
UC Irvine
UC Irvine Previously Published Works

Title
Characterizing dysregulations via cell-cell communications in Alzheimers brains using 
single-cell transcriptomes.

Permalink
https://escholarship.org/uc/item/6518j76g

Journal
BMC Neuroscience, 25(1)

Authors
Lee, Che
Riffle, Dylan
Xiong, Yifeng
et al.

Publication Date
2024-05-13

DOI
10.1186/s12868-024-00867-y
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/6518j76g
https://escholarship.org/uc/item/6518j76g#author
https://escholarship.org
http://www.cdlib.org/


R E S E A R C H Open Access

© The Author(s) 2024. Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, 
sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and 
the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included 
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/. The 
Creative Commons Public Domain Dedication waiver (http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available 
in this article, unless otherwise stated in a credit line to the data.

Lee et al. BMC Neuroscience           (2024) 25:24 
https://doi.org/10.1186/s12868-024-00867-y

BMC Neuroscience

†Che Yu Lee, Dylan Riffle and Yifeng Xiong contributed equally to 
this work.

*Correspondence:
Jing Zhang
zhang.jing@uci.edu

Full list of author information is available at the end of the article

Abstract
Background  Alzheimer’s disease (AD) is a devastating neurodegenerative disorder affecting 44 million people 
worldwide, leading to cognitive decline, memory loss, and significant impairment in daily functioning. The recent 
single-cell sequencing technology has revolutionized genetic and genomic resolution by enabling scientists to 
explore the diversity of gene expression patterns at the finest resolution. Most existing studies have solely focused 
on molecular perturbations within each cell, but cells live in microenvironments rather than in isolated entities. Here, 
we leveraged the large-scale and publicly available single-nucleus RNA sequencing in the human prefrontal cortex 
to investigate cell-to-cell communication in healthy brains and their perturbations in AD. We uniformly processed 
the snRNA-seq with strict QCs and labeled canonical cell types consistent with the definitions from the BRAIN 
Initiative Cell Census Network. From ligand and receptor gene expression, we built a high-confidence cell-to-cell 
communication network to investigate signaling differences between AD and healthy brains.

Results  Specifically, we first performed broad communication pattern analyses to highlight that biologically related 
cell types in normal brains rely on largely overlapping signaling networks and that the AD brain exhibits the irregular 
inter-mixing of cell types and signaling pathways. Secondly, we performed a more focused cell-type-centric analysis 
and found that excitatory neurons in AD have significantly increased their communications to inhibitory neurons, 
while inhibitory neurons and other non-neuronal cells globally decreased theirs to all cells. Then, we delved deeper 
with a signaling-centric view, showing that canonical signaling pathways CSF, TGFβ, and CX3C are significantly 
dysregulated in their signaling to the cell type microglia/PVM and from endothelial to neuronal cells for the WNT 
pathway. Finally, after extracting 23 known AD risk genes, our intracellular communication analysis revealed a strong 
connection of extracellular ligand genes APP, APOE, and PSEN1 to intracellular AD risk genes TREM2, ABCA1, and APP 
in the communication from astrocytes and microglia to neurons.
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Background
Alzheimer’s disease is a devastating neurodegenerative 
disorder that affects 44 million people worldwide, leading 
to cognitive decline, memory loss, and significant impair-
ment in daily functioning [1–3]. Understanding and 
studying Alzheimer’s disease is of utmost importance 
due to its widespread impact on individuals, families, and 
society as a whole [4–6]. Despite decades of efforts to 
narrow down several risk genes, the genetic and molec-
ular mechanisms underlying AD are largely unknown. 
Bulk-tissue sequencing masks the heterogeneity of gene 
expression underlying distinct cell types [7]. As a result, 
we still face significant hurdles in developing effective 
treatment or prevention for this devastating disease.

The recent single-cell sequencing technology has revo-
lutionized genetic and genomic studies by simultaneously 
profiling molecular signatures across thousands to mil-
lions of cells. It enables scientists to explore cellular diver-
sity, gene expression patterns, and cellular interactions 
in complex tissues and health conditions. It has allowed 
us to identify unique cell types, discover disease-specific 
cellular signatures, and unravel the intricate mechanisms 
underlying genetic disorders [8–13]. As a result, sev-
eral single-cell genomic research studies have been con-
ducted to investigate the disease pathology and provide 
new molecular insights in AD research. For instance, 
Mathys et al. performed population-scale single-nucleus 
RNA sequencing (snRNA-seq) in post-mortem human 
prefrontal cortices from AD patients and healthy controls 
to reveal both cell-type-specific and cell-type-shared 
transcription perturbation signatures in AD [14]. On the 
other hand, Morabito et al. performed single-cell epigen-
etic and transcriptomic profiling and identified cell-type-
specific cis-regulatory elements (CREs) and transcription 
factors (TF) that may mediate gene-regulatory changes in 
the late-stage AD [15]. Most of the existing studies have 
solely focused on molecular perturbations within each 
cell. However, cells are not isolated entities but live in a 
microenvironment, or cell niche, composed of dynami-
cally interacting entities, including extracellular matrix, 
neighboring cells, and soluble factors [8, 16, 17]. The 
complex and multidirectional interplay between these 
factors (and their properties) plays crucial roles in tissue 
development, cellular responses, disease progression, and 
therapeutic interventions [18–20]. Understanding and 
manipulating this relationship can provide insights into 
disease mechanisms and guide the development of novel 
therapeutic strategies.

To fill this gap of multi-cellular interplay, we leveraged 
the large-scale and publicly available single-nucleus RNA 
sequencing (snRNA-seq) in the human prefrontal cortex 
(PFC) to investigate cell-to-cell communication (C2C) 
patterns and their perturbations in AD patients. We first 
downloaded 48 snRNA-seq samples (24 AD and 24 con-
trol) and uniformly re-processed them with strict QCs. 
Next, we identified canonical cell types and their sub-
classes, consistent with cell type definitions from BRAIN 
Initiative Cell Census Network (BICCN) [21]. With such 
uniformly processed data, we built a high-confidence 
cell-to-cell communication network composed of signal-
ing genes and inferred the major signaling pathway pat-
terns in AD and healthy brains separately. Interestingly, 
we found that healthy brains form clear C2C patterns 
with distinct signaling usage, which has been signifi-
cantly disrupted in AD brains. When compared to con-
trol, Alzheimer’s excitatory cell types seem to be sending 
more communication signals specifically to the inhibi-
tory cell types, while inhibitory and non-neuronal cell 
types globally decreased their outgoing signals to most 
cell types. We then delved deeper with a signaling-centric 
view. We found that many previously reported signal-
ing pathways, such as CSF, TGFβ, and CX3C, are sig-
nificantly dysregulated in their signaling to the cell type 
microglia/PVM [22–24]. In contrast, the AD-relevant 
WNT pathway is dysregulated in its signaling from endo-
thelial to neuronal cells in AD [25]. Finally, we calculated 
the regulatory scores of ligand genes and discovered, 
specifically, a strong connection of extracellular ligand 
genes APP, APOE, and PSEN1 to intracellular AD risk 
genes TREM2, ABCA1, and APP in the communication 
from astrocytes and microglia to neurons. In summary, 
with the novel advances in single-cell sequencing tech-
nologies, we show that cellular signaling is regulated in 
a cell-type-specific manner and that improper regulation 
of extracellular signaling genes is linked to intracellular 
risk genes, garnering cross-cell-type mechanistic insights 
behind Alzheimer’s Disease.

Methods
snRNA-seq processing
We first mapped the raw reads and generated a cell-by-
count matrix using CellRanger count v6.0 [26]. Next, to 
more carefully separate out true cells from empty drop-
lets with ambient RNA, we used the program remove-
background from the CellBender package [27]. After 
filtering cells based on the lower bounds, we removed 

Conclusions  In summary, with the novel advances in single-cell sequencing technologies, we show that cellular 
signaling is regulated in a cell-type-specific manner and that improper regulation of extracellular signaling genes is 
linked to intracellular risk genes, giving the mechanistic intra- and inter-cellular picture of AD.

Keywords  Cell-cell communication, Ligand-receptor, Single-nucleus RNA-seq, Brain, Alzheimer’s Disease, Network
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1,135 genes included in the MitoCarta v3.0 database [28] 
such as mitochondrial genes and certain genes highly 
correlated with RNA sample quality [29]. Next, doublets 
were identified using a combination of two computa-
tional methods Scrublet [30] and DoubletDetection [31]. 
The intersection of high-quality cells was taken from 
both software. Furthermore, cells with more than 10% 
mitochondrial gene expression, fewer than 200 genes, or 
fewer than 500 UMIs were excluded from downstream 
analysis. After these removals, we aggregated the demul-
tiplexed samples again in Pegasus [32] for robust gene 
identification, highly variable gene selection (5,000 genes 
chosen), principal component analysis (PCA), batch cor-
rection using Harmony [33], nearest-neighbor detection, 
Leiden clustering, and Uniform Manifold Approximation 
and Projection (UMAP) dimensionality reduction.

Cell type annotation
We used Pegasus’ infer_cell_types function to associate 
the Leiden clusters with reference cell types based on the 
hybrid marker gene sets obtained from merging BICCN’s 
neuronal subclass markers and Ma et al’s non-neuronal 
subclasses [34]. The broad cell types’ and non-neuronal 

marker genes can be found in Fig. 1, while the sub-cell-
types’ marker genes for the neuronal cells in Fig. S1. 
The final subclass annotations included the following 
(Table 1):

Intercellular communication analyses
Individual cell-to-cell communication network
Here, we applied the standard workflow of CellChat 
(v1.5.0) on single-cell gene expression of ligands and 
receptors [35]. Based on an existing database of ligand-
receptor pairs, we utilized the default parameters 
‘mean = trimean’ and ‘trim = 0.1’ to infer a cell-to-cell 
communication network. Two separate analyses were 
done for each condition in the AD dataset, namely con-
trol and Alzheimer’s.

Table 1  Groupings of each cell type
Cell Type Cell Subtypes
Excitatory Neurons L2/3 IT, L4 IT, L5, L5/6 NP, L6 CT, L6 IT, L6 

IT Car3, L6b
Inhibitory Neurons Chandelier, Lamp5, Lamp5 Lhx6, Pax6, 

Pvalb, Sncg, Sst, Sst Chodl, Vip
Non-Neuronal Cells Astro, Endo, VLMC, Micro/PVM, Oligo, OPC

Fig. 1  Data overview. (A) Schematic of the Accelerating Medicines Partnership Program for Alzheimer’s Disease Consortium Data. (B) UMAP-embedding 
of the single-cell data labeled by cell type. (C) Table of marker genes for each cell type. (D) Schematic of the cell-to-cell communication analysis per-
formed in the paper. Example of one communication (i.e. L5 to OPC) is highlighted. (E) The data structure of our cell-to-cell communication analysis. It is 
a three-dimensional matrix representing the communication strength between any sender and receiver cell type pair via a specific ligand-receptor pair. 
The L5 to OPC is an example array in our communication matrix. (F) An overall cell-to-cell communication network, with an example that highlights the 
signaling from L5 neuron to OPC glial cell
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Spatial validation of control cell-to-cell network
We utilized processed, deconvoluted spatial cell data 
(Sample Name “Br6432_post”) generated by 10X Visium 
technology to perform a limited amount of validation 
[36]. After showing the layer-specificity of specific cell 
types (Fig. S2), a spatially-aware cell-to-cell communi-
cation matrix was generated with ‘mean = trimean’ and 
‘trim = 0.1’. Pearson, Kendall, and Spearman correlations 
between the spatially aware and the non-spatially aware 
communication matrices were calculated.

Differential cell-to-cell communication network
Next, we moved from individual cell-to-cell commu-
nication analyses to differential analyses. We began our 
analyses by first normalizing the 3-dimensional matrices 
(Sender cell types x Receiver cell types x Lig-Rec interac-
tions) in each of the CellChat objects to correct for batch 
effects in snRNA-seq, this time specifically for signaling 
genes. Firstly, for pattern analysis, we utilized the Brunet 
algorithm with ‘seeding = random’, ‘number of runs = 200’, 
and ‘rank = 3’ [37]. The NMF signaling pattern analysis 
works by decomposing the communication matrix into 
two smaller sub-matrices to find the underlying pattern 
among the cell types and their corresponding signaling 
pathways. Secondly, for our cell-type-centric analyses, 
an element-wise subtraction of the two cell-to-cell net-
works was performed. Values per cell type were summed 
to inform cell-type-centric input/output analyses. Finally, 
for our signaling-centric analyses, CellChat’s “rankNet” 
function performed a paired sample Wilcoxon test com-
paring all possible sender-receiver cell type pairs between 
AD and CON groups. A significant P-value indicates 
that all interactions from one diagnosis consistently rank 
lower than those from the other. A P-value of 0.05 and a 
ratio difference of less than 0.95 or more than 1.05 were 
used to determine statistical significance, following the 
default parameters benchmarked by the original authors 
of CellChat.

AD risk gene extraction
To identify AD risk genes for our research, we inter-
sected the results from a Genome-Wide Association 
Studies (GWAS) [38, 39], a Whole Exome Sequencing 
(WES) study [40], and a network-based study to obtain 
a total of 23 AD risk genes [41]. We obtained 87 risk 
genes from the GWAS & the exome study and 430 genes 
from the network-based study. We decided to include 

the network-based genes, in addition to the GWAS and 
Exome single-gene analyses, because genes do not act in 
isolation but in concert with other genes [41]. The inter-
section of the 23 AD risk genes can be visualized in the 
Venn diagram (Fig. S3).

Intracellular communication analyses
We calculated the ligand-gene regulatory scores using 
NicheNet (v1.1.1) [42]. NicheNet inputs were as follows: 
sender cells—astrocytes or microglia/PVM; receiver 
cells—all the neuronal cell types. The extraction of tar-
get risk gene input is described above (Methods 2.4). 
The following filters were used in the NicheNet analysis: 
‘n_ligands = 20’, ‘n_targets = 400’, ‘cutoff = 0.25’. We then 
selected the top 10 ligands and 15 target genes to high-
light in our C2C analysis.

Results
We utilized the publicly available data from the Accel-
erating Medicines Partnership Program for Alzheimer’s 
Disease Consortium [14] of 24 AD and 24 health control 
samples. We uniformly processed the raw fastq files and 
kept 51,171 nuclei after strict QC (details in Methods 
2.1), which included 31,294 nuclei from 23 AD samples 
and 19,877 nuclei from 13 healthy controls (Fig.  1A). 
These high-quality nuclei formed eight major cell types 
characterized by canonical marker genes (Fig.  1B-C). 
Since both excitatory and inhibitory neurons are com-
posed of heterogeneous subclasses, we further sub-clus-
tered the neuronal cell types by leveraging the existing 
BICCN reference dataset for PFC, resulting in eight excit-
atory and nine inhibitory neuron subclasses (details in 
Methods 2.2 and Fig. S1).

We performed a comprehensive communication analy-
sis, looking at both external intercellular (via CellChat) 
and internal intracellular communication (via NicheNet). 
Specifically, we utilized the gene expression patterns of 
known ligand-receptor pairs from the snRNA-seq data 
to infer the C2C networks via the popular software pack-
age CellChat and connected them with downstream risk 
genes via NicheNet (Fig. 1D) [35, 42]. We constructed a 
three-dimensional matrix representing the communica-
tion strength between any sender and receiver cell type 
pair via a specific ligand-receptor interaction (Fig.  1E 
and Methods 2.3 A). To validate our network, we utilized 
a neurotypical (aka non-Alzheimer’s) spatial transcrip-
tomics dataset to generate a spatially-aware cell-to-cell 
network for our control communication signaling [36] 
(details in Methods 2.3B). The positive correlations vali-
date the correspondence between the two communica-
tion networks generated by two independent datasets 
(Table 2). As a result, this allowed us to confidently aggre-
gate the C2C communication patterns in AD and healthy 
controls, measure C2C changes between conditions, infer 

Table 2  Correlations between the spatial cell-to-cell network 
and the original cell-to-cell network

Coefficients P-value
Pearson 0.3079 5.8e-4
Kendall 0.3213 2.7e-7
Spearman 0.4607 1.0e-7
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disease-driving signal pathways, and connect risk genes 
to upstream ligand regulators in a cell-type-specific man-
ner (Fig.  1F). We will discuss the detailed results in the 
following sections.

Communication pattern analysis reveals inter-mixing of 
cell types and signaling pathways in AD brains
With the 3D C2C matrix constructed, we first explored 
how multiple cell types coordinate intercellular com-
munications using certain pathways in an unsupervised 
manner. To achieve this goal, we flattened the 3D com-
munication matrix into a 2D sender-by-LigandRecep-
torPair matrix and performed non-negative matrix 
factorization (NMF) to identify latent communication 
groups and their key ligand-receptor signaling contribu-
tors [35]. We demonstrated our outgoing C2C network 
results in the alluvial plot in Fig. 2, where the middle bar 
represents the latent patterns, and the flow indicates how 
different signaling pathways (or cell types) belong to each 
pattern. Interestingly, we found normal brains employ 
three distinct outgoing communication latent patterns 
in three major cell groups: excitatory neurons, inhibitory 
neurons, and non-neuronal cells (Fig. 2A). All of the out-
going non-neuronal cells are characterized by pattern 1, 
dominated by biologically relevant pathways named after 
genes such as ANGPT, BMP, SPP1, and TGFβ [43–45]. 

Inhibitory neurons are represented by pattern 2, driven 
by expected signaling pathways such as VIP, SST, CCK, 
and CRH [46–49] while excitatory neurons are character-
ized by pattern 3, driven by signaling pathways such as 
CSF, SEMA3, and NT [50–52]. These results show that 
biologically-related cell types in normal brains rely on 
largely overlapping signaling networks.

In contrast, we found that this pattern has been dis-
rupted in AD brains (Fig.  2B). For instance, the inhibi-
tory and excitatory neurons demonstrated mixed latent 
communication patterns (e.g., Chandelier cells have 
been grouped into excitatory patterns). In addition, the 
major driving signal pathways for different cell types 
also changed noticeably. For example, the WNT path-
ways became one major contributor to the excitatory 
group, while ANGPT switched from major contributors 
in non-neuronal cells to the inhibitory group. Together, 
these results suggested extensive alterations in global 
C2C communication patterns and signaling usage in the 
outgoing network. The incoming network exhibits simi-
lar disruptions albeit with slight differences, with more 
pathways being grouped with the excitatory pattern (Fig. 
S5). In summary, global communication pattern analysis 
reveals the irregular inter-mixing of cell types and signal-
ing pathways in AD brains.

Fig. 2  Pattern analysis of cell-to-cell communication. (A) Pattern analysis of the outgoing network for the control cells. (B) Pattern analysis of the outgoing 
network for the Alzheimer’s cells. The first column represents the cell types, while the last column represents the ligand-receptor pathways. Each pathway 
can contain multiple ligand-receptor pairs
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Pairwise cell type C2C comparison highlights disturbed 
communication strength across various cell types in AD 
brains
After checking the global C2C pattern perturbations, 
we focused on cell-type-centric communication changes 
by aggregating all Ligand receptor pairs in our 3D C2C 
matrix. In our C2C network, each edge (aka communi-
cation strength) is a product of the sender’s ligand gene 
expression with the receiver’s receptor gene expression. 
First, we calculated the overall outgoing/incoming com-
munication strength (si ) for a particular cell type i  by 
aggregating all outgoing/incoming edges for that cell 
type. We then calculated the difference (∆si ) between 
AD and control samples. Interestingly, we found that AD 
brains showed noticeably increased outgoing communi-
cation strength in most excitatory cell types ranging from 
0.37 to 1.34 std dev above the collective mean, except for 
L2/3 IT. On the other hand, the inhibitory group showed 
a decrease of communication strength ranging from 
− 0.13 to -1.17 std dev below the mean (Fig.  3A1, Table 
S1). In the non-neuronal cells, Astro, OPC, and Micro/
PVM also showed a higher level of outgoing communi-
cation strength (0.35, 0.79, 0.44 std dev above, Fig. 3A1). 
Since each node in the circle plot represents a summa-
tion across all ligand-receptor pathways, we also made a 
boxplot of each individual ligand-receptor pathway for 
each cell type. Agreeing with the intensely bluely-colored 
“summed” node in its circle plot, the VLMC showed that 
more than 75% of its ligand-receptor pathways are down 

in Alzheimer’s compared to those of control (Fig.  3A2, 
Table S2).

On the other hand, in the incoming network, we found 
that the incoming communication strength is decreased 
in all excitatory cell types, showing a reduction ranging 
from − 0.05 to -1.76 std dev below the collective mean. In 
comparison, there is a general increase in the inhibitory 
group showing an increase ranging from 0.20 to 1.02 std 
dev above the mean, except for SST (Fig. 3B1, Table S3). 
In the non-neuronal cells, Astro, Endo, and VLMC also 
showed a lower level of incoming communications (-0.36, 
-0.35, -0.64 std dev below), except for a strong increase 
in Oligo (3.09 std dev above, Fig. 3B1). Agreeing with the 
intensely redly-colored “summed” node in its circle plot, 
the Oligo showed that more than 90% of its ligand-recep-
tor pathways are up in Alzheimer’s compared to those of 
control (Fig. 3B2, Table S4). The different results of these 
incoming and outgoing network comparisons among cell 
classes show that intercellular signaling is regulated in a 
cell-type-specific manner in AD.

Next, we calculated the pair-wise AD-to-normal C2C 
communication, aiming to find the major driver cell types 
to explain the above changes. As shown in Fig.  3C, we 
found various cell types demonstrated distinct patterns 
of C2C disruption. Specifically, excitatory neurons dem-
onstrated more targeted disruption in C2C communica-
tion patterns, while inhibitory neurons and non-neuronal 
cells demonstrated more global disruptions. For example, 
the excitatory neuron groups significantly increased their 

Fig. 3  Cell-type centric cell-to-cell communication analysis. (A) Differential network and boxplot of the outgoing cell-to-cell communication between 
Alzheimer’s and control. The nodes of the network were colored by the difference aggregated across signaling pathways. Red indicates an increased com-
munication in Alzheimer’s (while blue indicates decreased). (B) Similar to A. Differential network and boxplot of the incoming cell-to-cell communication 
between Alzheimer’s and control. (C) Clustered heatmap of the cell-to-cell communication between all pair-wise cell types. Red indicates an increased 
communication in Alzheimer’s (while blue indicates decreased)
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communication mostly to inhibitory neurons (median 
∆si  0.101, upper right red quadrant in Fig.  3C), but 
kept a similar level of communication to other cell types 
(median ∆si  -0.006, bottom right quadrant in Fig.  3C). 
In contrast, most inhibitory neurons and non-neuronal 
cells globally decreased their communication strengths to 
almost all cell types (median ∆si  -0.034, left side of the 
heatmap in Fig. 3C). Our findings add to previous reports 
of AD patients showing an increased excitatory to inhibi-
tory synaptic ratio by considering now their cross-cell 
type communication [53, 54].

Canonical neuroinflammation and neuroprotection 
signaling pathways in AD are dis-regulated in a cell-type-
specific manner
Our previous analyses mainly focused on the cell-type-
level communication strength perturbations in the C2C 
network comparison without considering the impact of 
their communication pathways. To fill this gap, we also 
performed a signaling-pathway-centric analysis by eval-
uating the contribution of all involved ligand-receptor 
pairs (details in Methods 2.3 C). Each signaling pathway 
contains multiple ligand-receptor gene pairs. As shown 
in Fig.  4A, many robustly expressed pathways in the 
human brain demonstrated significantly altered involve-
ment in C2C communication network. For example, 

for each pathway, we aggregated the communication 
strength of all involved Ligand Receptor pairs and across 
all cell type pairs. After a Wilcoxon Rank Sum test, we 
found that 22 pathways showed significantly decreased 
communication activity, while 2 pathways demonstrated 
increased activity (Fig.  4A). We chose to focus on 4 
canonical ligand-receptor interactions with strong litera-
ture support for further analysis, namely the WNT, CSF, 
TGFβ, and CX3C pathways (Fig. 4B-E) [22, 23, 55, 56].

Neuronal inflammation plays a significant role in 
the AD pathology [57, 58]. Consistently, we found that 
two inflammation-related pathways WNT and CSF 
are dysregulated in AD. For example, the WNT signal-
ing pathway plays multifaceted roles in CNS diseases 
by modulating neuroimmune interactions [55]. We 
found that the WNT pathway has significantly reduced 
its involvement in C2C communication (30% of con-
trol, P = 2.086e-7, Fig.  4A, Table S5), driven by decrease 
of communication from endothelial senders to neuronal 
receivers (Fig.  4B). Mechanistically, the downregulation 
of the WNT ligand gene can cause overactivity of the 
lithium-targeted GSK3β enzyme, leading to changes in 
neurogenesis, inflammation, oxidative stress, and circa-
dian dysregulation in neuronal cell types [25]. Addition-
ally, lines of literature also report the CSF pathway as a 
well-known inflammatory pathway primarily involving 

Fig. 4  Signaling pathways of cell-to-cell communication analysis. (A) Comparison of the signaling pathway flow between Alzheimer’s and control. The 
flow is defined as the summation of the ligand-receptor gene expression products of that specific pathway across all sender-receiver pairs. Red indicates 
an increased communication in Alzheimer’s (while blue indicates decreased). (B) Communication strength difference among cell types in the pathway 
WNT. Red indicates an increased communication in Alzheimer’s (while blue indicates decreased). (C) Communication strength difference among cell 
types in the pathway CSF. (D) Communication strength difference among cell types in the pathway TGFβ. (E) Communication strength difference among 
cell types in the pathway CX3C
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microglia [46, 59–61]. Consistently, we found that the 
CSF pathway has been significantly upregulated in AD 
patients (250% of control, P = 0, Fig. 4A). Such increased 
involvement is mainly driven by the increased communi-
cation from the excitatory neurons L6b to Microglia cells 
(Fig.  4C). The disturbance of these inflammatory path-
ways provides a cross cell-type mechanistic insight to AD 
pathology.

Next, we move on to neuroprotective signaling path-
ways, specifically TGFβ and CX3C. We observed the 
downregulation of TGFβ signaling in Alzheimer’s in the 
communication to Micro/PVM cell type (60% of control, 
P = 0, Fig. 4A and D, Table S5). A decrease in TGFβ1 has 
been associated with a higher burden of Aβ in the paren-
chyma, which correlates with an increased microglia acti-
vation [62]. The suppression of the neuroprotective role 
of the signaling pathway TGFβ1 against Aβ toxicity in the 
diseased cell types may mechanistically explain Alzheim-
er’s disease. Adding on, we also found the decrease of 
another neuroprotective signaling pathway, CX3C (70% 
of control, P = 4.883e-2, Fig. 4A). CX3CL1 has been dem-
onstrated to play a neuroprotective role in CNS by reduc-
ing neurotoxicity from microglial activation [63]. Our 
C2C analysis provides a more detailed picture than that 
existing in the literature by seeing that communication 
is directed to the Micro/PVM cell type from excitatory 
neurons (Fig. 4E). In summary, we discover that both the 
signaling pathways that cause neuroinflammation and 
those that protect against it are regulated in a cell-type-
specific manner. The respective increase and decrease of 
these pathways may mechanistically explain Alzheimer’s 
Disease in a cross-cell type manner.

Intracellular cell-to-cell communication analysis reveals a 
strong connection to neuroinflammatory AD risk genes
Finally, we seek to see how extracellular signaling is 
connected with well-known AD risk genes in an intra-
cellular manner (Table S6). To accomplish this, we first 
extracted AD risk genes, including APP, ABCA1, and 
TREM2 (details see Methods 2.4, Fig. S3). Then, we 
defined Ligand-to-risk-gene regulation scores by com-
bining C2C communication networks outside cells and 
gene-gene interaction networks within cells via NicheNet 
[42]. Since many of the well-known disease risk genes 
appear to be regulated in a cell type-specific fashion by 
our extracellular cell-to-cell communication analysis 
above, we considered only a subset of sending cell types 
and receiving cell types (Fig. 5). Specifically, we set astro-
cytes and microglia as the senders and neurons as the 
receivers to find signals that cause neuron dysfunctions 
or neuronal death.

In the astrocyte-to-neuron signaling, we find ligand-
target links connecting neurological risk genes to 
potential upstream effectors, such as the APP-TREM2 
(Regulatory Score 0.00904, z-score 21.44 compared to all 
documented ligand-target links, the maximum in heat-
map shown) and APP-ABCA1 link (Regulatory Score 
0.00410, z-score 9.10) (Fig.  5A). TREM2 expression in 
microglia and macrophages results in decreased phago-
cytosis of apoptotic neurons, increasing Aβ accumulation 
in AD Phenotype [46, 64, 65]. Additionally, ABCA1 defi-
ciency increases amyloid deposition in the brains of amy-
loid precursor protein (APP) transgenic mice [66, 67]. In 
the microglia-to-neuron signaling, we find ligand-target 
links such as APOE-ABCA1 (Regulatory Score 0.005490, 
z-score 12.57, the maximum in heatmap shown), and 
PSEN1-APP (Regulatory Score 0.003858, z-score 8.49) 
(Fig. 5B). PSEN1 and PSEN2 mutations have been linked 
with the Amyloid protein precursor in early-onset 

Fig. 5  Connection to intracellular risk genes. (A) Connection of astrocyte’s ligand genes to neurons’ risk genes in Alzheimer’s. (B) Connection of microglia/
perivascular macrophages’ ligand genes to neurons’ risk genes in Alzheimer’s. More intensely colored boxes indicate a stronger regulation
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Alzheimer disease [68]. By linking our extracellular sig-
naling above to intracellular risk genes, our ligand-target 
analysis completes our cell-to-cell communication analy-
sis and supports our hypothesis that AD communication 
dysregulations happen with cell-type-specificity and that 
improper regulation of extracellular signaling genes is 
linked to intracellular risk genes.

Discussion
Alzheimer’s Disease is a neurological disorder involving 
genetic, epigenetic, and environmental factors through 
various processes. The improper regulation of cell-cell 
signaling can be linked to Alzheimer’s disease [69–71]. 
With the explosion of data in the recent consortium 
initiatives and the new technological developments in 
single-cell sequencing, we are able to, for the first time, 
systematically compare cell-cell communications in 
Alzheimer’s and control brains.

Results from our C2C analysis have shown that there is 
a global C2C communication pattern intermixing (inhib-
itory Chandelier cells in the excitatory group Fig. 2) and 
signaling pathway misusage in AD brains (e.g. ANGPT, 
WNT pathways, Fig. 2). Additionally, we also observed a 
large degree of C2C communication disruption hetero-
geneity across various cell types. For example, excitatory 
neurons tend to solely increase their communication 
strength with inhibitory neurons, while non-neuronal 
cells and inhibitory neurons globally decrease their com-
munication to most cell types (Fig. 3). This signifies the 
importance of employing single-cell technologies in AD 
studies to dissect the extensive genetic heterogeneity in 
complex tissues like the human brain. Furthermore, we 
highlighted the involvement of the neural inflamma-
tory and neural protective pathways, such as WNT, CSF, 
TGFβ, and CX3C, in AD patients (Fig. 4). Their disturbed 
behavior can pass erroneous information both inter- and 
intra-cellularly to directly impact well-known AD risk 
genes (Fig. 5).

In this study, cell-cell communication is inferred from 
the expression of protein-coding genes, thus not fully 
capturing other signaling events in the brain, such as 
nonprotein molecules like neurotransmitters. We seek to 
address this limitation in the future by considering also 
the gene expression of the neurotransmitter-synthesis 
and transporter proteins to study more thoroughly the 
communication networks of the brain. In our last risk 
gene analysis, we can also provide a finer resolution of 
our single cells by incorporating chromatin-accessibility 
analysis scATAC-seq [72]. Finally, future work could be 
directed to include Braak staging to understand the time-
specific changes in cell-cell communication in AD.

Despite these limitations, we believe our work can 
serve as a valuable first step in investigating the inter-
cellular molecular mechanisms underlying Alzheimer’s 

disease beyond the general bulk-sequencing and isolated 
cellular picture. We have made our computational pipe-
line publicly available for all researchers (https://github.
com/dssikdar/C2Cv0.git). With further technological 
advances and community efforts for population-scale 
single-cell sequencing, we expect exponentially increased 
power to accurately quantify C2C communication and its 
alterations in AD brains, hoping for the subsequent alle-
viation of the pain caused by Alzheimer’s Disease.

Conclusions
In our study, we conducted an extensive bioinformatics 
analysis to explore changes in cell-cell communication 
within the brains of individuals with Alzheimer’s Dis-
ease (AD). We identified several intercellular signaling 
pathways and cell types that appear to be modified in 
AD. Notably, genes within these altered pathways dem-
onstrate a substantial link to intracellular molecular path-
ways, which we believe are likely disrupted across various 
brain cell types in AD. This suggests that more stud-
ies examining cross-cell type effects can be valuable for 
understanding Alzheimer’s pathogenesis.
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