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Alzheimer’s
Research & Therapy

Integrative multiomics reveals common 
endotypes across PSEN1, PSEN2, and APP 
mutations in familial Alzheimer’s disease
Phoebe Valdes1,2†   , Andrew B. Caldwell1†   , Qing Liu3,9   , Michael Q. Fitzgerald1,2   , 
Srinivasan Ramachandran1   , Celeste M. Karch5   , Dominantly Inherited Alzheimer Network (DIAN), 
Douglas R. Galasko3   , Shauna H. Yuan3,10   , Steven L. Wagner3,4^    and Shankar Subramaniam1,6,7,8*    

Abstract 

Background  PSEN1, PSEN2, and APP mutations cause Alzheimer’s disease (AD) with an early age at onset (AAO) 
and progressive cognitive decline. PSEN1 mutations are more common and generally have an earlier AAO; however, 
certain PSEN1 mutations cause a later AAO, similar to those observed in PSEN2 and APP.

Methods  We examined whether common disease endotypes exist across these mutations with a later AAO 
(~ 55 years) using hiPSC-derived neurons from familial Alzheimer’s disease (FAD) patients harboring mutations in PSE-
N1A79V, PSEN2N141I, and APPV717I and mechanistically characterized by integrating RNA-seq and ATAC-seq.

Results  We identified common disease endotypes, such as dedifferentiation, dysregulation of synaptic signaling, repres-
sion of mitochondrial function and metabolism, and inflammation. We ascertained the master transcriptional regulators 
associated with these endotypes, including REST, ASCL1, and ZIC family members (activation), and NRF1 (repression).

Conclusions  FAD mutations share common regulatory changes within endotypes with varying severity, resulting 
in reversion to a less-differentiated state. The regulatory mechanisms described offer potential targets for therapeutic 
interventions.

†Phoebe Valdes and Andrew B. Caldwell contributed equally to this work.

^Steven L. Wagner is deceased.
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Introduction
Familial Alzheimer’s disease (FAD) is an inherited neu-
rodegenerative disorder caused by autosomal-dominant 
mutations in the presenilin-1 (PSEN1), presenilin-2 
(PSEN2), and amyloid-β precursor protein (APP) genes 
[1]. FAD patients demonstrate the hallmark progres-
sive memory loss and cognitive decline as the more 
common sporadic Alzheimer’s disease (SAD), albeit 
with age at onset (AAO) occurring substantially earlier 
(~ 30–62 years) [2]. There have been over 300 mutations 
identified across these three genes, the majority of which 
cause autosomal dominant AD; mutations in PSEN1 are 
the most prevalent (~ 80%), followed by APP (~ 14%) and 
PSEN2 (~ 5%) [3]. The majority (72%) of variation in dis-
ease AAO in PSEN1 can be explained by mutation alone. 
However, a spectrum exists in median survival within 
mutations [2, 4]. In contrast, mutations in PSEN2 dem-
onstrate more variable penetrance than PSEN1 or APP  
[5]. Generally, mutations in PSEN1 cause particularly 
early AAO, with symptoms occurring as early as 30 years 
for mutations like PSEN1G206V [2, 6]. In contrast, muta-
tions in APP and PSEN2 lead to a markedly later AAO 
(~ 50–60  years). These three genes share a functional 
molecular link: both PSEN1 and PSEN2 constitute the 
catalytic component within the gamma-secretase com-
plex, which carries out the intra-membrane cleavage 
at the γ-cleavage site in the sequential proteolytic pro-
cessing of APP into amyloid β (Aβ) peptides [7]. The 
aberrant production of longer Aβ peptides, particu-
larly Aβ42, leads to plaque formation, a hallmark of AD 
pathology. Although FAD is exceedingly rare (~ 1% of 
all AD cases), these mutations have contributed sub-
stantially to understanding AD pathogenesis. FAD is 
hypothesized to represent an accelerated form of the 
more common sporadic AD since both share the same 
pathological (Aβ plaques, tau tangles, synapse and neu-
ron loss) and clinical features (progressive memory loss, 
cognitive decline, and death). Whether these pathologi-
cal features describe the etiology of any AD is a matter 
of debate, particularly with the recently documented 
failures of Aβ-targeting therapeutics to stop or slow cog-
nitive decline. Regardless of whether these Aβ plaques 
initiate disease onset, FAD mutations lead to differen-
tial levels of Aβ peptides. Moreover, there is evidence 
that the ratio of shorter Aβ peptides (e.g., Aβ38, Aβ40) 
to longer forms (e.g., Aβ42, Aβ43) correlates with disease 
AAO in FAD [8–10]. Beyond the alteration of Aβ peptide 
levels, the pathophysiological functions of APP, PSEN1, 
and PSEN2 remain inconclusive. The gamma-secretase 
complex has numerous substrates beyond APP, including 
Notch, N-cadherin, E-cadherin, ErbB4, and CD44 [11]. It 
has been shown to regulate the turnover and activity of 
other signaling pathways, including Wnt and EGFR [12, 

13]. Furthermore, mutations in PSEN1 (and to a lesser 
extent in PSEN2) may affect the endoproteolytic activ-
ity of the gamma-secretase complex, potentially modify-
ing the overall activity and half-life of the enzyme [12]. 
A monumental challenge in AD research has been the 
inability to study disease progression in any way other 
than invasive approaches. Although -omics characteriza-
tion of postmortem patient brains has revealed the dys-
regulation that occurs over the course of AD, these types 
of analyses offer a snapshot of the late- or end-stage of 
the disease. Further, there is limited postmortem patient 
brain sequencing data available for familial AD, as the 
vast majority of available postmortem data comes from 
sporadic AD, which is highly heterogeneous relative to 
the familial form. In contrast, patient-derived brain cells, 
either through iPSC differentiation or direct conver-
sion, circumvent the limitations of the postmortem brain 
and allow for interrogation of early AD mechanisms in 
human, disease-relevant models. Previous work by us 
and others have used transcriptomic and chromatin pro-
filing in patient-derived neurons to identify disease endo-
types [14], which are pathobiological mechanisms that 
underlie or encompass Alzheimer’s disease phenotypes, 
including repression of neuronal lineage and activation 
of dedifferentiation to alternative lineages, in both FAD 
and SAD [15–17]. While the availability of iPSC-derived 
familial AD patient lines is limited, we have demon-
strated that the dysregulation of these specific cellular 
functions is also mirrored in the postmortem brains of 
patients harboring PSEN1 mutations [15, 18, 19]. While 
these endotypes were commonly observed across diverse 
PSEN1 mutations [15], and the endpoint phenotypes (i.e., 
histopathological and clinical) are shared among PSEN1, 
PSEN2, and APP mutations, it is unclear whether muta-
tions in PSEN2 and APP cause the same dysregulation 
within disease-associated gene regulatory programs. 
Although PSEN1 mutations tend to have the earliest 
AAO amongst the three FAD genes, PSEN1 mutations 
with a later AAO comparable to PSEN2 and APP muta-
tions also exist. Therefore, we aimed to characterize FAD 
patient-derived neurons by RNA-seq and ATAC-seq 
to identify common and unique endotypes associated 
with prevalent mutations [20, 21] from each FAD gene 
with a similar AAO (PSEN1A79V, ~ 55–60  years [9, 22]; 
PSEN2N141I, ~ 54  years [21]; APPV717I, ~ 55–57  years [23, 
24]). Here, we demonstrate that while the PSEN1A79V 
mutation exhibits similar levels of endotype modulation 
observed in other PSEN1 mutations [15], the APPV717I 
mutation shows subtle modulation of the same endo-
types with the same direction of change; in contrast, the 
PSEN2N141I mutation has a similar magnitude of endo-
type modulation albeit sometimes occurring in the oppo-
site direction.
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Methods
hiPSC neuron generation
Fibroblasts were derived from patient skin biopsies 
from adult human volunteers; Non-demented control 
(NDC) and APPV717I were generated at the Alzheimer’s 
Disease Research Center at the University of California, 
San Diego (UCSD) per UC San Diego IRB approval [15, 
25, 26], whereas PSEN1A79V and PSEN2N141I were gener-
ated at the Dominantly Inherited Alzheimer’s Network 
(DIAN) at Washington University per the Washington 
University School of Medicine Institutional Review Board 
and Ethics Committee (IRB 201104178, 201,306,108) 
[27]. PSEN1A79V and PSEN2N141I fibroblasts were trans-
formed with retroviral transduction using OCT3/4, 
KLF4, SOX2 and c-MYC  [26, 27]. NDC and APPV717I 
fibroblasts were transformed using the episcopal method 
to introduce reprogramming factors [28, 29]. Neurons 
were differentiated from iPSCs as previously described 
[15, 29, 30]; PA6 cells were plated in a 10  cm dish 
and seeded with 100,000 iPSCs the next day. To enhance 
neural induction, cultures  were treated with 5  μM dor-
somorphin (Sigma) and 10 μM SB431542 (Tocris) for the 
first 6 days of differentiation. On day 12, neural stem cells 
(NSCs) were sorted using cell surface  signature CD24+/
CD184+/CD44−/CD271− and seeded at 150 K/cm2 on a 
plastic dish coated with Matrigel (83 μg/ml). NSCs were 
expanded in NSC growth medium (DMEM:F12 + Glu-
tamax™ (Thermo Fisher Cat. 10,565,018), 1 × B-27 
(Thermo Fisher Cat. 17,504,044), 1 × N-2 (Thermo Fisher 
Cat. 17,502,001), 1 × Penicillin–Streptomycin (Thermo 
Fisher Cat. 15,070,063), and 20  ng/mL human bFGF-2 
(BioPioneer Cat. HRP-0011)). At 80% confluence, the 
medium was changed to neuron differentiation medium 
(DMEM:F12 + Glutamax™, 1 × B-27, 1 × N-2, 1 × Peni-
cillin–Streptomycin) for 3  weeks of differentiation fol-
lowed by culture dissociation with Accutase (Sigma Cat. 
A6964) [15, 29, 31]. Cells were resuspended in 200 μL of 
iMag buffer (1 × neural differentiation medium, 0.5  µM 
EDTA, 0.5% Bovine Serum Albumin) and incubated with 
PE Mouse Anti-Human CD184 and CD44 antibodies (BD 
Biosciences Cat. 561,733 and 561,858, respectively) for 
15 min on ice in the dark. The mixture was washed with 
iMag buffer and subsequently incubated with anti-PE 
conjugated magnetic beads (BD Biosciences) for 30 min 
at room temperature as described [15, 29, 32]. Magnetic 
bead separation was carried out for 8  min according to 
the manufacturer’s protocol (BD Biosciences). The super-
natant containing purified CD184−/CD44− neurons were 
removed and spun down for downstream applications.

RNA‑seq and data processing
Total RNA from magnetically purified human NDC, 
PSEN1A79V, PSEN2N141I, and APPV717I hiPSC-derived 

neurons (n = 3 replicates differentiated in parallel from 
individual donor patients) using the RNeasy Plus Micro 
Kit (QIAGEN, catalog no. 74034) according to the manu-
facturer’s protocol. On-column deoxyribonuclease diges-
tion was performed on total RNA extracts to remove any 
genomic contamination (QIAGEN, catalog no 79254). 
Libraries were prepared for RNA-seq using the TruSeq 
Stranded Total RNA Library Prep Kit (Illumina, cata-
log no. RS-122–2303) by the Ribo-Zero ribosomal RNA 
reduction method (Illumina, catalog no. MRZG12324). 
Samples were sequenced at the UC San Diego Institute 
for Genomics Medicine (IGM) sequencing core on an 
Illumina HiSeq 4000 generating paired-end, 100-bp reads 
with an average of 25 million reads per sample (Illu-
mina, catalog no. FC-410–1001). Preprocessing of RNA-
seq data was conducted using the TrimGalore! Package 
v0.6.4, removing adapter sequences and low-quality 
reads using CutAdapt v1.18 [33]. Trimmed RNA-Seq 
reads were mapped to the GRCh38.99 human transcrip-
tome using kallisto v0.46.1 [34] with the options -bias 
-rf-stranded -b 100 followed by transcript level sum-
mation to the gene level using the R package tximport 
v1.18.0 [35]. Lowly expressed genes were filtered out 
using filterByExpr, and counts were normalized using 
the weighted mean trimmed of M-values (TMM) in the 
R package edgeR v3.32.1 [36]. Normalized, filtered counts 
were used for differential gene expression (DGE) analysis 
of all three FAD mutations relative to the NDC control 
samples using the voomwithQualityWeights  [37] func-
tion within the limma v3.46.0 [38] R package. Differen-
tially expressed genes (DEGs) from the filtered gene list 
of 22,310 genes were defined using a false discovery rate 
(FDR)-adjusted p-value (p) cutoff of < 0.05 using the Ben-
jamini–Hochberg correction method from the eBayes 
differential t-test. Quasi-proportional Venn diagrams of 
DEG overlap between the FAD mutations were generated 
using the nVennR v0.2.3 package in R [39]. Rank Rank 
Hypergeometric Overlap (RRHO)  analysis between the 
three mutation pairs was performed using the RRHO2 
package in R [40, 41]. For reanalysis of PSEN1ΔE9 and 
NDC iPSC-derived astrocytes published previously 
[42], RNA-seq files were downloaded from the GEO 
series GSE138695 and processed using the same pipe-
line described above for iPSC-derived neuron RNA-seq 
analysis.

Neuron cell type marker analysis
To validate the differentiation of NDC and FAD muta-
tion patient lines into neurons across the two different 
iPSC reprogramming methods, we combined the NDC 
and FAD neuron RNA-seq data collected here with two 
additional mutations (PSEN1H163R and PSEN1A431E) we 
published previously [15]. We identified markers for 
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different subtypes of mature neurons (i.e., GABAergic, 
dopaminergic, and glutamatergic), general markers for 
synaptic, pan-neuronal, and amyloid-associated genes, 
and markers for six cortical layer groups. Markers were 
selected from neuronal cell identity marker resources 
and published literature sources for GABAergic [43–49], 
dopaminergic [50–55], glutamatergic [44, 56–58], synap-
tic [43, 48], pan-neuronal [59, 60], amyloid-associated, 
and cortical layer [61, 62] neuron types. Violin plots for 
RNA expression values were generated in GraphPad 
Prism v10.1. For z-score heatmaps, filtered, normal-
ized gene counts were z-scored using the scale function 
from the base v4.2.3 R package with the parameters set 
at center = TRUE and scale = TRUE and plotted with 
the heatmap function from the stats R package. Neuron 
identity markers differentially expressed using the topT-
able function from the limma [38] R package with a FDR 
p-value cutoff < 0.05 were marked with an asterisk.

tSNE Clustering analysis
To perform clustering analyses for RNA-seq, t-distrib-
uted Stochastic Neighbor Embedding (tSNE) [63] using 
a Barnes-Hut Implementation [64] was performed using 
the Rtsne  [65] R package. Filtered log2 normalized 
count data for key genes involved in five disease-rele-
vant endotypes [66] were used to perform unsupervised 
tSNE clustering. The following parameters were used to 
implement Rtsne: pca = TRUE; perplexity = 5 (defining a 
small number of loose neighbors for each sample point); 
theta = 0.1; truncated partial_pca = TRUE (PCA to cal-
culate principal components); initial_dims = 17 (retain 
PCA dimensions); max_iter = 5000; pca_center = TRUE, 
pca_scale = TRUE.

TF activity analysis
Transcription factor (TF) activity was assessed with 
ISMARA [67] and DoRothEA [68]. For ISMARA analy-
sis, quality and adaptor trimmed fastq.gz RNA-seq data 
files for all hiPSC-derived neurons were uploaded to 
the ISMARA server (ismara.unibas.ch) for processing 
and sample averaging. The directional z-score for each 
enriched TF motif was calculated by multiplying the sign 
of the Pearson correlation (i.e., the direction of change) 
between each motif and its target genes with each 
z-score of the TF motif (FAD vs. NDC) and the direc-
tion of change in expression for said target genes (i.e., -1 
for downregulated genes, + 1 for upregulated genes). For 
DoRothEA analysis, the gene ranking for each FAD muta-
tion relative to NDC was calculated by applying quantile 
normalization to the limma FDR-adjusted p-value using 
the Benjamini–Hochberg correction method divided by 
two multiplied by the sign of the log2FC for each gene in 
the comparison. TF activity was then calculated using 

the msviper function in the viper  [69] R package with the 
DoRothEA C regulon.

Gene set enrichment and pathway analysis
Gene set enrichment and pathway analysis for RNA-
seq of individual FAD mutations was performed using 
two approaches: 1) the fgseamultilevel function in the 
fgsea  [70] R package and 2) the tmodCERNOTest func-
tion in the tmod  [71] R package coupled with the GOBP 
[72] and Hallmark [73] databases for pathway and ontol-
ogy enrichment or the ENCODE-ChEA [74] and ReMap 
[75] databases for TF-gene target enrichment. Genes 
were ranked by the limma t-value for the fgsea statisti-
cal enrichment test, whereas genes were ranked by mini-
mum significant distance (msd) for the CERNO  [76] test. 
For simultaneous enrichment of all FAD mutations, we 
performed rank-MANOVA enrichment using the mitch  
[77] R package on confects-ranked gene lists generated 
with the topconfects [78] R package (0.05 FDR-adjusted 
p-value for confidence interval calculations).

Differential co‑expression modular network analysis
Co-expression gene modules discovery across all FAD 
mutations and NDC was performed using the cemitool 
function in the CEMiTool  [79] R package using the fol-
lowing parameters: apply_vst = TRUE; filter = TRUE; 
filter_pval = 0.05; network_type = ”signed”. Following 
module identification, the differential activity change of 
each co-expression gene module in FAD mutations rela-
tive to NDC was performed using the fgseamultilevel 
function in the fgsea  [70] R package.

Combined TF‑gene regulatory and PPI network 
construction
Regulatory interaction networks for co-expression gene 
modules 1, 3 and 4 were constructed using high-confi-
dence, protein–protein interactions (PPI) edges from the 
STRING (11.0) database [80] and TF-gene regulatory 
edges from the ENCODE-ChEA and ReMap databases. 
For StringDB PPI edges, we defined high-confidence 
interactions as those with both experimental and data-
base evidence, with a composite score of the two inter-
action sources > 400. For a given module interaction 
network, module genes were included as source and tar-
get nodes. In contrast, first neighbor genes (i.e., genes 
not in the module that have a StringDBv11 PPI interac-
tion with module genes) were included as target nodes. 
Hypergeometric enrichment of module and first neigh-
bor genes (i.e., genes that are not in a module but share 
a StringDB PPI edge with a module gene) was performed 
using the tmodHGtest function in the tmod R package 
with the GOBP and Hallmark geneset databases and 
ENCODE-ChEA and ReMap TF-gene target databases. 
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Key TFs were selected based on hypergeometric enrich-
ment of module and first neighbor genes using the 
ENCODE-ChEA and ReMap TF-gene target databases. 
Network images were generated in Cytoscape v3.8.2 [81].

ATAC‑seq and data processing
ATAC-seq transposition experiments were performed 
as previously described [15, 82] on 50,000 cells in NDC, 
PSEN1A79V, PSEN2N141I, and APPV717I hiPSC-derived 
neurons (replicates, n = 3) using the Illumina Nextera 
DNA Sample Preparation Kit (Illumina, catalog no. 
15028523) and the QIAGEN MinElute PCR Purification 
Kit (QIAGEN, catalog no. 28004). ATAC-seq libraries 
were generated from transposed DNA using the Kapa 
Biosystems Real-Time Library Amplification Kit (Kapa 
Biosystems, catalog no. 07959028001) as recommended 
by the manufacturer, monitoring amplification by qPCR 
and stopping the reaction when all samples reached a 
fluorescence amplification intensity between standards 
1 and 3. ATAC-seq libraries were then further purified 
using the QIAGEN MinElute PCR Purification Kit and 
sequenced at the UC San Diego IGM sequencing core on 
an Illumina HiSeq 4000 platform generating paired-end, 
50-bp reads with an average of 25 million reads per sam-
ple. ATAC​-seq data preprocessing was performed using 
TrimGalore! to remove sequencing adaptors and low-
quality reads. Trimmed reads were then aligned to the 
GRCh38 human genome (GCA_000001405.15 with no 
alternative analysis) using BBMap v37.95 in the BBTools 
[83] suite with the options maxindel = 20 ambig = ran-
dom, followed by sorting and indexing of bam files using 
SAMtools v1.9 [84], and annotation of PCR duplicates 
using the Picard v2.23.3 MarkDuplicates function with 
the option VALIDATION_STRINGENCY = LENIENT. 
All duplicates and mitochondrial, chromosome X, chro-
mosome Y, and EBV reads were removed using SAM-
tools v1.9 command view with the options -b -h -f 3 -F 
4 -F 8 -F 256 -F 1024 -F 2048. To determine open chro-
matin regions, HMMRATAC v1.2.5 [85] was used to call 
peaks on the ATAC-seq data and determine open chro-
matin regions with the options –m 50,200,400,600 –score 
all. These open chromatin regions were then passed to 
the Diffbind R package v3.0.15 [86] to determine regions 
of differential accessibility between NDC and each FAD 
mutant condition. Consensus peaks selection for each 
condition was identified (minimum overlap = 3) and the 
subsequent peaksets for all conditions were merged using 
the dba.peakset function. Read coverage over the com-
bined consensus peakset was determined using the dba.
count function with the DBA_SCORE_TMM_READS_
EFFECTIVE peak scoring option. Differentially accessi-
ble peaks for each FAD condition relative to NDC were 
determined with the edgeR method with a FDR-adjusted 

p-value of < 0.05 using the Benjamini–Hochberg cor-
rection method and then subsequently annotated using 
the annotatePeak function in the ChIPseeker R pack-
age v1.26.2 [87], defining the promoter region − 1500 
to 500  bp from the TSS. Enhancer-associated ATAC-
seq regions were defined as differential peaks occurring 
within the PEREGRINE enhancer region list [88] and 
then finding the intersecting non-promoter based DNA 
regions with the join_overlap_inner function in the ply-
ranges R package [89].

ATAC‑seq TF activity and enrichment analysis
To assess TF activity associated with differential chro-
matin accessibility, we performed HINT-ATAC for 
differential TF footprinting and GimmeMotifs mael-
strom for differential motif activity. Using the consensus 
ATAC-seq peakset, HINT v.0.13.1 [90, 91] was run with 
the parameters: rgt-hint function footprinting, options 
–atac-seq –paired-end –organism = hg38 to identify 
TF footprints in each sample; rgt-motif analysis func-
tion matching to match footprints to known TFs in the 
Catalog of Inferred Sequence Binding Preferences (cisBP) 
v2.00 [92] human motif database; and rgt-hint function 
differential, options –bc –nc –window-size 200 –stand-
ardize. GimmeMotifs [93, 94] maelstrom was run using 
the Swiss Regulon [95] human pwm motif database with 
the default parameters following read quantification, log-
transformation, and mean-centering per row for all FAD 
and NDC neuron ATAC-seq for the consensus peakset. 
To determine enriched pathways and ontologies for dif-
ferential ATAC-seq regions, we used the chiprenrich 
logistic regression model test function in the chipenrich R 
package [96] using the ENCODE-ChEA and ReMap TF-
gene target databases and GOBP and Hallmark ontology 
databases. For promoter-associated peaks with increased 
or decreased accessibility for a given FAD vs. NDC com-
parison, the locus definition nearest_tss was used; for 
enhancer-associated peaks, we generated a custom locus 
definition map using the PEREGRINE enhancer database 
to match putative differential ATAC-seq enhancer peaks 
to the corresponding gene in PERGERINE. Promoter and 
enhancer ATAC-seq coverage plots were generated with 
the Deeptools [97] v3.5.0 functions computeMatrix and 
plotHeatmap.

ATAC‑seq GWAS loci analysis
We sought to assess whether known AD-associated 
genome-wide association study (GWAS) loci variants 
or GWAS-identified single nucleotide polymorphisms 
(SNPs) occur within FAD differentially accessible regions 
(DARs). To carry this out, we intersected DARs from 
each mutation with a collection of genetic variants based 
on unique rsID information associated with AD risk from 
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literature sources (n = 2,644 total variants) using the join_
overlap_inner function in the plyranges v1.14.0 R pack-
age. These sources spanned from the following: 1) > 200 
GWAS publications from the Alzheimer’s disease Genet-
ics Consortium and other consortia collectively grouped 
in a publicly available database called the Alzheimer’s 
Disease Variant Portal (ADVP) (n = 1,821 variants) [98], 
2) 111,326 clinically diagnosed/’proxy’ AD and 677,663 
controls involved in a two-stage GWAS study, as part of 
the European Alzheimer & Dementia biobank (EADB) 
and the Trans-Omics for Precision Medicine (TOPMed) 
databases (n = 271 variants) [99] and 3) polygenic risk 
score (PRS) extreme group classification from AD indi-
vidual data as part of the UK Biobank database (n = 552 
variants) [100]. Variants with a reported association 
p-value > 0.05, as observed in the different GWAS stud-
ies, were removed. Quasi-proportional Venn diagrams 
of DAR-variant overlap across the FAD mutations were 
generated using the nVennR v0.2.3 package in R [39]. 
ATAC-seq gene locus coverage plots with SNP genetic 
variants were generated in IGV [101].

Integrated analysis of RNA‑seq and ATAC‑seq data
To find genes with differential chromatin accessibility and 
corresponding differential gene expression, we took the 
intersect of Ensembl genes with differential gene expres-
sion and an associated peak with differential chromatin 
accessibility passing a threshold of FDR p-value < 0.05. 
Next, we used the limma_confects and edgeR_confects 
functions in the topConfects R package to calculate the 
confident effect size for each gene and ATAC-seq peak, 
respectively. For genes with multiple differential peaks, 
we prioritized the peaks located in promoters and 
abs(confect). For all peaks associated with genes identi-
fied by RNA-seq, we calculated a z-score for the confect 
score for ATAC-seq and RNA-seq and multiplied the two 
z-scores (presented in log2 space) to generate a correla-
tion score of each ATAC-seq peak differential chroma-
tin accessibility with the corresponding gene’s RNA-seq 
expression level. For TF-gene target and ontological 
enrichment following integration, we performed a hyper-
geometric test using the tmodHGtest function in the tmod  
R package with the ENCODE-ChEA and ReMap TF data-
bases and the GOBP and Hallmark databases. A defined 
background list of all genes with differentially accessible 
ATAC-seq peaks in each condition was used for the tmod 
hypergeometric test. In order to estimate differential TF 
activity, we used diffTF [102] to classify TFs into either 
repressors or activators after integrating chromatin acces-
sibility data (ATAC-seq) with gene expression data (RNA-
seq). The cisBP TF binding site (TFBS) [92] database with 
923 motifs was used with the following parameters: max-
CoresPerRule: 2; dir_TFBS_sorted: true; regionExtension: 

100; designContrast: ~ conditionSummary; designVari-
ableTypes: conditionSummary:factor; nPermutations: 0; 
nBootstraps: 1000; nCGBins: 10; and RNASeqIntegration: 
true in order to identify the differential activity of TFs for 
each mutation relative to NDC (with a significance cutoff 
of FDR p-value < 0.05). To estimate the ontologies and TFs 
whose targets have the highest correlation between dif-
ferential accessibility (in promoter and enhancer regions) 
and differential gene expression, we used the intePareto  
[103] R package and CERNO ranked enrichment. We 
first used the bam2counts function to calculate the read 
density for each condition over all PEREGRINE enhancer-
associated regions and used the doMatch function to cal-
culate the read density for each condition for promoter 
regions. Z-scores for enhancer-gene and promoter-gene 
were calculated with the doIntegration function, and 
pareto optimization was performed with the doPareto 
function. After generating a pareto-optimized gene rank-
ing for the integrated ATAC-seq and RNA-seq data, we 
used this ranked gene list as an input for CERNO enrich-
ment in the tmod R package using the tmodCERNOtest 
function with the ENCODE-ChEA, ReMap, and a cus-
tom neural-specific TF regulon database we previously 
generated [15] for TF target enrichment and the GOBP 
and Hallmark databases for ontology and pathway enrich-
ment. All ATAC-seq gene locus coverage plots were gen-
erated in IGV [101]. Code for all sequencing analysis is 
available at https://​doi.​org/​10.​5281/​zenodo.​82673​32.

Integrated drug target analysis of RNA‑seq and ATAC‑seq 
data
To perform the identification of drug pathway targets 
in integrated RNA-seq and ATAC-seq data, we took 
drug agents from different clinical trial phases (Phases 
1, 2, and 3) for treatment of Alzheimer’s disease asso-
ciated with the Common Alzheimer’s Disease Research 
Ontology (CADRO) mechanism classes (n = 154) 
[104], and intersected those with intePareto-ranked 
enriched pathways from CERNO, manually curated 
with CADRO-based classes. Pie chart distribution of 
drug agents associated with CADRO-based enriched 
integrated pathways common among all FAD muta-
tions were created using GraphPad Prism v9.5.0 soft-
ware. Quasi-proportional Venn diagrams of drug agent 
overlap between the FAD mutations were generated 
using the nVennR v0.2.3 R package [39] for the differ-
ent drug phase trials. In addition, we calculated the 
overlap of enriched pathways across all FAD neurons 
with shared drug agents using the chordDiagram func-
tion. For identifying the predicted drug targets based 
on genes from integrated RNA-seq and ATAC-seq 
data, we performed the intersection of genes in each 
FAD mutation with both differential gene expression 

https://doi.org/10.5281/zenodo.8267332
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and differential ATAC peaks (from chromatin-acces-
sible promoter and PEREGRINE-enhancer regions). 
These DEG/DAR genes were intersected with 1,608 
FAD-approved drug targets, 2,251 unique human tar-
get notes, and high-quality 15,367 physical drug-target 
interactions (edges) as part of a drug-target network 
constructed using published binding affinity data 
[105] that is publicly available in a systems biology 
tool known as AlzGPS [106]. Quasi-proportional Venn 
diagrams of predicted drug target overlap between 
the FAD mutations were generated using the nVennR 
v0.2.3 R package [39]. Finally, we calculated the over-
lap of drug target DEGs in FAD neurons with shared 
FDA-approved drugs using the chordDiagram function 
in the circlize v0.4.15 R package [107].

Results
Non-demented control (NDC), PSEN1A79V, PSEN2N141I, 
and APPV717I hiPSCs were differentiated into CD44−/
CD184− neurons as previously described [15, 29] 
(Fig.  1A; Supplementary Fig.  1A-B). RNA-seq and 

subsequent differential gene expression analysis iden-
tified a substantial number of differentially expressed 
genes (DEGs) relative to NDC in all three mutations 
(Fig. 1B), with 1339 common DEGs (Fig. 1C). Rank Rank 
Hypergeometric Overlap (RRHO) analysis revealed the 
strongest similarity overlap between the PSEN1A79V and 
PSEN2N141I mutations and the weakest similarity overlap 
between the APPV717I and PSEN2N141I mutations (Figure 
S1C). To assess the consistency of neuron differentiation 
across all NDC and FAD patient lines, we investigated 
the expression of key marker genes for specific neuronal 
subtypes (GABAergic, dopaminergic, and glutamater-
gic; Supplementary Fig.  2A-D), broad neuronal cells 
(synaptic, pan-neuronal, and Amyloid-associated; Sup-
plementary Fig.  3A-D), and cortical layers (layers 1–6; 
Supplementary Fig.  4A-H). This showed that most of 
key markers for each neuron subtype or aspect are pre-
sent in all FAD mutations and control lines, particularly 
observing consistent expression of pan-neuronal mark-
ers ENO2, RBFOX3 and MAP2 (Supplementary Fig. 3C). 
Further, we observed greater differential expression 

Fig. 1  Transcriptomic profiling of FAD hiPSC-derived neurons. A Patient-derived Non-Demented Control (NDC), APPV717I, PSEN1A79V, and PSEN2N141I 
hiPSCs were differentiated into neurons and purified by CD44−/CD184.− selection. B RNA-Seq volcano plots of differentially expressed genes 
(DEGs) across the three FAD mutations relative to non-demented control (NDC) as determined by limma with an FDR p-value (p) < 0.05. C 
Quasi-proportional Venn diagram overlap of DEGs across the three FAD mutant hiPSC-derived neurons. D Gene Ontology: Biological Process (GOBP) 
and Hallmark database geneset enrichment using the fgsea multilevel enrichment test (left) or tmod CERNO enrichment test (right); dot plots 
indicate significant (-log10 FDR p-value < 0.05) pathways in each mutation relative to NDC. E–F Common Transcription Factors (TFs) across the FAD 
mutations with predicted significant activity change by (E) ISMARA motif analysis (based on z-score, TF-gene Pearson correlation, and average gene 
target expression change) or (F) DoRothEA TF-gene target analysis (Normalized Enrichment Score)
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correlation by RRHO between mutations in the same 
FAD gene but with different iPSC reprogramming meth-
ods (PSEN1A79V and PSEN1A431E, Supplementary Fig. 5A) 
than between mutations in different FAD genes but with 
the same iPSC reprogramming method (APPV717I and 
PSEN1A431E or PSEN1A79V and PSEN1N141I, Supplemen-
tary Fig. 5B-C).

Next, we sought to determine the disease endotypes 
associated with these three mutations. To this end, we 
first carried out the fgsea and CERNO enrichment tests 
with the GO Biological Process and Hallmark ontol-
ogy databases to identify common and distinct disease 
endotypes. This revealed positive enrichment of gene 
sets related to cell cycle activation and dedifferentiation 
to non-ectoderm lineages (e.g., Epithelial-Mesenchy-
mal Transition (EMT)) common across all mutations 
(Fig. 1D, Supplementary Fig. 1D). Interestingly, neuronal 
maturation and neuron function gene sets (e.g., synaptic 
signaling) were negatively enriched in PSEN1A79V and 
APPV717I, these programs were modestly upregulated in 
PSEN2N141I. We next used curated gene lists for the key 
endotypes [15] observed here and performed tSNE clus-
tering for pseudo-trajectory analysis of the three muta-
tions studied here and two other mutations with an 
earlier AAO (PSEN1H163R, 42–47  years [108] and PSE-
N1A431E, 36–53  years [9]). This approach demonstrates 
that while PSEN1H163R has the most severe dysregulation 
across all endotypes, PSEN1A79V is similar to PSEN1A431E; 
in contrast, APPV717I and PSEN2N141I are comparatively 
less severe (Supplementary Fig. 6).

To characterize the transcriptional regulation of 
these disrupted gene programs, we used ISMARA [67] 
(Fig.  1E) and DoRothEA [68] (Fig.  1F) to predict TF 
activity. ISMARA identified several regulators that are 
common with significant differential activities across all 

mutations associated with key endotypes, including early 
neuron lineage (NFIB, PAX6, NEUROD1, MEIS2) [109–
112], axonal growth and synaptogenesis (CREB1) [113, 
114], mitochondrial energy and neuron function (NRF1) 
[115, 116], non-ectoderm lineage (TEAD1/3) [117, 118], 
pluripotency (GATA3 and TAF1), cell cycle (E2F1/7, 
FOXM1, ID4) [119], and inflammation (PRDM1) [120]. 
The neural differentiation repressor REST [121] was par-
ticularly activated in PSEN1A79V compared to APPV717I 
and PSEN2N141I. TF regulon analysis using DoRothEA 
revealed similar differential activity of TFs related to 
cell cycle (FOXM1, MYC, E2F1/4), neuron lineage and 
function (ASCL1, REST, EGR1) [122, 123], neuron mito-
chondrial energy production (NRF1), and non-ectoderm 
lineage (TEAD2, TCF3, TFAP2C) [124].

Next, we performed co-expression module detection 
using the CEMItool  [79] R package, followed by module 
enrichment in each mutation relative to NDC using fgsea. 
Nine functional co-expression modules were detected, 
with modules 1, 3 and 4 significantly enriched in all three 
mutations with a positive activity. In contrast, module 5 
was enriched with a negative activity (Fig.  2A). Hyper-
geometric enrichment revealed an over-representation of 
genes associated with cell cycle, inflammation, non-ecto-
derm lineage, and early-stage neurogenesis (Fig.  2B-C). 
By integrating protein–protein interaction (PPI) and TF-
target gene edges for module genes, neighboring genes, 
and key module TFs, key centroid genes for each module 
were identified, such as the lineage regulators ASCL1 and 
ZIC2 for module 3 (Fig. 2D, Supplementary Fig. 7).

To determine whether endotype transcriptional 
changes are driven by modulation of chromatin topology, 
we performed ATAC-seq (Fig. 3A, Supplementary Fig. 8) 
and assessed differentially accessible regions (DARs) 
within promoter or PEREGRINE [88] enhancer regions 

Fig. 2  Co-expression module detection in FAD hiPSC-derived neurons. A Co-expression modules identified by CEMiTool module detection; left, 
fgsea enrichment of each module across the FAD mutations; right, gene size for each co-expressed module. B-C Hypergeometric enrichment 
of CEMiTool module and first neighbor genes using B ENCODE-ChEA Consensus and ReMap TF-gene target databases (ENCODE, E; ChEA, C; ReMap, 
R) or (C) GOBP and Hallmark ontology databases (Hallmark, H). D Combined PPI and TF-gene target networks of the CEMiTool co-expression 
module 3 for PSEN1A79V hiPSC-derived neurons
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for each mutation relative to NDC (Fig. 3B-C). Next, we 
sought to identify TFs with differential activity associ-
ated with chromatin accessibility by motif footprinting 
using HINT-ATAC and motif enrichment with Gimme-
Motifs maelstrom. HINT analysis using the CIS-BP motif 
database identified decreased footprinting activity of TFs 
controlling neuron differentiation (HEYL, PATZ1) [125, 
126], mitochondrial energy and neuron function (NRF1, 
GMEB1) [127], as well as synaptic plasticity (CREM) 
[128] and increased footprinting activity of early pro-
neural TFs (ASCL1, NEUROG2, ARNT2) [129, 130] 
across all three mutations (Fig. 3D-F).

For GimmeMotifs maelstrom  [131] motif enrichment 
using the SwissRegulon motif database, we categorized 
consensus ATAC-seq peaks into three categories: all, 
promoter-associated, and enhancer-associated. This 
revealed increased accessibility at TF motif sites related 
to pluripotency (NANOG, ZIC3), cell cycle (E2F8), non-
ectoderm lineage (TEAD1, TBX3, EOMES), early neuron 
lineage (NFIC, ISL1, INSM1, NEUROD1), and neuronal 
repression (REST). On the other hand, we observed 
decreased accessibility at TF motif sites related to late-
stage neuron lineage (PAX2, PBX3) mitochondrial energy 
and neuronal function (NRF1), as well as axonal growth 
and synaptogenesis (CREB1) (Fig.  4A). To uncover the 
functional programs associated with chromatin acces-
sibility change, we performed differential peak enrich-
ment using chipenrich with GOBP and Hallmark pathway 

databases. Promoter DARs with increased accessibility 
were commonly enriched for early neuron lineage, non-
ectoderm lineage dedifferentiation, and repression of 
RNA metabolism. Promoter DARs with decreased acces-
sibility were commonly enriched for cell cycle, processes 
modifying the chromatin state, and proteasome-con-
trolled processes (e.g., mRNA translation and metabolic 
process) (Fig. 4B). Enhancer DARs were enriched for sim-
ilar processes, particularly for gene sets related to neuron 
differentiation, development, and non-ectoderm dedif-
ferentiation (EMT, WNT β-Catenin Signaling) (Fig. 4C).

chipenrich with the ENCODE-ChEA and ReMap TF-
gene target databases revealed enrichment for targets of 
TFs associated with pluripotency (NANOG, SOX2), early 
neuron lineage (NFIC, PAX6, ASCL1), neuronal repres-
sion (REST), axonal growth and synaptogenesis (CREB1), 
and neuronal mitochondrial function (NRF1) in FAD 
mutations (Fig.  4D). Finally, we examined whether FAD 
mutations caused differential accessibility near known 
AD risk variants (i.e., SNPs). To this end, we performed 
the intersection of published genetic variants in AD from 
multiple GWAS databases [98–100] with all DARs iden-
tified across the three FAD mutations. We identified 67 
variants located within a DAR of at least one FAD muta-
tion (Supplementary Fig.  9A) and 14 variants common 
across all three mutations (Supplementary Fig. 9B-C). We 
found the highest level of differential accessibility around 
AD genetic variants in PSEN1A79V (n = 42), followed 

Fig. 3  Regions of differential chromatin accessibility are enriched for transcriptional regulators and pathways mirroring gene expression signatures. 
A TSS and PEREGRINE enhancer heatmap coverage plots of Tn5-accessible chromatin in NDC, APPV717I, PSEN1A79V, and PSEN2N141I hiPSC-derived 
neurons as determined by ATAC-seq. B Differential accessibility plots (log2FC) of ATAC-seq peaks for each FAD mutation relative to NDC (significant 
peaks: red, up; blue, down). C Annotation (promoter, PEREGRINE enhancer, or distal/intergenic) and directionality of significant differential ATAC-seq 
peaks for each FAD condition. D HINT TF footprinting analysis in all accessible ATAC-seq regions using the CIS-BP motif database to identify TFs 
with a change in footprinting activity. E Top differentially activated and repressed TFs across the FAD mutations based on HINT-ATAC footprinting 
analysis. F Tn5 insertion density in each FAD mutation relative to NDC around ASCL1 (top) or NRF1 (bottom) motifs as determined by HINT
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by PSEN2N141I (n = 27) and APPV717I (n = 26) (Supple-
mentary Fig.  9E, 10A-E). Genetic variants commonly 
occurring across all three mutations within DARs with 
increased accessibility include FERMT2, which directly 
interacts with APP to modulate its metabolism [132] and 
APH1B, which is associated with elevated levels of Aß 
deposition [133] and assembly of the gamma-secretase 
complex [134] (Supplementary Fig. 10G-H). In contrast, 
we observed decreased accessibility around genetic vari-
ants for ABT1, which can modulate plaque-associated 
microglial activation [135] and CWC25, whose silenc-
ing affects Tau-induced toxicity [136]. (Supplementary 
Fig. 10I-J). These results suggest that variations in these 
AD-associated genes (via SNPs or differential chromatin 
accessibility) may interfere with overall neuron develop-
ment and metabolic processing in FAD.

Previously, we demonstrated that chromatin accessibil-
ity changes precede and drive differential gene expression 
in PSEN1 mutant neurons [15]; therefore, we sought to 
determine the correlation between differential acces-
sibility and gene expression in the FAD neurons studied 
here. We found the intersect of genes with a non-zero 
CONfident efFECT size (confect) in both gene expres-
sion and chromatin accessibility using the topconfects  
[78] R package, revealing a substantial number of genes 
in each mutation, particularly in PSEN1A79V (Fig. 5A-C). 
Most intersecting genes had DARs occurring in either 
promoter or enhancer regions, although some genes 

exhibited anti-correlated gene and accessibility change. 
To explore this further, we calculated the z-score cor-
relation between gene expression and accessibility con-
fect scores for all possible gene/peak pairs across the 
three mutations (Fig.  5D). This approach uncovered 
genes related to non-ectoderm dedifferentiation (SOX9, 
TEAD2, YAP1), early neuron lineage (ZIC2, OLIG2, 
ASCL1, PAX6), neuron differentiation (IRX2, MEIS2), 
and axonal growth and synaptogenesis (CREB1) with 
high correlation in at least one mutation. Next, we per-
formed RNA-ATAC integration with diffTF to predict 
the differential activity of TFs using the CIS-BP motif 
database (Fig. 5E). By this approach, all three FAD muta-
tions exhibited differential activity of factors involved in 
lineage development: increased activity of ZIC1/3 (acti-
vator) and decreased activity of IRX2 (repressor). Fur-
ther, we observed activation of regulators involved in 
early neuron lineage (ZIC1/2/3 [137], NFIA/C/X [138], 
PAX6) but deactivation of those controlling late-stage 
neuron lineage (MEIS2) and mitochondrial energy and 
neuron function (NRF1, GMEB1) in both PSEN1A79V 
and PSEN2N141I mutations. Finally, we identified gene 
sets with a strong correlation between both promoter 
and enhancer accessibility change with differential gene 
expression using intepareto  [103], followed by rank-
based CERNO enrichment (Fig.  5F-G). This approach 
identified the targets of key TFs related to chroma-
tin modification (PCGF2), pluripotency (NANOG), 

Fig. 4  Transcription factor motif enrichment of chromatin accessibility reveals endotype-associated regulator differential activity. A TF motif 
enrichment of accessible ATAC-seq peaks (all peaks, promoter-associated peaks, and enhancer-associated peaks) using GimmeMotifs maelstrom 
with the SwissRegulon motif database. B chipenrich enrichment analysis of differentially accessible promoter-associated regions with increased 
accessibility (top) or decreased accessibility (bottom) using the GOBP and Hallmark ontology databases (Hallmark, H). C-D chipenrich enrichment 
analysis of differentially accessible enhancer-associated regions with differential accessibility using the (C) GOBP and Hallmark ontology databases 
or (D) ENCODE-ChEA Consensus and ReMap TF-gene target databases (ENCODE, E; ChEA, C; ReMap, R); FDR p-value < 0.05



Page 11 of 20Valdes et al. Alzheimer’s Research & Therapy            (2025) 17:5 	

neuronal differentiation (MYT1L) (Fig.  5H) and onto-
logical geneset processes related to lineage commitment, 
dedifferentiation (e.g., EMT), and neuronal differen-
tiation commonly enriched in all three mutations with 
strongest correlation in PSEN1A79V (Fig. 5I). In summary, 
this integration of RNA-seq and ATAC-seq demonstrates 
how the modulation of key disease endotypes, particu-
larly reprogramming of non-ectoderm and neuronal 
lineages, are orchestrated via concerted chromatin and 
transcriptional changes. Indeed, the differential chroma-
tin accessibility at both promoter and enhancer regions 
associated with transcriptional change for key endotype 
marker genes (CXCL12, DLX2; neuron function and 

lineage, respectively) and transcriptional regulators with 
predicted differential activity (ZIC2, NEUROG2; neuron 
lineage) highlight the correlation between chromatin 
accessibility, gene expression, and subsequent regulator 
activity change (Fig. 6A-D; Supplementary Fig. 9).

While many drugs developed to treat Alzheimer’s dis-
ease targeted Aβ peptide levels and amyloid plaques, the 
recent development of AD therapeutics has focused on 
modifying the disease at the pathway and cellular func-
tion level [104, 139]. Identifying commonly dysregulated 
endotypes across FAD mutations presented here allows 
us to explore the repository of existing or in-develop-
ment drugs for potential endotype-targeting ability. To 

Fig. 5  Chromatin accessibility change drives differential gene expression and dedifferentiation in FAD mutant hiPSC-derived neurons. A Differential 
ATAC-seq peaks with corresponding differential gene expression change in APPV717I, PSEN1A79V, and PSEN2.N141I hiPSC-derived neurons relative 
to NDC; right, annotation (promoter, PEREGRINE enhancer, or distal/intergenic) and direction of differential ATAC-seq peak change. B CONfident 
efFECT size (confect) of differential chromatin accessibility (ATAC-seq) and gene expression (RNA-seq) for significant genes (by ATAC-seq) 
using topconfects. C quasi-proportional Venn diagram overlap of genes with significant differential accessibility and gene expression change 
between the FAD mutations. D Union of all genes with significant differential accessibility and gene expression in three FAD mutations; left, 
peak-centered ATAC-seq coverage in all four conditions; right, differential confect score for ATAC-seq and RNA-seq for each gene (relative to NDC), 
with corresponding z-score correlation; far right, genes with high correlation and increased (red) or decreased (blue) expression and accessibility 
change. E TFs with differential activity based on chromatin accessibility change (ATAC-seq) around TF motifs and target gene expression change 
(RNA-seq) across the three FAD mutations relative to NDC using DiffTF with the CIS-BP motif database. F-G Schematic for intepareto ranking 
of genes characterized by ATAC-seq and RNA-seq to identify functional programs with the highest correlation of chromatin accessibility change 
and gene expression change; z-scores of log2FC change of ATAC-seq peak accessibility change (promoter- or enhancer-located) and log2FC 
of RNA-seq gene expression for each gene across all FAD mutations relative to NDC, followed by pareto optimization ranking for each gene 
and subsequent CERNO ranked geneset enrichment test. H-I intepareto-CERNO ranked enrichment using the (H) ENCODE-ChEA Consensus 
and ReMap TF-gene target databases (ENCODE, E; ChEA, C; ReMap, R) and (I) GOBP and Hallmark databases (Hallmark, H)
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this end, we explored the Common Alzheimer’s Disease 
Research Ontology (CADRO)-based drugs and FDA-
approved drugs. Here, we integrated FAD-associated 
enriched pathways and genes from our RNA-seq and 
ATAC-seq integrative analysis to find potential drug tar-
gets that could serve as therapeutic remedies for FAD. 
Using this approach, we identified CADRO-based drug 
agents based on a subset of commonly enriched FAD 
mutation pathways (n = 10) (Supplementary Fig.  11A) 
related to inflammation, synaptic plasticity, and neuro-
protection in drug trial phases 1 and 2 (Supplementary 
Fig. 11B-C) and neurotransmitter receptors in drug trial 
phases 2 and 3 (Supplementary Fig.  11C-D). Predicted 
CADRO-based drug targets for such pathways are found 
most commonly in Phase 2 (n = 43; Figure S8C), with 
more overlapping relationships occurring among 36 drug 
target candidates related to synaptic plasticity and neuro-
protection. This includes Fosgonimeton, an AD regenera-
tive therapy drug that could potentially reverse synaptic 
disconnections and neuronal loss [140] (Supplementary 
Fig. 12D). Phase 1 (n = 16; Supplementary Fig. 12A) drugs 
with overlap of FAD endotypes include NNI-362, a ther-
apy stimulator for p70S6 kinase phosphorylation that 
promotes neuron differentiation [141] and Allopregna-
nolone, a neurosteroid that promotes neurogenesis via 
GABA receptor complex activation on neural stem cells 
[142] (Supplementary Fig.  12B). A similar level of over-
lap was found with Phase 3 drugs (n = 15; Supplemen-
tary Fig. 12E), with neurotransmitter receptor candidates 

such as Donepezil, an acetylcholinesterase (AChE) inhib-
itor that helps remedy loss of functioning cholinergic 
neurons and improves cognitive decline in AD patients 
[143] (Supplementary Fig.  12F). When evaluating genes 
with both differential chromatin accessibility and gene 
expression (DAR/DEG), the highest number predicted 
drug target candidates in common FAD mutations occur 
in the promoter up category (n = 144; Supplementary 
Fig. 13A), followed by PEREGRINE-enhancer up (n = 76; 
Supplementary Fig.  14A), promoter down (n = 45; Sup-
plementary Fig. 13C), and finally PEREGRINE-enhancer 
down (n = 6; Supplementary Fig.  14C). Potential drugs 
include Sunitinib, a tyrosine kinase inhibitor (similar to 
Donepezil) that remedies cognitive impairments [144], 
Bosutinib, a dual Abelson/Src inhibitor that promotes 
autophagy to remove Aβ protein aggregates [145], and 
Ruxolitinib, a JAK1/2 inhibitor to alleviate neuroinflam-
mation and delay gliogenesis [146, 147] Supplementary 
Fig. 13B, 13D and 14B, 14D).

Our analysis of FAD mutations in PSEN1, PSEN2, and 
APP has focused exclusively on neurons, a key brain cell 
type affected in Alzheimer’s disease. However, recent 
research has highlighted the contributions to disease pro-
gression by alternative brain cell types, including micro-
glia and astrocytes. We surmised that FAD astrocytes, a 
cell type that shares precursor lineage with neurons, may 
exhibit gene expression changes and associated endo-
types similar to FAD neurons. To this end, we analyzed 
a previously published RNA-seq dataset on iPSC-derived 

Fig. 6  Endotype dysregulation driven by chromatin accessibility change or key regulator activity leads to precursor lineage state in FAD neurons. 
A-D ATAC-seq coverage plots (left) and RNA-seq expression (right) showing differential ATAC-seq peaks common across FAD mutant hiPSC-derived 
neurons occurring in promoter and enhancer regions for factors related to (A) inflammation (CXCL12), B-C neuronal development (ZIC2, 
NEUROG2), and (D) neuronal lineage (DLX2). E The hallmark disease mechanism in FAD mutations is dedifferentiation to a precursor-like state. Left, 
differentiation of pluripotent cell to a terminal neuron, with mechanistic TFs differentially regulated in FAD neurons (red, increased activity; blue, 
decreased activity). Right, qualitative comparison of severity of dedifferentiation across mutations in PSEN1, PSEN2, and APP 
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astrocytes from patients harboring the PSEN1ΔE9 FAD 
mutation [42]. Differential analysis of PSEN1ΔE9 astro-
cytes relative to isogenically-corrected background astro-
cytes revealed 2513 upregulated and 2485 downregulated 
genes (Supplementary Fig.  15A-B). Interestingly, fgsea 
geneset enrichment using the GOBP and Hallmark data-
bases showed positive enrichment of genesets related 
to cell cycle, inflammation, and chromatin remodeling, 
strikingly similar to the endotypes we observed in FAD 
neurons (Supplementary Fig.  15C-E). Furthermore, this 
revealed the downregulation of axonome assembly and 
cilium function, the loss of which is involved in mito-
chondrial [148] and cell–cell signaling dysfunction [149]. 
Surprisingly, the dedifferentiation process EMT was sig-
nificantly downregulated in astrocytes, in contrast with 
the activation of EMT observed across FAD neurons.

Discussion
Here, we present for the first time a direct comparison 
of representative mutations for each of the three genes 
associated with autosomal-dominant familial AD by pro-
filing the respective transcriptomic and chromatin states 
in patient-derived iPSC neuron models. While most 
Alzheimer’s disease cases are sporadic, FAD mutations 
in PSEN1, PSEN2, and APP are nearly completely pen-
etrant. Mutations in PSEN1 are the most prevalent and 
tend to cause the earliest AAO (30 – 50  years), in con-
trast to the less common mutations in APP and PSEN2, 
which have a relatively later AAO. However, the specific 
mutations studied here, PSEN1A79V, PSEN2N141I, and 
APPV717I, each demonstrate an AAO around 55 years, yet 
the mechanistic avenues through which they arrive at the 
AD state have both subtle and substantial differences. By 
integrating gene expression measurements with chroma-
tin accessibility, we identified the disease-associated cel-
lular programs (i.e., endotypes) where gene dysregulation 
is driven by modulation of chromatin landscape changes 
and the key upstream regulators (i.e., TFs) that control 
them. Further, we describe the extent to which these 
mutations with late AAO exhibit common and distinct 
endotype dysregulation in terms of severity and direction, 
as observed in PSEN1 mutations with an earlier AAO 
[15]. This integrative approach revealed common endo-
types in all three mutations: dedifferentiation of a mature 
neuron to a less differentiated quasi-neuron state, inflam-
mation, dysregulation of synaptic signaling, and repres-
sion of mitochondrial function and mRNA processing. 
The changes in these endotypes are due to the differential 
activity of common regulators; for example, in the case of 
non-ectoderm and early neuron lineage, the activation of 
ZIC [137, 150] family members and ASCL1 contribute to 
the genesis of these endotypes and the subsequent lineage 
state reversion. Concomitantly, we observed activation of 

the neural repressor REST, resulting in the downregula-
tion of genes involved in synaptic maturation and func-
tion; deactivation of the transcriptional activator NRF1, 
which has been well-described as a key regulator of genes 
associated with mitochondrial energy function, metabo-
lism, synaptic transmission and cell cycle regulation [116, 
151, 152]. Importantly, the loss of NRF1 activity leads 
to mitochondrial dysfunction, decreased synaptic func-
tion, and neurodegeneration, as previously reported in 
AD [151, 153]. These REST- and NRF1-controlled target 
genes were found to have decreased chromatin accessibil-
ity in our ATAC-seq analysis (Fig. 6E). This combination 
of mitochondrial dysfunction and repression of synaptic 
maturation and function can ultimately drive degenera-
tion, leading to synaptic loss. The relevance of this loss of 
neuron lineage state and synaptic function orchestrated 
through chromatin remodeling is readily apparent: the 
hallmark clinical manifestation of Alzheimer’s disease, 
both in familial and sporadic forms, is cognitive decline; 
underlying these outward symptoms are the strongly cor-
related pathobiological features of synaptic dysfunction 
and loss. Furthermore, the concept of dedifferentiation 
in AD neurodegeneration is not new; it has been posited 
that dysregulation of synaptic plasticity is inextricably 
connected to the loss of neuronal lineage state, re-entry 
into the cell cycle, and reversion to a precursor-like state 
in AD [154, 155]. Others have previously demonstrated 
these mechanisms in neuron models of sporadic AD [16], 
while we have demonstrated them in neuron models of 
PSEN1 AD [15]; here, we present evidence that this is a 
feature of familial AD caused by mutations in APP and 
PSEN2 as well.

Amongst the common disease endotypes, the sever-
ity of dysregulation of each disease endotype differed 
amongst the three mutations, as evidenced by the statis-
tical significance of both functional enrichment of gen-
eset terms and the activity change of key TFs regulating 
them. Not surprisingly, we identified the same disease 
endotypes in the PSEN1A79V mutation as we previously 
uncovered in a larger study on PSEN1 mutations [15]. 
However, the magnitude of dysregulation was dampened 
in PSEN1A79V neurons (Figure S2A-E), perhaps explain-
ing its later AAO relative to other PSEN1 mutations with 
an earlier AAO, such as PSEN1H163R and PSEN1A431E, 
which demonstrate higher magnitudes of dysregulation. 
Amongst the two less common FAD mutation types, 
APPV717I aligns with the directional change in key endo-
types of the PSEN1 mutations, albeit with a dampened 
magnitude and significance. In contrast, PSEN2N141I 
demonstrates a similar magnitude of endotype dysregula-
tion as PSEN1 mutations, albeit the direction of change 
for later stages of neuron lineage and function is oppo-
site to the PSEN1 and APP mutations (Supplementary 
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Fig.  2). The consequence of the increase in neuron lin-
eage and function observed in the PSEN2 mutation 
could be a related to hyperexcitability or accelerated 
maturation, ultimately resulting in a non-terminal neu-
ronal state. Further, the top regulator for some endo-
types differed between mutations. For example, we 
observed that OLIG2 is particularly activated in APPV717I, 
whereas differential activation of PAX6 is more specific 
to PSEN2N141I, demonstrating a common activation of 
early neuronal lineage via distinct regulators. This type 
of endotype heterogeneity is not uncommon in AD, as 
heterogeneity is observed to a far greater extent in SAD 
[156].

The dominant theory of AD genesis has been that aber-
rant Aβ processing leads to a cascade of plaques, tangles, 
and subsequent onset of cognitive decline. Although the 
protein product of the FAD genes is either the catalytic 
component (PSEN1, PSEN2) or the substrate (APP) in 
the proteolytic processing of APP into amyloid peptides, 
whether the accelerated development of plaques and tan-
gles are indeed the cause of early onset AD or rather a 
consequence of disease has remained unclear. Further 
complicating the matter is that although PSEN1 and 
PSEN2 are homologs and carry out somewhat analo-
gous functions within the gamma-secretase complex, 
recent evidence suggests that there are distinct pools of 
PSEN 1- and PSEN2-containing gamma-secretase com-
plex, both in terms of the cellular compartment location 
as well as holoenzyme membership: PSEN1 is expressed 
ubiquitously and localizes broadly to gamma-secretase 
complexes throughout the cell while PSEN2-containing 
gamma-secretase complex is localized primarily to late 
endosomal/lysosomal compartments [157]. This may 
account for the greater similarity observed between the 
PSEN1A79V and APPV717I mutations compared to the 
PSEN1A79V and PSEN2N141I mutations with respect to 
the direction of dysregulation for neuronal lineage and 
function. In contrast, the level of dysregulation observed 
in the cell cycle and inflammation is similar between 
the PSEN1A79V and PSEN2N141I mutations. There are at 
least two possible reasons for the differential effect of 
PSEN1 and PSEN2 mutations within disease endotypes: 
first, while Aβ processing is aberrant in both the PSEN1 
and PSEN2 mutations, the proximity of presenilin-con-
taining gamma-secretase complexes to APP pools likely 
plays a role in the levels of Aβ peptide species as well 
as the processing of alternative substrates; and second, 
while neurons are particularly affected by PSEN1 muta-
tions, PSEN2 may be the preferential gamma secretase 
catalytic component in microglia [21, 158, 159]. These 
reports suggest that the inflammatory endotype mod-
estly enriched in the PSEN2N141I neurons may be more 
apparent in the canonically inflammatory microglial cell 

type. Interestingly, our reanalysis of a previous study 
revealed that this activation of inflammatory genes was 
also observed in patient-derived astrocytes with the 
PSEN1ΔE9 FAD mutation. This was accompanied by an 
activation of genes associated with cell cycle and chro-
matin remodeling and repression of genes associated 
with cell–cell signaling, suggesting that the FAD disease 
endotypes identified in our iPSC-derived neuron model 
system are also relevant for alternative cell types. Oth-
ers have recently demonstrated that the Aβ profile ratio 
(i.e., (Aβ37 + Aβ38 + Aβ40)/(Aβ42 + Aβ43)), a meas-
ure of the processivity of the gamma-secretase enzyme, 
correlates with AAO; by this measure, PSEN1A79V has a 
modestly reduced Aβ profile ratio which leads to a late 
AAO relative to other PSEN1 mutations [9]. In  vitro 
measurements of gamma-secretase processivity dem-
onstrated that PSEN1 and PSEN2 mutations modulate 
the ε-endoproteolytic cleavage step but not consistently 
in the same direction across mutations, whereas the 
carboxypeptidase-like γ-cleavage step was consistently 
altered towards premature release of longer Aβ peptide 
forms (i.e., Aβ42 and Aβ43). Mutations in PSEN1 and 
PSEN2 result in varying degrees of alterations in either 
the start site or the exit site of cleavage, or both, result-
ing in differential alteration of Aβ ratios. In contrast, APP 
mutations affect the docking position at the ε-cleavage 
site but not the γ-cleavage [160, 161]. Although muta-
tions in PSEN2 cause a similar decrease in the Aβ profile 
ratio, the limited distribution of PSEN2 could cause the 
later AAO observed. Furthermore, while the two pre-
senilins share 67% sequence homology and PSEN1 may 
play a functional compensatory role in PSEN2 mutations, 
the inverse does not appear to be true in PSEN1 muta-
tions [21, 162]. For example, the PSEN1N135D has a docu-
mented mean AAO of 34 years, while its sister variant in 
PSEN2, PSEN2N141D (similar to the PSEN1N141I studied 
here), has an AAO of 59 years [9].

The differences in cellular location and cell type are 
not the only possible explanations of differential endo-
type dysregulation between the mutations in each of the 
three FAD genes; there are over 150 alternative substrates 
of gamma-secretase that have been identified in addition 
to APP and altered processivity of the gamma-secretase 
enzyme may have myriad effects via these substrates 
[13]. Some key examples are Notch, a key regulator of 
Wnt signaling that promotes proliferation during neu-
rogenesis but is also repressed during neural differentia-
tion [13], and p75NTR, a neurotrophin receptor and cell 
cycle regulator which has been proposed to be involved 
in AD via multiple modes of action including neuronal 
growth regulation, differentiation and cellular survival, 
and cellular senescence [163, 164]. Structural changes 
due to mutations in PSEN1 (and, to a lesser extent, its 
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cellular localization, PSEN2) could also play a role here; 
endoproteolytic processing at the ε-cleavage site of alter-
native substrates like Notch are also variably affected 
depending on mutation type [160]. This is reflected in 
our co-expressed module analysis: module 1 is particu-
larly enriched for Notch and WNT signaling pathways 
and transcriptionally controlled by the pro-EMT (dedif-
ferentiation) regulator RUNX1 [165]. While module 1 is 
positively enriched in all three mutations, the strongest 
enrichment is observed in PSEN1A79V. Therefore, muta-
tions in PSEN1 may exhibit stronger dysregulation in cer-
tain disease endotypes relative to those in PSEN2 or APP 
due to the mutation-induced effects on substrates alter-
native to APP.

The ultimate goal of characterizing the regulatory 
transcriptome of FAD is to identify potential disease 
endotypes and their regulators that may be optimal for 
disease modification by drug therapeutics. We found that 
the DEG/DAR-based predicted drug candidates and the 
CADRO-based clinical drug therapies associated with 
common enriched FAD pathways address the AD endo-
types we present here. This approach highlights thera-
peutic remedies for such endotypes, paving the way for 
advancing drug therapeutics for FAD.

A significant challenge to studying the gene regulatory 
mechanisms associated with the onset and development 
of AD is the suitability of model systems that faithfully 
recapitulate disease-associated dysregulation in the 
patient’s brain. We previously reanalyzed one of the few 
publicly available transcriptomic studies on FAD muta-
tions in PSEN1, observing repression of neuronal lineage 
and synaptic function concomitant with activation of cell 
cycle and dedifferentiation programs [15, 166]. The com-
plete penetrance of familial AD mutations and the advent 
of patient-derived neurons offer the ability to capture dis-
ease mechanisms observed in post-mortem brains [15, 
16] in a non-invasive manner. However, there is a relative 
immaturity of patient-derived neuron cultures compared 
with the developed brain, such that all disease-associated 
neuron subtypes are not likely fully represented in the 
model system we have described here. While the advent 
of new initiatives has increased the availability of engi-
neered iPSC lines for mutations spanning many types of 
dementia [167], there is still a limited amount of muta-
tions available, as well as patient-derived lines from dif-
ferent patients with the same mutation. Furthermore, 
while a considerable amount of RNA-seq data is available 
for large cohorts of SAD patients, this is not the case for 
FAD to corroborate iPSC-derived neuron profiling for all 
potential mutation types. Recent work has highlighted 
the role of non-neuronal cell types in the onset and 
progression of AD, so future studies must focus on the 

interplay across brain cell types via patient-derived orga-
noid systems [168] to model FAD.

The common hallmark phenotype in familial and spo-
radic AD is progressive cognitive decline. The combina-
tion of the underlying endotypes described here leads to a 
defective neuron network and diminished cognition. The 
observed repression of neuron differentiation and func-
tion concomitant with the activation of early neuron line-
age in APPV717I and PSEN1A79V via the differential activity 
of neuronal precursors (e.g., PAX6 and ASCL1 activa-
tion) and neuronal and mitochondrial repression (e.g., 
activation of REST, deactivation of NRF1), respectively, 
are indicative of reversion to a less defined, yet early 
neuronal state (Fig.  6E). This, combined with activation 
of non-ectoderm lineage dedifferentiation and cell cycle 
dysregulation, indicates a reversion to a precursor-like 
state. While dedifferentiation is a shared feature between 
the PSEN1, PSEN2, and APP mutations, the differential 
endotype manifestation arising from the combination of 
shared and unique regulatory mechanisms poises each 
mutation type to a distinct precursor state along a neu-
ronal lineage landscape. Ultimately, the common and 
unique endotypes identified here and the key regulators 
driving their differential activity can serve as a basis for 
understating the molecular mechanisms of AD that may 
aid in therapeutic development.

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s13195-​024-​01659-6.

Supplementary Material 1.

Acknowledgements
We would like to thank Dr. Ivan Berest (ETH Zurich-Switzerland) and Dr. 
Christian Arnold (European Molecular Biology Laboratory (EMBL)-Germany) 
for assistance with diffTF, Dr. Mikhail Pachkov (Swiss Institute of Bioinformatics) 
for assistance with ISMARA, and Dr. Mano Maurya (UC San Diego and the San 
Diego Supercomputer Center) for assistance with tSNE.
We would like to thank Dr. Ivan Berest (ETH Zurich-Switzerland) and Dr. 
Christian Arnold (European Molecular Biology Laboratory (EMBL)-Germany) 
for assistance with diffTF, Dr. Mikhail Pachkov (Swiss Institute of Bioinformat-
ics) for assistance with ISMARA, and Dr. Mano Maurya (UC San Diego and 
the San Diego Supercomputer Center) for assistance with tSNE. Dominantly 
Inherited Alzheimer Network (DIAN) contributors: Sarah Adams, MS; Ricardo 
Allegri, PhD; Aki Araki; Nicolas Barthelemy, PhD; Randall Bateman, MD; Jacob 
Bechara, BS; Tammie Benzinger, MD, PhD; Sarah Berman, MD, PhD; Courtney 
Bodge, PhD; Susan Brandon, BS; William (Bill) Brooks, MBBS, MPH; Jared Brosch, 
MD, PhD; Jill Buck, BSN; Virginia Buckles, PhD; Kathleen Carter, PhD; Lisa Cash, 
BFA; Charlie Chen, BA; Jasmeer Chhatwal, MD, PhD; Patricio Chrem Mendez, 
MD; Jasmin Chua, BS; Helena Chui, MD; Laura Courtney, BS; Carlos Cruchaga, 
PhD; Gregory S Day, MD; Chrismary DeLaCruz, BA; Darcy Denner, PhD; Anna 
Diffenbacher, MS; Aylin Dincer, BS; Tamara Donahue, MS; Jane Douglas, MPh; 
Duc Duong, BS; Noelia Egido, BS; Bianca Esposito, BS; Anne Fagan, PhD; Marty 
Farlow, MD; Becca Feldman, BS,BA; Colleen Fitzpatrick, MS; Shaney Flores, 
BS; Nick Fox, MD; Erin Franklin, MS; Nelly Joseph-Mathurin, PhD; Hisako Fujii, 
PhD; Samantha Gardener, PhD; Bernardino Ghetti, MD; Alison Goate, PhD; 
Sarah Goldberg, MS, LPC, NCC; Jill Goldman, MS, MPhil, CGC; Alyssa Gonzalez, 
BS; Brian Gordon, PhD; Susanne Gräber-Sultan, PhD; Neill Graff-Radford, MD; 
Morgan Graham, BA; Julia Gray, MS; Emily Gremminger, BA; Miguel Grilo, MD; 

https://doi.org/10.1186/s13195-024-01659-6
https://doi.org/10.1186/s13195-024-01659-6


Page 16 of 20Valdes et al. Alzheimer’s Research & Therapy            (2025) 17:5 

Alex Groves; Christian Haass, PhD; Lisa Häsler, MSc; Jason Hassenstab, PhD; 
Cortaiga Hellm, BA; Elizabeth Herries, BA; Laura Hoechst-Swisher, MS; Anna 
Hofmann, MD; David Holtzman, MD; Russ Hornbeck, MSCS, MPM; Yakushev 
Igor, MD; Ryoko Ihara, MD; Takeshi Ikeuchi, MD; Snezana Ikonomovic, MD; Kenji 
Ishii, MD; Clifford Jack, MD; Gina Jerome, MS; Erik Johnson, MD, PhD; Mathias 
Jucker, PhD; Celeste Karch, PhD; Stephan Käser, PhD; Kensaku Kasuga, MD; 
Sarah Keefe, BS; William Klunk, MD, PhD; Robert Koeppe, PhD; Deb Koudelis, 
MHS, RN; Elke Kuder-Buletta, RN; Christoph Laske, PhD; Allan Levey, MD, PhD; 
Johannes Levin, MD; Yan Li, PhD; Oscar Lopez MD, MD; Jacob Marsh, BA; Ralph 
Martins, PhD; Neal Scott Mason, PhD; Colin Masters, MD; Kwasi Mawuenyega, 
PhD; Austin McCullough, PhD Candidate; Eric McDade, DO; Arlene Mejia, MD; 
Estrella Morenas-Rodriguez, MD, PhD; John Morris, MD; James Mountz, MD; 
Cath Mummery, PhD; Neelesh Nadkarni, MD, PhD; Akemi Nagamatsu, RN; 
Katie Neimeyer, MS; Yoshiki Niimi, MD; James Noble, MD; Joanne Norton, MSN, 
RN, PMHCNS-BC; Brigitte Nuscher; Ulricke Obermüller; Antoinette O’Connor, 
MRCPI; Riddhi Patira , MD; Richard Perrin, MD, PhD; Lingyan Ping, PhD; Oliver 
Preische, MD; Alan Renton, PhD; John Ringman, MD; Stephen Salloway, MD; 
Peter Schofield, PhD; Michio Senda, MD, PhD; Nicholas T Seyfried, D.Phil; Kris-
tine Shady, BA, BS; Hiroyuki Shimada, MD, PhD; Wendy Sigurdson, RN; Jennifer 
Smith, PhD; Lori Smith, PA-C; Beth Snitz, PhD; Hamid Sohrabi, PhD; Sochenda 
Stephens, BS, CCRP; Kevin Taddei, BS; Sarah Thompson, PA-C; Jonathan Vöglein, 
MD; Peter Wang, PhD; Qing Wang, PhD; Elise Weamer, MPH; Chengjie Xiong, 
PhD; Jinbin Xu, PhD; Xiong Xu, BS, MS.

Authors’ contributions
*P.V. and A.B.C. contributed equally to this manuscript. Conceptualization: 
A.B.C., D.R.G., S.L.W., S.S.; Familial AD patient recruitment: D.I.A.N., D.R.G.; Cell 
line generation: S.H.Y., C.M.K.; Neuron generation: Q.L., S.H.Y.; RNA-seq and 
ATAC-seq Experiments: A.B.C., M.Q.F., S.R.; Data Analysis: P.V., A.B.C.; Visualization: 
A.B.C., P.V.; Supervision: A.B.C., S.S.; Writing—original draft: P.V., A.B.C.; Writing—
review & editing: A.B.C., P.V., S.R., M.Q.F., D.R.G., S.S.

Funding
Alzheimer’s Association New Investigator Research Award NIRG-14–322164 
(SHY), NIH P50 AGO5131 (DRG), NIH U01 NS 074501–05 (SLW), NIH R01 
LM012595 (SS), NIH OT2 OD030544 (SS), NIH U01 CA198941 (SS), NIH U01 
DK097430 (SS), NIH R01 HD084633 (SS), NIH R01 HL106579-07 (SS), NSF 
grant STC CCF-0939370 (SS), Veterans Affairs RR&D 1I01RX002259 (SLW), and 
Cure Alzheimer’s Fund (CAF) grant (SLW). Data collection and sharing for 
this project was supported by The Dominantly Inherited Alzheimer Network 
DIAN, U19AG032438 funded by the National Institute on Aging (NIA), the 
Alzheimer’s Association (SG-20–690363-DIAN), the German Center for 
Neurodegenerative Diseases (DZNE), Raul Carrea Institute for Neurological 
Research (FLENI), partial support by the Research and Development Grants for 
Dementia from Japan Agency for Medical Research and Development, AMED, 
and the Korea Health Technology R&D Project through the Korea Health 
Industry Development Institute (KHIDI), Spanish Institute of Health Carlos III 
(ISCIII), Canadian Institutes of Health Research (CIHR), Canadian Consortium 
of Neurodegeneration and Aging, Brain Canada Foundation, and Fonds de 
Recherche du Québec – Santé. RNA- and ATAC-sequencing was conducted 
at the IGM Genomics Center, University of California, San Diego, La Jolla, CA 
(P30DK063491, P30CA023100, P30DK120515).

Data availability
RNA-seq and ATAC-seq data are available at the NCBI GEO under the SuperSer-
ies accession GSE206603. Normalized count matrices for RNA-seq and ATAC-
seq data are provided in Supplementary files 1 and 2. Cell lines are available 
upon request from Dr. Celeste Karch at Washington University in St. Louis 
(karchc@wustl.edu) and Dr. Shauna Yuan at University of Minnesota (syuan@
umn.edu). Code for all analysis is available for download from https://github.
com/SubramaniamLab/FAD-Multiomics-Manuscript and https://​doi.​org/​10.​
5281/​zenodo.​82673​32.

Declarations

Ethics approval and consent to participate
This manuscript has been reviewed by DIAN Study investigators for scientific 
content and consistency of data interpretation with previous DIAN Study 
publications. We acknowledge the altruism of the participants and their 

families and contributions of the DIAN research and support staff at each of 
the participating sites for their contributions to this study.

Competing interests
The authors declare no competing interests.

Received: 20 May 2024   Accepted: 20 December 2024

References
	 1.	 Tanzi RE. The genetics of alzheimer disease. Cold Spring Harb Perspect 

Med. 2012;2:a0062c96.
	 2.	 Pavisic IM, Nicholas JM, O’Connor A, Rice H, Lu K, Fox NC, et al. Disease 

duration in autosomal dominant familial Alzheimer disease. Neurol 
Genet. 2020;6:e507.

	 3.	 Karch CM, Cruchaga C, Goate AM. Alzheimer’s disease genetics: from 
the bench to the clinic. Neuron. 2014;83:11–26.

	 4.	 Ryman DC, Acosta-Baena N, Aisen PS, Bird T, Danek A, Fox NC, et al. 
Symptom onset in autosomal dominant Alzheimer disease: a system-
atic review and meta-analysis. Neurology. 2014;83:253–60.

	 5.	 Cai Y, An SSA, Kim S. Mutations in presenilin 2 and its implications in 
Alzheimer’s disease and other dementia-associated disorders. Clin 
Interv Aging. 2015;10:1163–72.

	 6.	 Dai M-H, Zheng H, Zeng L-D, Zhang Y. The genes associated with early-
onset Alzheimer’s disease. Oncotarget. 2017;9:15132–43.

	 7.	 De Strooper B, Iwatsubo T, Wolfe MS. Presenilins and γ-secretase: struc-
ture, function, and role in alzheimer disease. Cold Spring Harb Perspect 
Med. 2012;2:a006304.

	 8.	 Hsu S, Pimenova AA, Hayes K, Villa JA, Rosene MJ, Jere M, et al. System-
atic validation of variants of unknown significance in APP, PSEN1 and 
PSEN2. Neurobiol Dis. 2020;139:104817.

	 9.	 Petit D, Fernández SG, Zoltowska KM, Enzlein T, Ryan NS, O’Connor A, 
et al. Aβ profiles generated by Alzheimer’s disease causing PSEN1 vari-
ants determine the pathogenicity of the mutation and predict age at 
disease onset. Mol Psychiatry. 2022;27:2821–32.

	 10.	 Kwart D, Gregg A, Scheckel C, Murphy EA, Paquet D, Duffield M, et al. A 
Large Panel of Isogenic APP and PSEN1 Mutant Human iPSC Neurons 
Reveals Shared Endosomal Abnormalities Mediated by APP β-CTFs. Not 
Aβ Neuron. 2019;104:256–270.e5.

	 11.	 Haapasalo A, Kovacs DM. The many substrates of presenilin/γ-secretase. 
J Alzheimers Dis. 2011;25:3–28.

	 12.	 Bagaria J, Bagyinszky E, An SSA. Genetics, functions, and clinical impact 
of Presenilin-1 (PSEN1) gene. Int J Mol Sci. 2022;23:10970.

	 13.	 Güner G, Lichtenthaler SF. The substrate repertoire of γ-secretase/prese-
nilin. Semin Cell Dev Biol. 2020;105:27–42.

	 14.	 Battaglia M, Ahmed S, Anderson MS, Atkinson MA, Becker D, Bingley PJ, 
et al. Introducing the endotype concept to address the challenge of 
disease heterogeneity in type 1 diabetes. Diabetes Care. 2020;43:5–12.

	 15.	 Caldwell AB, Liu Q, Schroth GP, Galasko DR, Yuan SH, Wagner SL, et al. 
Dedifferentiation and neuronal repression define familial Alzheimer’s 
disease. Sci Adv. 2020;6:eaba5933.

	 16.	 Mertens J, Herdy JR, Traxler L, Schafer ST, Schlachetzki JCM, Böhnke L, 
et al. Age-dependent instability of mature neuronal fate in induced 
neurons from Alzheimer’s patients. Cell Stem Cell. 2021;28:1533–1548.
e6.

	 17.	 Frost B. Alzheimer’s disease and related tauopathies: dis-
orders of disrupted neuronal identity. Trends Neurosci. 
2023;S0166–2236(23):00166–72.

	 18.	 Caldwell AB, Anantharaman BG, Ramachandran S, Nguyen P, Liu Q, Trinh 
I, et al. Transcriptomic profiling of sporadic Alzheimer’s disease patients. 
Mol Brain. 2022;15:83.

	 19.	 Patel AO, Caldwell AB, Ramachandran S, Subramaniam S. Endotype 
Characterization Reveals Mechanistic Differences Across Brain Regions 
in Sporadic Alzheimer’s Disease. J Alzheimers Dis Rep. 2023;7(1):957-72.

	 20.	 Andrade-Guerrero J, Santiago-Balmaseda A, Jeronimo-Aguilar P, Vargas-
Rodríguez I, Cadena-Suárez AR, Sánchez-Garibay C, et al. Alzheimer’s 
disease: an updated overview of its genetics. Int J Mol Sci. 2023;24:3754.

https://doi.org/10.5281/zenodo.8267332
https://doi.org/10.5281/zenodo.8267332


Page 17 of 20Valdes et al. Alzheimer’s Research & Therapy            (2025) 17:5 	

	 21.	 Jayadev S, Leverenz JB, Steinbart E, Stahl J, Klunk W, Yu C-E, et al. Alzhei-
mer’s disease phenotypes and genotypes associated with mutations in 
presenilin 2. Brain. 2010;133:1143–54.

	 22.	 Zhang G, Xie Y, Wang W, Feng X, Jia J. Clinical characterization of an APP 
mutation (V717I) in five Han Chinese families with early-onset Alzhei-
mer’s disease. J Neurol Sci. 2017;372:379–86.

	 23.	 Goate A, Chartier-Harlin M-C, Mullan M, Brown J, Crawford F, Fidani 
L, et al. Segregation of a missense mutation in the amyloid precursor 
protein gene with familial Alzheimer’s disease. Nature. 1991;349:704–6.

	 24.	 Cruts M, van Duijn CM, Backhovens H, Van den Broeck M, Wehnert A, 
Serneels S, et al. Estimation of the genetic contribution of presenilin-1 
and -2 mutations in a population-based study of presenile alzheimer 
disease. Hum Mol Genet. 1998;7:43–51.

	 25.	 Liu Q, Waltz S, Woodruff G, Ouyang J, Israel MA, Herrera C, et al. Effect of 
potent γ-secretase modulator in human neurons derived from multiple 
presenilin 1–induced pluripotent stem cell mutant carriers. JAMA 
Neurol. 2014;71:1481–9.

	 26.	 Israel MA, Yuan SH, Bardy C, Reyna SM, Mu Y, Herrera C, et al. Probing 
sporadic and familial Alzheimer’s disease using induced pluripotent 
stem cells. Nature. 2012;482:216–20.

	 27.	 Karch CM, Hernández D, Wang J-C, Marsh J, Hewitt AW, Hsu S, et al. 
Human fibroblast and stem cell resource from the dominantly inherited 
alzheimer network. Alzheimer’s Res Ther. 2018;10:69.

	 28.	 Okita K, Matsumura Y, Sato Y, Okada A, Morizane A, Okamoto S, et al. A 
more efficient method to generate integration-free human iPS cells. 
Nat Methods. 2011;8:409–12.

	 29.	 Yuan SH, Hiramatsu N, Liu Q, Sun XV, Lenh D, Chan P, et al. Tauopathy-
associated PERK alleles are functional hypomorphs that increase 
neuronal vulnerability to ER stress. Hum Mol Genet. 2018;27:3951–63.

	 30.	 Yuan SH, Martin J, Elia J, Flippin J, Paramban RI, Hefferan MP, et al. 
Cell-surface marker signatures for the isolation of neural stem cells, glia 
and neurons derived from human pluripotent stem cells. PLoS One. 
2011;6:e17540.

	 31.	 Woodruff G, Young JE, Martinez FJ, Buen F, Gore A, Kinaga J, et al. The 
Presenilin-1 ΔE9 mutation results in reduced γ-secretase activity, but 
not total loss of ps1 function, in isogenic human stem cells. Cell Rep. 
2013;5:974–85.

	 32.	 Knupp A, Mishra S, Martinez R, Braggin JE, Szabo M, Kinoshita C, et al. 
Depletion of the AD risk gene SORL1 selectively impairs neuronal endo-
somal traffic independent of amyloidogenic APP processing. Cell Rep. 
2020;31:107719.

	 33.	 Martin M. Cutadapt removes adapter sequences from high-throughput 
sequencing reads. EMBnet.journal. 2011;17(1):10–2.

	 34.	 Bray NL, Pimentel H, Melsted P, Pachter L. Near-optimal probabilistic 
RNA-seq quantification. Nat Biotechnol. 2016;34:525–7.

	 35.	 Soneson C, Love MI, Robinson MD. Differential analyses for RNA-seq: 
transcript-level estimates improve gene-level inferences. F1000Re-
search. 2016;4:1–19.

	 36.	 Robinson MD, McCarthy DJ, Smyth GK. edgeR: a Bioconductor package 
for differential expression analysis of digital gene expression data. 
Bioinformatics. 2010;26:139–40.

	 37.	 Law CW, Chen Y, Shi W, Smyth GK. voom: precision weights unlock 
linear model analysis tools for RNA-seq read counts. Genome Biol. 
2014;15:R29.

	 38.	 Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers 
differential expression analyses for RNA-sequencing and microarray 
studies. Nucleic Acids Res. 2015;43:e47–e47.

	 39.	 Pérez-Silva JG, Araujo-Voces M, Quesada V. nVenn: generalized, quasi-
proportional Venn and Euler diagrams. Bioinformatics. 2018;34:2322–4.

	 40.	 Plaisier SB, Taschereau R, Wong JA, Graeber TG. Rank–rank hypergeo-
metric overlap: identification of statistically significant overlap between 
gene-expression signatures. Nucleic Acids Res. 2010;38:e169–e169.

	 41.	 Cahill KM, Huo Z, Tseng GC, Logan RW, Seney ML. Improved identifica-
tion of concordant and discordant gene expression signatures using 
an updated rank-rank hypergeometric overlap approach. Sci Rep. 
2018;8:9588.

	 42.	 Oksanen M, Hyötyläinen I, Trontti K, Rolova T, Wojciechowski S, Koskuvi 
M, et al. NF-E2-related factor 2 activation boosts antioxidant defenses 
and ameliorates inflammatory and amyloid properties in human Prese-
nilin-1 mutated Alzheimer’s disease astrocytes. Glia. 2020;68:589–99.

	 43.	 McKenzie AT, Wang M, Hauberg ME et al. Brain Cell Type Specific 
Gene Expression and Co-expression Network Architectures. Sci Rep. 
2018;8:8868.

	 44.	 Chi Y, Qi R, Zhou Y, Tong H, Jin H, Turck CW, Chen W, Wang G. scBrain-
Map: a landscape for cell types and associated genetic markers in the 
brain. Database. 2023;baad035.

	 45.	 Stefanski A, Pérez-Palma E, Brünger T, Montanucci L, Gati C, Klöckner C, 
et al. SLC6A1 variant pathogenicity, molecular function and phenotype: 
a genetic and clinical analysis. Brain. 2023;146:5198–208.

	 46.	 Garaschuk O, Verkhratsky A. GABAergic astrocytes in Alzheimer’s dis-
ease. Aging. 2019;11:1602.

	 47.	 Zhou Y, Danbolt NC. GABA and glutamate transporters in brain. Front. 
Endocrinol. 2013;4:165.

	 48.	 Hishimoto A, Pletnikova O, Lang DL, Troncoso JC, Egan JM, Liu Q-R. 
Neurexin 3 transmembrane and soluble isoform expression and 
splicing haplotype are associated with neuron inflammasome and 
Alzheimer’s disease. Alzheimer’s Res Ther. 2019;11:28.

	 49.	 Duba-Kiss R, Niibori Y, Hampson DR. GABAergic gene regulatory 
elements used in adeno-associated viral vectors. Front Neurol. 
2021;12:745159.

	 50.	 Villaescusa JC, Li B, Toledo EM, Cervo PR di V, Yang S, Stott SR, et al. A 
PBX1 transcriptional network controls dopaminergic neuron develop-
ment and is impaired in Parkinson’s disease. EMBO J. 2016;35:1963.

	 51.	 Melief EJ, Gibbs JT, Li X, Morgan RG, Keene CD, Montine TJ, et al. Charac-
terization of cognitive impairments and neurotransmitter changes in a 
novel transgenic mouse lacking Slc10a4. Neuroscience. 2016;324:399.

	 52.	 Reynolds LM, Pokinko M, Torres Berrío A, Cuesta S, Lambert LC, Del 
Cid PE, et al. DCC receptors drive prefrontal cortex maturation by 
determining dopamine axon targeting in adolescence. Biol Psychiatry. 
2018;83:181–92.

	 53.	 Lin L, Rao Y, Isacson O. Netrin-1 and slit-2 regulate and direct neurite 
growth of ventral midbrain dopaminergic neurons. Mol Cell Neurosci. 
2005;28:547–55.

	 54.	 Poulin J-F, Zou J, Drouin-Ouellet J, Kim K-YA, Cicchetti F, Awatramani RB. 
Defining midbrain dopaminergic neuron diversity by single-cell gene 
expression profiling. Cell Rep. 2014;9:930–43.

	 55.	 Xu P, He H, Gao Q, Zhou Y, Wu Z, Zhang X, et al. Human midbrain 
dopaminergic neuronal differentiation markers predict cell therapy out-
comes in a Parkinson’s disease model. J Clin Invest. 2022;132:e156768.

	 56.	 Geisler SM, Benedetti A, Schöpf CL, Schwarzer C, Stefanova N, Schwartz 
A. Obermair GJ. Phenotypic Characterization and Brain Structure Analy-
sis of Calcium Channel Subunit α2δ-2 Mutant (Ducky) and α2δ Double 
Knockout Mice. Front. Synaptic Neurosci. 2021;13:634412.

	 57.	 Sabo SL, Lahr JM, Offer M, Weekes AL, Sceniak MP. GRIN2B-related 
neurodevelopmental disorder: current understanding of pathophysi-
ological mechanisms. Front Synaptic Neurosci. 2023;14.

	 58.	 Singh K, Jayaram M, Kaare M, Leidmaa E, Jagomäe T, Heinla I, et al. 
Neural cell adhesion molecule Negr1 deficiency in mouse results in 
structural brain endophenotypes and behavioral deviations related to 
psychiatric disorders. Sci Rep. 2019;9:5457.

	 59.	 DeGiosio RA, Grubisha MJ, MacDonald ML, McKinney BC, Camacho 
CJ, Sweet RA. More than a marker: potential pathogenic functions of 
MAP2. Front Mol Neurosci. 2022;15.

	 60.	 Kumar A, Pareek V, Faiq MA, Kumar P, Kumari C, Singh HN, et al. 
Transcriptomic analysis of the signature of neurogenesis in human 
hippocampus suggests restricted progenitor cell progression post-
childhood. IBRO Reports. 2020;9:224–32.

	 61.	 Chen S, Chang Y, Li L, Acosta D, Morrison C, Wang C, et al. Spatially 
resolved transcriptomics reveals unique gene signatures associated 
with human temporal cortical architecture and Alzheimer’s pathol-
ogy. Acta Neuropathol Commun. 2021;10:188.

	 62.	 Mukhtar T, Taylor V. Untangling Cortical Complexity During Develop-
ment. J Exp Neurosci. 2018;12:1179069518759332.

	 63.	 van der Maaten L, Hinton G. Visualizing data using t-SNE. J Mach 
Learn Res. 2008;9:2579–605.

	 64.	 van der Maaten L. Accelerating t-SNE using tree-based algorithms. J 
Mach Learn Res. 2014;15:3221–45.

	 65.	 Krijthe J. R wrapper for Van der Maaten’s Barnes-Hut implementation 
of t-Distributed Stochastic Neighbor Embedding. 2021. Available 
from: https://​github.​com/​jkrij​the/​Rtsne.

https://github.com/jkrijthe/Rtsne


Page 18 of 20Valdes et al. Alzheimer’s Research & Therapy            (2025) 17:5 

	 66.	 Caldwell AB, Liu Q, Zhang C, Schroth GP, Galasko DR, Rynearson 
KD, et al. Endotype reversal as a novel strategy for screening 
drugs targeting familial Alzheimer’s disease. Alzheimer’s Dement. 
2022;18:2117–30.

	 67.	 Balwierz PJ, Pachkov M, Arnold P, Gruber AJ, Zavolan M, van Nim-
wegen E. ISMARA: automated modeling of genomic signals as a 
democracy of regulatory motifs. Genome Res. 2014;24:869–84.

	 68.	 Garcia-Alonso L, Holland CH, Ibrahim MM, Turei D, Saez-Rodriguez J. 
Benchmark and integration of resources for the estimation of human 
transcription factor activities. Genome Res. 2019;29:1363–75.

	 69.	 Alvarez MJ, Shen Y, Giorgi FM, Lachmann A, Ding BB, Ye BH, et al. 
Functional characterization of somatic mutations in cancer 
using network-based inference of protein activity. Nat Genet. 
2016;48:838–47.

	 70.	 Korotkevich G, Sukhov V, Budin N, Shpak B, Artyomov MN, Sergush-
ichev A. Fast gene set enrichment analysis. bioRxiv. 2021;060012.

	 71.	 Weiner 3rd J, Domaszewska T. tmod: an R package for general and 
multivariate enrichment analysis. PeerJ Preprints. 2016;4:e2420v1.

	 72.	 Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry JM, 
et al. Gene ontology: tool for the unification of biology. Nat Genet. 
2000;25:25–9.

	 73.	 Croft D, O’Kelly G, Wu G, Haw R, Gillespie M, Matthews L, et al. Reac-
tome: a database of reactions, pathways and biological processes. 
Nucleic Acids Res. 2011;39:D691–697.

	 74.	 Sloan CA, Chan ET, Davidson JM, Malladi VS, Strattan JS, Hitz BC, 
et al. ENCODE data at the ENCODE portal. Nucleic Acids Res. 
2016;44:D726–732.

	 75.	 Chèneby J, Gheorghe M, Artufel M, Mathelier A, Ballester B. ReMap 
2018: an updated atlas of regulatory regions from an integrative 
analysis of DNA-binding ChIP-seq experiments. Nucleic Acids Res. 
2018;46:D267–75.

	 76.	 Zyla J, Marczyk M, Domaszewska T, Kaufmann SHE, Polanska J, Weiner 
J 3rd. Gene set enrichment for reproducible science: comparison of 
CERNO and eight other algorithms. Bioinformatics. 2019;35:5146–54.

	 77.	 Kaspi A, Ziemann M. mitch: multi-contrast pathway enrichment for 
multi-omics and single-cell profiling data. BMC Genomics. 2020;21:447.

	 78.	 Harrison PF, Pattison AD, Powell DR, Beilharz TH. Topconfects: a package 
for confident effect sizes in differential expression analysis provides a 
more biologically useful ranked gene list. Genome Biol. 2019;20:67.

	 79.	 Russo PST, Ferreira GR, Cardozo LE, Bürger MC, Arias-Carrasco R, 
Maruyama SR, et al. CEMiTool: a Bioconductor package for performing 
comprehensive modular co-expression analyses. BMC Bioinformatics. 
2018;19:56.

	 80.	 Szklarczyk D, Gable AL, Lyon D, Junge A, Wyder S, Huerta-Cepas J, et al. 
STRING v11: protein–protein association networks with increased cov-
erage, supporting functional discovery in genome-wide experimental 
datasets. Nucleic Acids Res. 2019;47:D607–13.

	 81.	 Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, et al. 
Cytoscape: a software environment for integrated models of biomo-
lecular interaction networks. Genome Res. 2003;13:2498–504.

	 82.	 Buenrostro JD, Giresi PG, Zaba LC, Chang HY, Greenleaf WJ. Transposi-
tion of native chromatin for fast and sensitive epigenomic profiling of 
open chromatin, DNA-binding proteins and nucleosome position. Nat 
Methods. 2013;10:1213–8.

	 83.	 Bushnell B, Rood J, Singer E. BBMerge – Accurate paired shotgun read 
merging via overlap. PLOS ONE. 2017;12(10): e0185056.

	 84.	 Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer N, et al. The 
sequence Alignment/Map format and SAMtools. Bioinformatics. 
2009;25:2078–9.

	 85.	 Tarbell ED, Liu T. HMMRATAC: a Hidden Markov ModeleR for ATAC-seq. 
Nucleic Acids Res. 2019;47:e91.

	 86.	 Ross-Innes CS, Stark R, Teschendorff AE, Holmes KA, Ali HR, Dunning MJ, 
et al. Differential oestrogen receptor binding is associated with clinical 
outcome in breast cancer. Nature. 2012;481:389–93.

	 87.	 Yu G, Wang L-G, He Q-Y. ChIPseeker: an R/Bioconductor package for 
ChIP peak annotation, comparison and visualization. Bioinformatics. 
2015;31:2382–3.

	 88.	 Mills C, Muruganujan A, Ebert D, Marconett CN, Lewinger JP, Thomas 
PD, et al. PEREGRINE: a genome-wide prediction of enhancer to 
gene relationships supported by experimental evidence. PLoS One. 
2020;15:e0243791.

	 89.	 Lee S, Cook D, Lawrence M. plyranges: a grammar of genomic data 
transformation. Genome Biol. 2019;20:4.

	 90.	 Gusmao EG, Allhoff M, Zenke M, Costa IG. Analysis of computational 
footprinting methods for DNase sequencing experiments. Nat Meth-
ods. 2016;13:303–9.

	 91.	 Li Z, Schulz MH, Look T, Begemann M, Zenke M, Costa IG. Identifica-
tion of transcription factor binding sites using ATAC-seq. Genome Biol. 
2019;20:45.

	 92.	 Weirauch MT, Yang A, Albu M, Cote AG, Montenegro-Montero A, Drewe 
P, et al. Determination and inference of eukaryotic transcription factor 
sequence specificity. Cell. 2014;158:1431–43.

	 93.	 van Heeringen SJ, Veenstra GJC. GimmeMotifs: a de novo motif 
prediction pipeline for ChIP-sequencing experiments. Bioinformatics. 
2011;27:270–1.

	 94.	 Bruse N, Heeringen SJ van. GimmeMotifs: an analysis framework for 
transcription factor motif analysis. bioRxiv;2018:474403.

	 95.	 Pachkov M, Balwierz PJ, Arnold P, Ozonov E, van Nimwegen E. Swis-
sRegulon, a database of genome-wide annotations of regulatory sites: 
recent updates. Nucleic Acids Res. 2013;41:D214–220.

	 96.	 Welch RP, Lee C, Imbriano PM, Patil S, Weymouth TE, Smith RA, et al. 
ChIP-Enrich: gene set enrichment testing for ChIP-seq data. Nucleic 
Acids Res. 2014;42:e105.

	 97.	 Ramírez F, Ryan DP, Grüning B, Bhardwaj V, Kilpert F, Richter AS, et al. 
deepTools2: a next generation web server for deep-sequencing data 
analysis. Nucleic Acids Res. 2016;44:W160–5.

	 98.	 Kuksa PP, Liu CL, Fu W, Qu L, Zhao Y, Katanic Z, et al. Alzheimer’s disease 
variant portal: a catalog of genetic findings for Alzheimer’s disease. J 
Alzheimers Dis. 2022;86:461–77.

	 99.	 Bellenguez C, Grenier-Boley B, Lambert J-C. Genetics of Alzheimer’s 
disease: where we are, and where we are going. Curr Opin Neurobiol. 
2020;61:40–8.

	100.	 Gouveia C, Gibbons E, Dehghani N, Eapen J, Guerreiro R, Bras J. 
Genome-wide association of polygenic risk extremes for Alzheimer’s 
disease in the UK Biobank. Sci Rep. 2022;12:8404.

	101.	 Thorvaldsdóttir H, Robinson JT, Mesirov JP. Integrative Genomics Viewer 
(IGV): high-performance genomics data visualization and exploration. 
Brief Bioinform. 2013;14:178–92.

	102.	 Berest I, Arnold C, Reyes-Palomares A, Palla G, Dindler-Rasmussen K, 
Giles H, et al. Quantification of differential transcription factor activity 
and multiomics-based classification into activators and repressors: dif-
fTF. Cell Reports. 2019;29:3147–59.

	103.	 Cao Y, Kitanovski S, Hoffmann D. intePareto: an R package for integrative 
analyses of RNA-Seq and ChIP-Seq data. BMC Genomics. 2020;21:802.

	104.	 Cummings J, Lee G, Zhong K, Fonseca J, Taghva K. Alzheimer’s disease 
drug development pipeline: 2021. A&D Transl Res & Clin Interv. 2021;7.

	105.	 Fang J, Zhang P, Wang Q, Chiang C-W, Zhou Y, Hou Y, et al. Artificial intel-
ligence framework identifies candidate targets for drug repurposing in 
Alzheimer’s disease. Alzheimer’s Res Ther. 2022;14:7.

	106.	 Zhou Y, Fang J, Bekris LM, Kim YH, Pieper AA, Leverenz JB, et al. AlzGPS: a 
genome-wide positioning systems platform to catalyze multi-omics for 
Alzheimer’s drug discovery. Alzheimer’s Res Ther. 2021;13:24.

	107.	 Gu Z, Gu L, Eils R, Schlesner M, Brors B. circlize Implements and 
enhances circular visualization in R. Bioinformatics. 2014;30:2811–2.

	108.	 Campion D, Flaman J-M, Brice A, Hannequin D, Dubois B, Martin C, et al. 
Mutations of the presenilin I gene in families with early-onset Alzhei-
mer’s disease. Hum Mol Genet. 1995;4:2373–7.

	109.	 Fraser J, Essebier A, Brown AS, Davila RA, Harkins D, Zalucki O, et al. 
Common regulatory targets of NFIA, NFIX and NFIB during postnatal 
cerebellar development. Cerebellum. 2020;19:89–101.

	110.	 Thakurela S, Tiwari N, Schick S, Garding A, Ivanek R, Berninger B, et al. 
Mapping gene regulatory circuitry of Pax6 during neurogenesis. Cell 
Discov. 2016;2:1–22.

	111.	 Tutukova S, Tarabykin V, Hernandez-Miranda LR. The role of neurod 
genes in brain development, function, and disease. Front Mol Neurosci. 
2021;14:662774.

	112.	 Agoston Z, Heine P, Brill MS, Grebbin BM, Hau A-C, Kallenborn-Gerhardt 
W, et al. Meis2 is a Pax6 co-factor in neurogenesis and dopaminergic 
periglomerular fate specification in the adult olfactory bulb. Develop-
ment. 2014;141:28–38.

	113.	 Lonze BE, Ginty DD. Function and regulation of CREB family transcrip-
tion factors in the nervous system. Neuron. 2002;35:605–23.



Page 19 of 20Valdes et al. Alzheimer’s Research & Therapy            (2025) 17:5 	

	114.	 Aguado F, Díaz-Ruiz C, Parlato R, Martínez A, Carmona MA, Bleckmann 
S, et al. The CREB/CREM transcription factors negatively regulate 
early synaptogenesis and spontaneous network activity. J Neurosci. 
2009;29:328–33.

	115.	 Scarpulla RC. Nucleus-encoded regulators of mitochondrial function: 
Integration of respiratory chain expression, nutrient sensing and meta-
bolic stress. Biochim Biophys Acta. 2012;1819:1088–97.

	116.	 Li Z, Cogswell M, Hixson K, Brooks-Kayal AR, Russek SJ. Nuclear Respira-
tory Factor 1 (NRF-1) controls the activity dependent transcription 
of the GABA-A Receptor Beta 1 subunit gene in neurons. Front Mol 
Neurosci. 2018;11:285.

	117.	 Zhang H, Liu C-Y, Zha Z-Y, Zhao B, Yao J, Zhao S, et al. TEAD transcrip-
tion factors mediate the function of TAZ in cell growth and epithelial-
mesenchymal transition. J Biol Chem. 2009;284:13355–62.

	118.	 Currey L, Thor S, Piper M. TEAD family transcription factors in develop-
ment and disease. Development. 2021;148:dev196675.

	119.	 Sadasivam S, DeCaprio JA. The DREAM complex: Master coordinator of 
cell cycle dependent gene expression. Nat Rev Cancer. 2013;13:585–95.

	120.	 Doody GM, Care MA, Burgoyne NJ, Bradford JR, Bota M, Bonifer C, et al. 
An extended set of PRDM1/BLIMP1 target genes links binding motif 
type to dynamic repression. Nucleic Acids Res. 2010;38:5336–50.

	121.	 Ballas N, Grunseich C, Lu DD, Speh JC, Mandel G. REST and its core-
pressors mediate plasticity of neuronal gene chromatin throughout 
neurogenesis. Cell. 2005;121:645–57.

	122.	 Guillemot F, Hassan BA. Beyond proneural: emerging functions and 
regulations of proneural proteins. Curr Opin Neurobiol. 2017;42:93–101.

	123.	 Duclot F, Kabbaj M. The Role of Early Growth Response 1 (EGR1) in 
brain plasticity and neuropsychiatric disorders. Front Behav Neurosci. 
2017;11:35.

	124.	 Debnath P, Huirem RS, Dutta P, Palchaudhuri S. Epithelial–mesenchymal 
transition and its transcription factors. Biosci Rep. 2021;42:BSR20211754.

	125.	 Jalali A, Bassuk AG, Kan L, Israsena N, Mukhopadhyay A, McGuire T, et al. 
HeyL promotes neuronal differentiation of neural progenitor cells. J 
Neurosci Res. 2011;89:299–309.

	126.	 Mancinelli S, Vitiello M, Donnini M, Mantile F, Palma G, Luciano A, et al. 
The transcription regulator Patz1 Is essential for neural stem cell main-
tenance and proliferation. Front Cell Dev Biol. 2021;9:657149.

	127.	 Tuesta LM, Djekidel MN, Chen R, Lu F, Wang W, Sabatini BL, et al. 
In vivo nuclear capture and molecular profiling identifies Gmeb1 as a 
transcriptional regulator essential for dopamine neuron function. Nat 
Commun. 2019;10:2508.

	128.	 Díaz-Ruiz C, Parlato R, Aguado F, Ureña JM, Burgaya F, Martínez A, et al. 
Regulation of neural migration by the CREB/CREM transcription factors 
and altered Dab1 levels in CREB/CREM mutants. Mol Cell Neurosci. 
2008;39:519–28.

	129.	 Chouchane M, Costa MR. Instructing neuronal identity during CNS 
development and astroglial-lineage reprogramming: roles of NEUROG2 
and ASCL1. Brain Res. 2019;1705:66–74.

	130.	 Kewley RJ, Whitelaw ML, Chapman-Smith A. The mammalian basic 
helix–loop–helix/PAS family of transcriptional regulators. Int J Biochem 
Cell Biol. 2004;36:189–204.

	131.	 Bruse N and van Heeringen SJ, GimmeMotifs: an analysis framework for 
transcription factor motif analysis, bioRxiv, 2018. https://​www.​biorx​iv.​
org/​conte​nt/​10.​1101/​47440​3v1.​full. https://​doi.​org/​10.​1101/​474403.

	132.	 Eysert F, Coulon A, Boscher E, Vreulx A-C, Flaig A, Mendes T, et al. Alz-
heimer’s genetic risk factor FERMT2 (Kindlin-2) controls axonal growth 
and synaptic plasticity in an APP-dependent manner. Mol Psychiatry. 
2021;26:5592–607.

	133.	 Park YH, Pyun J-M, Hodges A, Jang J-W, Bice PJ, Kim S, et al. Dysregu-
lated expression levels of APH1B in peripheral blood are associated 
with brain atrophy and amyloid-β deposition in Alzheimer’s disease. 
Alzheimer’s Res Ther. 2021;13:183.

	134.	 Shirotani K, Haass C, Steiner H. P3–391: APH–1 variants differentially 
contribute to γ–secretase complex assembly and enzymatic activity. 
Alzheimer’s Dement. 2006;2:S490–1.

	135.	 Fassler M, Benaim C, George J. TREM2 agonism with a monoclonal 
antibody attenuates tau pathology and neurodegeneration. Cells. 
2023;12:1549.

	136.	 Butzlaff M, Hannan SB, Karsten P, Lenz S, Ng J, Voßfeldt H, et al. Impaired 
retrograde transport by the Dynein/Dynactin complex contributes to 
Tau-induced toxicity. Hum Mol Genet. 2015;24:3623–37.

	137.	 Inoue T, Ota M, Ogawa M, Mikoshiba K, Aruga J. Zic1 and Zic3 regulate 
medial forebrain development through expansion of neuronal progeni-
tors. J Neurosci. 2007;27:5461–73.

	138.	 Tchieu J, Calder EL, Guttikonda SR, Gutzwiller EM, Aromolaran KA, 
Steinbeck JA, et al. NFIA is a gliogenic switch enabling rapid deriva-
tion of functional human astrocytes from pluripotent stem cells. Nat 
Biotechnol. 2019;37:267–75.

	139.	 Zetterberg H, Bendlin BB. Biomarkers for Alzheimer’s disease – prepar-
ing for a new era of disease-modifying therapies. Mol Psychiatry. 
2021;26:296–308.

	140.	 Hua X, Church K, Walker W, L’Hostis P, Viardot G, Danjou P, et al. Safety, 
tolerability, pharmacokinetics, and pharmacodynamics of the positive 
modulator of HGF/MET, fosgonimeton, in healthy volunteers and 
subjects with Alzheimer’s disease: randomized, placebo-controlled, 
double-blind, Phase I clinical trial. J Alzheimers Dis. 2022;86:1399–413.

	141.	 Sumien N, Wells MS, Sidhu A, Wong JM, Forster MJ, Zheng Q-X, et al. 
Novel pharmacotherapy: NNI-362, an allosteric p70S6 kinase stimulator, 
reverses cognitive and neural regenerative deficits in models of aging 
and disease. Stem Cell Res Ther. 2021;12:59.

	142.	 Hernandez GD, Solinsky CM, Mack WJ, Kono N, Rodgers KE, Wu C, et al. 
Safety, tolerability, and pharmacokinetics of allopregnanolone as a 
regenerative therapeutic for Alzheimer’s disease: a single and multiple 
ascending dose phase 1b/2a clinical trial. Alzheimers Dement (N Y). 
2020;6:e12107.

	143.	 Knowles J. Donepezil in Alzheimer’s disease: an evidence-based 
review of its impact on clinical and economic outcomes. Core Evid. 
2006;1:195–219.

	144.	 Huang L, Lin J, Xiang S, Zhao K, Yu J, Zheng J, et al. Sunitinib, a clinically 
used anticancer drug, Is a Potent AChE inhibitor and attenuates cogni-
tive impairments in mice. ACS Chem Neurosci. 2016;7:1047–56.

	145.	 Pagan FL, Torres-Yaghi Y, Hebron ML, Wilmarth B, Turner RS, Matar S, 
et al. Safety, target engagement, and biomarker effects of bosutinib in 
dementia with Lewy bodies. Alzheimers Dement (N Y). 2022;8:e12296.

	146.	 Rusek M, Smith J, El-Khatib K, Aikins K, Czuczwar SJ, Pluta R. The role 
of the JAK/STAT signaling pathway in the pathogenesis of alzheimer’s 
disease: new potential treatment target. Int J Mol Sci. 2023;24:864.

	147.	 Lee HC, Hamzah H, Leong MPY, Md Yusof H, Habib O, Zainal Abidin S, 
et al. Transient prenatal ruxolitinib treatment suppresses astrogenesis 
during development and improves learning and memory in adult mice. 
Sci Rep. 2021;11:3847.

	148.	 Ignatenko O, Malinen S, Rybas S, Vihinen H, Nikkanen J, Kononov A, 
et al. Mitochondrial dysfunction compromises ciliary homeostasis in 
astrocytes. J Cell Biol. 2022;222:e202203019.

	149.	 Ma R, Kutchy NA, Chen L, Meigs DD, Hu G. Primary cilia and ciliary 
signaling pathways in aging and age-related brain disorders. Neurobiol 
Dis. 2022;163:105607.

	150.	 Sauka-Spengler T, Bronner-Fraser M. A gene regulatory network orches-
trates neural crest formation. Nat Rev Mol Cell Biol. 2008;9:557–68.

	151.	 Satoh J, Kawana N, Yamamoto Y. Pathway analysis of ChIP-Seq-Based 
NRF1 target genes suggests a logical hypothesis of their involvement in 
the pathogenesis of neurodegenerative diseases. Gene Regul Syst Bio. 
2013;7:139–52.

	152.	 Dhar SS, Wong-Riley MTT. Coupling of energy metabolism and synaptic 
transmission at the transcriptional level: role of nuclear respiratory Fac-
tor 1 in regulating both cytochrome c oxidase and NMDA glutamate 
receptor subunit genes. J Neurosci. 2009;29:483–92.

	153.	 Wang W, Zhao F, Ma X, Perry G, Zhu X. Mitochondria dysfunction in the 
pathogenesis of Alzheimer’s disease: recent advances. Mol Neurode-
gener. 2020;15:30.

	154.	 Arendt T. Alzheimer’s disease as a loss of differentiation control in a 
subset of neurons that retain immature features in the adult brain. 
Neurobiol Aging. 2000;21:783–96.

	155.	 Arendt T. Dysregulation of neuronal differentiation and cell cycle 
control in Alzheimer’s disease. In: Jellinger KA, Schmidt R, Windisch M, 
editors. Ageing and dementia current and future concepts. Springer: 
Vienna; 2002. p. 77–85.

	156.	 Neff RA, Wang M, Vatansever S, Guo L, Ming C, Wang Q, et al. Molecular 
subtyping of Alzheimer’s disease using RNA sequencing data reveals 
novel mechanisms and targets. Sci Adv. 2021;7:eabb5398.

	157.	 Sannerud R, Esselens C, Ejsmont P, Mattera R, Rochin L, Tharkesh-
war AK, et al. Restricted location of PSEN2/γ-secretase determines 

https://www.biorxiv.org/content/10.1101/474403v1.full
https://www.biorxiv.org/content/10.1101/474403v1.full
https://doi.org/10.1101/474403


Page 20 of 20Valdes et al. Alzheimer’s Research & Therapy            (2025) 17:5 

substrate specificity and generates an intracellular Aβ Pool. Cell. 
2016;166:193–208.

	158.	 Fung S, Smith CL, Prater KE, Case A, Green K, Osnis L, et al. Early-
onset familial alzheimer disease Variant PSEN2 N141I heterozygosity 
is associated with altered microglia phenotype. J Alzheimer’s Dis. 
2020;77:675–88.

	159.	 Nam H, Lee Y, Kim B, Lee J-W, Hwang S, An H-K, et al. Presenilin 2 N141I 
mutation induces hyperactive immune response through the epige-
netic repression of REV-ERBα. Nat Commun. 2022;13:1972.

	160.	 Chávez-Gutiérrez L, Bammens L, Benilova I, Vandersteen A, Benurwar M, 
Borgers M, et al. The mechanism of γ-Secretase dysfunction in familial 
Alzheimer disease. EMBO J. 2012;31:2261–74.

	161.	 Dehury B, Somavarapu AK, Kepp KP. A computer-simulated mechanism 
of familial Alzheimer’s disease: Mutations enhance thermal dynam-
ics and favor looser substrate-binding to γ-secretase. J Struct Biol. 
2020;212:107648.

	162.	 Pimenova AA, Goate AM. Novel presenilin 1 and 2 double knock-out 
cell line for in vitro validation of PSEN1 and PSEN2 mutations. Neurobiol 
Dis. 2020;138:104785.

	163.	 Zeng F, Lu J-J, Zhou X-F, Wang Y-J. Roles of p75NTR in the pathogenesis 
of Alzheimer’s disease: a novel therapeutic target. Biochem Pharmacol. 
2011;82:1500–9.

	164.	 Nandakumar S, Rozich E, Buttitta L. Cell cycle re-entry in the nervous 
system: from polyploidy to neurodegeneration. Front Cell Dev Biol. 
2021;9:698661.

	165.	 Sweeney K, Cameron ER, Blyth K. Complex interplay between the RUNX 
transcription factors and Wnt/β-catenin pathway in cancer: a tango in 
the night. Mol Cells. 2020;43:188–97.

	166.	 Antonell A, Lladó A, Altirriba J, Botta-Orfila T, Balasa M, Fernández M, 
et al. A preliminary study of the whole-genome expression profile of 
sporadic and monogenic early-onset Alzheimer’s disease. Neurobiol 
Aging. 2013;34:1772–8.

	167.	 Ramos DM, Skarnes WC, Singleton AB, Cookson MR, Ward ME. Tackling 
neurodegenerative diseases with genomic engineering: a new stem 
cell initiative from the NIH. Neuron. 2021;109:1080–3.

	168.	 Fitzgerald MQ, Chu T, Puppo F, Blanch R, Chillón M, Subramaniam S, 
et al. Generation of ‘semi-guided’ cortical organoids with complex 
neural oscillations. Nat Protoc. 2024;19:2712–38.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


	Integrative multiomics reveals common endotypes across PSEN1, PSEN2, and APP mutations in familial Alzheimer’s disease
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Methods
	hiPSC neuron generation
	RNA-seq and data processing
	Neuron cell type marker analysis
	tSNE Clustering analysis
	TF activity analysis
	Gene set enrichment and pathway analysis
	Differential co-expression modular network analysis
	Combined TF-gene regulatory and PPI network construction
	ATAC-seq and data processing
	ATAC-seq TF activity and enrichment analysis
	ATAC-seq GWAS loci analysis
	Integrated analysis of RNA-seq and ATAC-seq data
	Integrated drug target analysis of RNA-seq and ATAC-seq data

	Results
	Discussion
	Acknowledgements
	References




