Technology dataset (MIT)3 and the Accelerating 
Medicines Partnership for AD Diversity dataset (Diversity). 

(C) Frequency distributions of vascular cell subsets across participants in the four snRNA-seq datasets. 
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Extended Data Figure 8 | Partial Least Squares Regression modeling links ligands and receptors 
to Astrocyte state 10 frequency across participants. 
(A) Pearson’s correlations between Astrocyte state 10 (Ast10) frequency and NicheNet-prioritized 

ligands expressed across different sender astrocytic or microglial states. For each ligand, 
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expression levels across significantly associated sender subpopulations (|Pearson’s R| ≥ 0.1, P < 
0.05) are averaged to generate a summary score, which serves as model input (see Methods for 
details). An example ligand, SEMA4B, is highlighted. 

(B) Partial Least Squares Regression (PLSR) modeling approach based on cell-state-specific ligands. 
The model input consists of a matrix of ligand summary scores across donors in the Discovery 
dataset (n = 171 with Ast10), trained to predict each donor’s Ast10 frequency (output). The 
calculation of the summary score for the example ligand SEMA4B (highlighted in A) is illustrated: 
expression of SEMA4B in significantly associated sender astrocyte states (Ast2, Ast3, Ast6) is 
averaged to derive the summary score. 

(C) PLSR modeling predicts Ast10 frequency based on the prioritized receptors. For each donor, the 
input vector includes the pseudobulk astrocyte expression of 26 receptors. PLSR reduces the high-
dimensional input receptor space to a principal component space, which captures covarying 
receptor patterns that predict Ast10 variation. Representative principal components (PLS 1 and PLS 
2) are shown. 

(D) Performance of the receptor-based PLSR model, evaluated by computing percentage of variance in 
Ast10 frequency explained (R2) or predicted using repeated five-fold cross validation across 100 
iterations (Q2) with increasing number of PLS components. 

(E) Comparison between the predicted Ast10 frequency z-scores from the receptor PLSR model versus 
the empirical (measured) Ast10 frequency z-scores in the CUIMC1 test set, which is 10% of the 
CUIMC1 data withheld from model training for independent validation. 

(F-G) Comparison between the predicted Ast10 frequency z-scores from the receptor PLSR model 
versus the empirical (measured) Ast10 frequency z-scores in the CUIMC2 dataset (F) and in the 
MIT snRNAseq dataset (G). Predictions were made using the PLSR trained on the CUIMC1 
Discovery dataset. 

(H) Receptor PLSR scores (of the first two PLS components) for each participant colored by their log-
transformed Ast10 frequency. 

(I) Receptor PLSR loadings (of the first two PLS components) for each ligand predictor and the 
response variable (Ast10 frequency). Top contributing receptors are highlighted. 

(J) Variable Importance in Projection (VIP) scores from PLSR, quantifying each astrocytic receptor’s 
contribution to predicting Ast10 frequency. The sign of the VIP score indicates whether the receptor 
positively or negatively influences Ast10 frequency prediction. Receptors with |VIP| ≥1, indicating 
significant contributions, are highlighted. 
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Extended Data Figure 9 | Validation of the role of PLXNB1 on Ast10 
(A) Single-cell density plot showing the covariation between SLC39A11 and GFAP expression, 

quantified based on mean fluorescence intensity measured from immunofluorescence imaging of 
an AD donor. Each data point represents an astrocyte identified by GFAP-based segmentation 
across 40 images. Statistics indicate the effect size and significance of GFAP expression for 
predicting SLC39A11 levels, adjusting for SLC39A11 expression and image variability, derived from 
fitting a mixed effect model (See Methods for details). 

(B) Gene-gene correlation structure of Ast10 marker genes across three astrocyte systems: human 
induced pluripotent stem cell-derived (hiPSC) astrocytes at the baseline (iAst Control) or with 
PLXNB1 knockout (iAst PLXNB1-KO), and fresh frozen astrocytes from the Discovery CUIMC1 
dataset. For each gene pair, Pearson’s correlation was computed across all astrocytes based on 
their MAGIC-imputed expression (see Methods for details). Genes were clustered using hierarchical 
clustering (with the “complete” agglomeration method) of the gene-gene correlation matrix from the 
iAst Control system. 

(C-D) Comparison of single-cell distributions of Ast10 signature gene expression in iAst with and 
without PLXNB1 knockout. Expression of Ast10 signature genes from Gene set 1 (C) and Gene set 
2 (D) are shown, along with overall signature scores calculated for each gene sets (see Methods for 
details). 
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(E) Comparison of single-cell distributions of Ast10 signature gene expression in murine astrocytes with 
and without PLXNB1 knockout. Expression levels of individual Ast10 signature genes and their 
summarized signature scores are shown. 

 
 

 
Extended Data Figure 10 | Variables associated with cognitive decline in older participants 
(A) Forest plot from a multivariate regression model predicting cognitive decline based on pathologic 

variables and demographic variables (y-axis). Effect sizes (dots) and the respective 95% 
confidence intervals (error bars) are shown. Significant variables are highlighted in blue. All 
continuous variables were z-scored. Categorical variables were dichotomized; their respective 
factor levels and case numbers are indicated in brackets. A total of n = 700 samples across all 
available snRNAseq datasets (Discovery + Replication) with complete measurements for all 
variables were analyzed. 
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