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The findings documented here are interesting and valuable with respect to revealing
genetic players that may underlie AD. However, there are concerns related to the analysis
pipeline and the basic assumptions underlying the modelling. There is an overarching lack
of controls in terms of comparator diseases and/or positive and negative control findings;
hence, the main claims are only partially supported, and the study is incomplete.

https://doi.org/10.7554/eLife.112232.1.sa3

Abstract

Although genome-wide association studies (GWAS) have identified numerous dementia risk loci,
their cell-type and tissue-specific contexts remain largely unresolved. We introduced HPA GeneSet
Explorer, a statistical pipeline designed to systemically map Genome wide association study
(GWAS) disease risk genes across the Human Protein Atlas (HPA). This approach generates a
multiscale transcriptomic map of genetic risk, spanning systemic organs, brain regions, and cell
types. Applying this framework to Alzheimer’s disease (AD), Lewy body dementia (DLB), and
Frontotemporal dementia (FTD) revealed convergent neuronal enrichment in all three diseases. In
addition, we identified AD-specific enrichment in immune system and liver associated gene
modules, along with DLB-specific enrichment in ciliary modules. By mapping these vulnerabilities
in non-demented samples, we provide a blueprint of the baseline vulnerability hotspots that can
precede clinical neurodegeneration, offering new targets for disease-specific therapies and
biomarker discovery.

Introduction

Dementia encompasses a spectrum of age-related conditions defined by irreversible progressive
cognitive and memory decline. These impairments result from degeneration of neuronal
populations and connections that drive cognitive functions. Neurodegenerative disorders are
characterized by distinct neuropathological features with overlap in affected brain circuits. This
results in overlapping clinical symptoms, complicating diagnosis and identification of disease-
specific mechanisms (Livingston et al., 2024 ).

The molecular features associated with these disorders are dominated by disease specific
proteinopathies. Alzheimer’s disease (AD) is characterized by aggregated intracellular tangles of
hyperphosphorylated tau and extracellular plaques containing f-amyloid (Af). In contrast,
dementia with Lewy bodies (DLB) and Parkinson’s disease (PD) are characterized by aggregates of
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a-synuclein (a-syn), whereas frontotemporal dementia (FTD) can be divided in variants with
primarily pathological inclusions of tau, TAR DNA-binding protein 43 (TDP-43), or the rarer variant
with FUS (fused in sarcoma) (Bahia et al., 2013 ; Wilson et al., 2023 ). Despite decades of
research into these markers and their role in pathogenesis and disease progression, disease-
modifying therapies targeting main proteinopathies in dementia fail in preclinical stages or have
so far shown very little effect on cognitive decline, as in the case of AS targeting antibody
therapies (Espay et al., 2024 (%). This gap in treatment stems, in part, from a fundamental paradox:
while several of these proteins aggregate in disease and degenerate distinct brain circuits, they are
also ubiquitously expressed throughout the nervous system and periphery (as shown in the HPA
gene pages 1 link 1-4).

Familial and early onset disease variants provide valuable insights into disease etiology. The rare
cases of familial early onset dementia are typically linked to autosomal dominant mutations with
high penetrance, such as those in amyloid beta precursor protein (APP), presenilin 1 (PSEN1), and
presenilin 2 (PSEN2) for AD, or synuclein alpa (SNCA) and leucine rich repeat kinase 2 (LRRK2) in
DLB and PD, or C9orf72, microtubule associated protein tau (MAPT), and progranulin (GRN) in FTD.
Mechanistically, these mutations drive pathology by either increasing the aggregation propensity
of proteins, altering their proteolytic processing, or exhausting the cellular protein quality control
system (Wilson et al., 2023 (7). However, these familial variants represent only a minor proportion
of the total patient population. The majority of dementia cases are sporadic and have a complex

2011@; Orme et al., 2018 @2 ; Rohrer et al., 2009 @ ; Wirdefeldt et al., 2011 ).

To untangle the complex genetic architecture of sporadic cases, Genome-Wide Association Studies
(GWAS) have identified hundreds of loci associated with altered disease risk. GWAS are based on
genome-wide detection of genetic variants, most commonly single nucleotide polymorphisms
(SNPs). These studies are in large populations to link SNPs with disease or disease-related traits.
Risk variants are associated with an increased risk of disease, but their causative effects are often
low or modest, of low penetrance, and although these mutations increase vulnerability, they
require other genetic (polygenic risk) or environmental factors to initiate or progress disease.
Nevertheless, these extended lists of disease-associated risk genes provide valuable clues to the
disturbed biological pathways and cellular processes that drive pathology. Several GWAS on AD
have been published and together with large-scale meta-analyses have provide integrated lists of
disease-associated genes. In summary, risk genes associated with AD are enriched for protein
coding genes involved in Af processing, structural and cytoskeletal proteins, lipid metabolism,
oxidative stress and immune responses, particularly microglia (Bellenguez et al., 2022 (% ; Zhang et
al., 20233 ; Kunkle et al., 2019 ; Sherva et al., 2025 3). Alphasynucleinopathies such as PD,
Parkinson’s disease dementia, and DLB show a genetic risk enriched in components of protein
degradation pathways and lipid associated pathways (Fanning et al., 2020 2 ; Sanghvi et al.,

2020 ). The few studies investigating genetic risk factors associated with FTD highlight the role of
the immune system (HLA locus), lysosomal functions, glucocorticoid signaling, RNA processing,
and protein degradation (Ferrari et al., 2014 (Z; Broce et al., 20183 ; Mishra et al., 2017 @2; Raffaele
et al., 2019 (). Notably, many risk genes for FTD are also associated with amyotrophic lateral

sclerosis (ALS), a neurodegenerative disease that affects motor neurons in the spinal cord and
brainstem, suggesting shared pathological processes and selective vulnerability (Raffaele et al.,

vulnerability and the extent to which these genetic risks converge across different dementias
remain unresolved. Characterizing the expression patterns of these risk genes is therefore
essential to move beyond statistical associations and toward a systems level mechanistic
understanding of neurodegeneration.

To address these challenges, we developed the HPA GeneSet Explorer pipeline, a computational
framework designed to map the expression of GWAS-defined risk genes throughout the human
body. In this study, we used the pipeline to investigate three diseases that lead to dementia, namely
AD, DLB/PD, and FTD/ALS. Using data from the Human Protein Atlas (HPA), our approach utilizes
human, non-disease, gene expression profiles to identify vulnerability signatures and their
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extended molecular network. This strategy bypasses the limitations of disease tissue, where
terminal neurodegeneration often obscures the initial drivers of vulnerability. Through this
pipeline, we characterize the enrichment of dementia risk genes across biological scales; i) organs
and tissues, ii) brain regions, and iii) cell types. The pipeline further organizes risk genes based on
enrichment into functional gene modules, again at the mesoscopic levels of body, brain, and cell
types. By applying this deconvolution approach in combination with functional enrichment
analysis, we identify widespread molecular processes and define those uniquely associated with
dementia-susceptible networks and disease-specific signatures describing vulnerabilities and
points of clinical intervention.

Results

To resolve the genetic risk at the level of cell and systemic mechanisms in dementia, we developed
the HPA GeneSet Explorer, a statistical framework designed to integrate GWAS-identified risk
genes with the HPA. This approach allowed us to map the genetic vulnerability of AD, DLB/PD
(hereafter mentioned only as DLB), and FTD/ALS (hereafter mentioned only as FTD) across a
multiscale transcriptomic landscape. The HPA provides classification of genes based on co-
expression analysis, for a multiscale approach we utilize three HPA datasets. The data
encompasses enrichment of genes in tissues and organs, brain regions, and cells as well as gene
modules containing genes with shared distribution patterns across biological scales (that are
visualized in UMAPs, HPA links 5-7 in 1). The significance of enrichment of gene modules was
assessed using a tiered framework of Fisher test significant fold enrichment (p,,ominqr < 0.05 and
false discovery rate (FDR) pggjysteq < 0-1) and Monte Carlo simulations of enrichment (108
permutations, Pempiricar < 0-05), ensuring a balance between stringent error control and the
sensitivity to capture subtle biological signals.

Dementia risk genes are often disease-specific, yet their
expression patterns are broadly distributed across tissues, brain
regions, and cell types

Ontology-based searches in the GWAS Catalog were used for the data retrieval step of the HPA
GeneSet Explorer pipeline and resulted in 530 AD, 318 DLB, and 230 FTD risk genes, respectively.
After selecting genes of significance p < 1-10™> and mapping to the three HPA resources (for details,
see Methods), the final datasets included 453 AD, 278 DLB, and 219 FTD risk genes, as shown in
panel A 1. Neurodegenerative diseases are known to share several pathological mechanisms, but
the risk gene-sets of the investigated dementias appear to be disease-specific, as shown in panel A
1. The limited overlap of risk genes indicates disease-specific genetic architectures and that each
disorder is driven by distinct molecular systems. However, two risk genes are shared between AD,
DLB and FTD, major histocompatibility complex, class II, DR alpha (HLA-DRA) and major
histocompatibility complex, class II, DR beta 5 (HLA-DRBS5). Both genes are enriched in
macrophages of the central nervous system (CNS) and are not specific to any brain region (see 1
HPA-links 8 and 9). In general, the investigated dementia risk genes are not selectively expressed
in the brain, peripheral tissues, or specific to a certain type of brain cell, but broadly expressed in
several tissues and organs, as shown in panel B-D 1 and 1. However, among the small subset of
genes that showed enrichment, brain enrichment is the most common in all dementias. Together,
these findings reveal that the genetic risk of dementia is shaped by disease-specific molecular
networks of widely distributed gene expression.

The HPA tissue, brain region, and single cell data provides classification of genes individually and
based on co-expression analysis at the different biological scales. The resulting gene modules are
visualized in UMAPs together with annotations of specificity and/or function of the related protein,
based on over representation analysis using several biological databases as well as tissue/brain
region/ cell type specific information. Of the filtered risk gene-sets, 232 AD, 101 DLB, and 77 FTD
risk genes were enriched at p,ominagt < 0-05, in a gene module in at least one of the three biological
scales (a total of 396 unique genes). For visualization of risk genes in the separate UMAPSs see

Husén et al., 2026 eLife 15:RP112232. https://doi.org/10.7554/eLife.112232.1 30f34


https://doi.org/10.7554/eLife.112232.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

::"0.:‘ eLife Neuroscience

4,5,and 6. However, 132 AD, 56 DLB, and 34 FTD risk genes were significant at p,gjs¢eq < 0.1.
Although the total number of enriched modules varied by disease and resolution, a consistent core
of gene module signatures emerged.

Gene modules enriched with disease risk genes, whether nominal, FDR adjusted, and/or empirical
significance, were used to define disease-specific gene signatures. Together, the nominal, FDR, and
Monte Carlo significant modules paint a consensus picture that converges on a set of biologically
coherent signatures that form the basis for subsequent drug target and repurpose analysis. Gene
modules will from now on be referred to as modules.

The neuronal risk signature: dementias share risk gene
enrichment in neuronal signaling

In line with neuronal degeneration in dementia, significant enrichment of risk genes from all
three dementias was identified in modules associated with neuronal signaling. As shown in panel
E-F of 2, 3, and 6, two modules associated to neuronal signaling/synaptic function (cell modules 65
and 34) are enriched in AD, DLB, and FTD. A third neuronal signaling module (module 69) also
showed enrichment, but only converging AD and FTD. The neuronal signaling risk signature is
further reinforced by enrichment in tissue and brain modules, based on Monte Carlo simulations
and nominal fold enrichment, associated with neurons (tissue: module 64 for AD, 61 and 65 for
DLB, and 22 FTD; brain region: module 38 for AD and FTD, module 53 for FTD and DLB, and 2 for
DLB), as shown in panel A of 2, as Monte Carlo simulation output in 1 and 3, and in the specific
UMAP projections in 4 and 6. Taken together, 186 unique dementia risk genes make up the
neuronal signaling signature, specifically 82 AD (35% of all enriched AD genes), 62 DLB(61% of all
enriched DLB risk genes), and 53 FTD (69% of all FTD risk genes) risk genes respectively. These
results indicate a cross-dementia vulnerability in neuronal gene-regulatory processes, particularly
in networks involved in synaptic communication and maintenance.

AD immune risk signature: AD risk genes are enriched in modules
associated to immune cells specific of both the periphery and the
CNS

In contrast to both DLB and FTD, AD risk genes were enriched in modules specific to peripheral
and CNS immune cells. The risk signature is a consensus of both FDR and Monte Carlo enrichment
and centered on the AD risk gene specific enrichment. As shown in panel C-F of 2, 1 and 2 AD risk
genes are enriched in modules associated with B-cells (cell module 73) and CNS macrophages and
microglia (brain module 20). Furthermore, based on Monte Carlo simulations and nominal fold
enrichment, the macrophage-associated module (cell module 58) is also part of the signature, as
shown in panel E-F of 2 and 3. These enrichment encompasses 45 of the AD risk genes (19% of the
module enriched AD genes, Ppominat < 0-05). 7 additional genes (out of the nominally enriched AD
risk genes) were identified to be enriched or enhanced in immune cell populations and tissues,
although not assigned to immune modules (see 1, HPA links 10-18). AD risk genes are enriched in
immune cells and several AD risk genes encode immune system components, no modules
associated with immune tissues (such as the thymus) are enriched by AD risk genes. Together,
these data suggest an immune vulnerability signature in AD, that is not brain specific but shared
with other tissue resident immune cells.

AD liver associated risk signature: AD risk genes are enriched in
liver associated gene modules and the signature has overlaps with
the immune gene signature

Beyond the immune risk signature, an AD liver associated risk gene signature becomes apparent,
which is not present in DLB or FTD. As seen in tisssue modules p,,ominq f0ld enrichment and
Monte Carlo simulations, shown in panel A-B of 2 and 3, the liver metabolism and liver plasma
protein associated modules (tissue modules 83 and 11) are enriched by AD risk genes and
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Figure 1. Dementia risk genes exhibited broad systemic expression.

A: Venn diagram visualizing the number of filtered risk genes and their overlap across diseases (AD: red, DLB: blue, and FTD:
green). B-D: Pie charts depicting the degree of specificity of the neurodegenerative disease risk genes at tissue, brain region,
and cell level (again AD: red, DLB: blue, and FTD: green). The specificity categories from highest to lowest specificity are
defined as: tissue/brain region/cell type enriched entails > four-fold higher mRNA level in that tissue/brain region/cell type
compared to all other tissue/brain region/cell type; group enriched entails > four-fold higher average mRNA level in a group
of 2-5 tissues/brain regions or 2-10 cell types compared to all other; tissue enhanced entails > four-fold higher mRNA level in
a particular tissue/brain region/cell type compared to average level in all other; and low tissue/brain region/cell type
specificity mRNA is detected but the levels are not elevated in any tissue/brain region/ cell type compared to the other. See 1
for the specific compartments of the enriched genes.

Husén et al., 2026 eLife 15:RP112232. https://doi.org/10.7554/eLife.112232.1 50f 34


https://doi.org/10.7554/eLife.112232.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

= eLife

Neuroscience

empirically stable. There are two other liver associated modules (tissue module 31 and cell module
62) that are enriched by AD risk genes at nominal significance and included in the liver associated
signature, but these are not verified by Monte Carlo simulation or FDR corrected fold enrichment.
Since there are several separate liver associated modules in the tissue UMAP dataset, there is a risk
that this fragmentation dilutes the biological signal thus increasing the power needed for a
measurable enrichment. In total 28 unique genes (12% of the module enriched AD risk genes)
were part of the liver and hepatocyte modules. Worth noting is that all AD risk genes enriched in
the hepatocyte cell module were also part of the liver associated tissue modules, except scavenger
receptor class B member 1 (SCARB1). SCARB1 has enriched or enhanced expression in both
hepatocytes and the liver resident macrophages, Kupffer cells, but the gene is not included in any
of the liver associated tissue modules (see 1 link 19). Additionally, of all AD risk genes that are part
of modules enriched at pominar < 0.05, five genes (apolipoportein E,APOE; acid phosphatase 2
lysosomal, ACP2; FAM20C golgi associated secretory pathway kinase, FAM20C; interleukin 6
receptor, IL6R; and tumor protein P53 inducible nuclear protein 1, TP53INP1) have enhanced
expression in the liver and/or hepatocytes, although none of them are part of liver associated
modules (see 1, HPA links 20-24). These five genes are instead part of modules related to
vasculature, astrocytes, macrophages and microglia, and sub-cortical (brain module 12, 19, 20, and
38) as well as cell modules of B-cells and macrophages (cell module 73 and 58).

Although the immune and liver associated AD risk signatures seem to define different
vulnerability hotspots, they are not entirely isolated. A group of AD risk genes are enriched in
modules associated with liver, hepatocytes and immune cells combined, and this kind of overlap is
not present between other risk signatures. The group includes genes involved in general metabolic
functions including lipid metabolism, such as apolipoprotein C2 (APOC2), ATP binding cassette
subfamily A member 1 (ABCA1), apolipoprotein C1(APOC1), and lipase C, hepatic type (LIPC). The
gene ontology terms of both risk signatures are centered on triglycerides and lipoproteins.
However, when analyzing the expression of these themes within brain cells (according to spatial
transcriptomics of frontal cortex, 1 link 25) the immune signature genes are mainly expressed by
microglia, while the liver associated signature genes are low abundant and not restricted to a
single brain cell type (see 7). The overlap between the signatures partially includes genes
expressed by tissue resident immune cells in the liver (Kupffer cells) and brain (microglia) genes.
When exploring liver associated module enrichment, 19 AD risk genes were identified with
expression in Kupffer cells in the periphery and in CNS macrophages and microglia. These include
genes involved in functions related to lipoprotein clearance and triglyceride efflux and indicate
that cellular process are involved in the initiation and/or progression of the AD. Although there is
overlap, more than half of the liver associated risk signature genes are part of liver associated
modules and not immune, such as protein phosphatase 1 regulatory subunit 3B (PPP1R3B), NHL
repeat containing 3 (NHLRC3), O-6-methylguanine-DNA methyl-transferease (MGMT), and
coagulation factor II, thrombin (F2), indicating that these are specifically involved in other
biological processes than immune, more specific to liver function.

DLB cilia risk signature: DLB risk genes are significantly enriched
in gene modules associated to cilia function

In contrast to AD and FTD, DLB risk genes display a mesoscopic risk signature associated with cilia
and cell polarity. 17 of the DLB risk genes (17% of the module enriched DLB risk genes, p,ominat <
0.05) are enriched in modules linked to cilia-related processes at both tissue and cell type level.
The module associated to cilia of retina and testis (tissue module 39) is consensus enriched and the
bipolar cell module (cell module 25) is enriched by DLB risk genes according to Monte Carlo
simulations and nominal fold enrichment, as shown in panel A-B,E-F of 2, 1, and 3. The tissue
module for cilia is defined by gene ontology terms associated to cilia and visual perception and the
bipolar cell module is defined by gene ontology terms associated to membrane, dendrites, and
synapses. Even though this module is not annotated as cilia specific, its genes cover conserved
cellular processes associated with cilia such as vesicle transport, membrane organization, and
regulation of signal transduction. These systems are integral to polarity- and cilia-associated
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Figure 2. Risk gene fold enrichment across tissue, brain region, and cell gene modules.

A and B show tissue module data, C and D brain region mouel data, and E and F cell-type module data. Panels A, C, and E are
dot plots depicting the fold enrichment and p-value per module. Each dot represents one module, x-axis is fold enrichment,
and y-axis is -log p-value. Dots colored red (AD), blue (DLB), and green (FTD) represent enrichment of pggjysteq < 0.1, while
yellow points represent enriched modules of significance p,,minas < 0.05. Panel B,D, and F are venn diagrams illustrating the
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while visualizing similarities and differences across dementias. For enrichment values based on Monte Carlo simulation see 1,
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cellular mechanisms. Consequently, these modules were grouped within a broader gene signature
associated with cilia, reflecting a shared reliance on ciliary-mediated processes rather than organ-
specific annotation. Collectively, these modules constitute a DLB-specific vulnerability signature of
ciliary-dependent functions.

Several drugs target dementia risk gene modules leaving a large
pharmaceutical potential, as currently only a small fraction have
neurodegenerative indications

To evaluate the translational potential of the identified risk signatures, we investigated the overlap
between risk genes and drug targets. From this analysis, 1,777 drugs that target the gene products
that make up any of the modules enriched by disease risk genes (p < 0.05, all the modules noted in
2 on all the biological scales, tissue/brain/cell) were extracted. The drugs were categorized based
on direct targeting of risk genes, targeting of risk associated modules, and drugs used for
treatment of neurodegenerative disorders or lipid regulation.

As shown in 3, 35 (2%) of the output drugs are used as treatment and symptom management of
neurodegenerative diseases, including drugs such as Lecanemab, Levodopa, and Nicergoline (for
detailed informatino see Druggable_proteom_dementia.xlsx). Six neurodegenerative drugs target
AD specific risk gene products, five target DLB specific risk genes, and one targets AD and DLB
specific risk gene products. In total, three anesthetics target risk genes across the three dementias:
Sevoflurane, Halothane, and Desflurane. Their overlapping target profiles specifically include gene
products of: gamma-aminobutyric acid type A receptor subunit gamma3 (GABRG3) (AD), gamma-
aminobutyric acid type A receptor subunit gamma2 (GABRG2) (DLB), and ATPase plasma membrane
Ca2+ transporting 2 (ATP2B2) (FTD), all of which are part of the respective neuronal risk gene
signature. The fact that these three drugs target the same three risk genes indicates that these
protein families are central in the anesthetic effect of the drugs but also further cements the
mutual neuronal risk gene signature. Moreover, the output drug list also contains several drugs
with repurposing potential and some that have been investigated for neurodegenerative diseases.
Such as the malaria drugs Amodiaquine and Hydroxychloroquine, which both target gene
products of modules in the immune risk signature, pass the blood brain barrier, and have been
investigated in AD (Matosevic et al., 2024 ; Varma et al., 2023(2). Another example is the
glucagon-like peptide 1 (GLP-1) and gastric inhibitory polypeptide (GIP) receptor agonist
Tirzepatide which has been implicated as a treatment in AD (Alshehri et al., 2025 (). Although our
findings associated Tirzepatide to the cilia risk signature so it may have a more targeted potential
in DLB and PD (Yang et al., 2024 3; Delvadia et al., 2025 (%). Additionally, lipid lowering drugs were
specifically observed in this analysis, due to lipid related immune and liver associated AD risk
signatures, and 40 drugs (2.2%) were found targeting dementia and risk signature modules. These
include classical drugs such as different statins which have previously been found to lower the
risk of dementia (Filho et al., 2025 ). However, several drugs in this list have not been directly
associated with dementia treatment. Our intersectional analysis reveals a substantial reservoir of
approved and experimental compounds targeting these risk-enriched networks. These findings
suggest that the genetic drivers behind the risk or vulnerability to dementia may be more
pharmacologically accessible than previously recognized, revealing numerous candidates for drug
repurposing.

Discussion

Identifying the initial molecular drivers of neurodegeneration remains a fundamental challenge,
as there are years between the onset of disease and the first manifestation of clinical symptom:s.
Although genetic risk for dementia generally is distributed across broadly expressed genes, our
findings demonstrate that disease-specific vulnerability emerges from selective convergence
within molecular and cellular networks. This architecture suggests that vulnerability for
neurodegerative disease is determined at the level of biological system dynamics, molecular
interactions, and environmental factors. Through our systems approach integrating genetic risk
with multiple-scale transcriptomic data, in the HPA GeneSet Explorer pipeline, enrichment was
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examined across increasing levels of biological organization, from individual genes and tissues,
brain regions, and cells to gene networks. This multi-scale approach uncovered robust genetic
hotspots that determine vulnerability to dementia.

Within this framework, shared neuronal vulnerability emerged in dementias despite a substantial
distinction between disease risk genes. Most dementia risk genes are specific to a single disease,
yet they are also broadly expressed across the body, implicating an involvement in core cellular
processes rather than tissue restricted functions. Despite this wide expression, enrichment
analysis revealed convergence of risk genes within neuronal and synaptic modules across
dementias. The three diseases share this signature, that is the central hotspot for FTD risk and may
be due to FTD and ALS having fewer GWAS based risk genes since they are more rare than both
DLB and AD. DLB vulnerability is neuronal intrinsic and not only centered on neuronal signaling
but also neuronal cell function through the cilia risk signature. In contrast, AD vulnerability is
defined by multi-system risk hotspots, ranging from neuronal signaling to immune cells and lipid
metabolism. We show that patterns of enrichment are weak at the level of individual genes or
anatomical compartments but become pronounced within modules. Importantly, while the
specific enriched modules of the neuronal signature are largely distinct between the diseases, they
reflect common functional themes related to neuronal signaling and synaptic function, indicating
that shared pathological states arise through disruption of related neuronal systems rather than
identical molecular networks. However, these shared genetic networks do not profile specific
disease vulnerability, but possibly neurodegenerative disease vulnerability or impaired disease
compensatory systems.

Beyond the shared neuronal signature, DLB exhibited a neuronal function-centric genetic
vulnerability pattern, with risk genes converging on modules related to cilia and neuronal
function. This finding aligns with prior work implicating perturbations of cilia in
synucleinopathies. For example, (Schmidt et al., 2022 (@) reported a PD-specific effect on cilia in
human induced pluripotent stem cell-derived neuronal progenitor cells from sporadic PD patients.
Identifying alterations in genes associated with primary cilia function and a shortening of primary
cilia length as early cellular alterations associated to mitochondrial dysfunction and disrupted
Sonic Hedgehog signaling (Schmidt et al., 2022 (%). These results posit that the cilia-associated risk
genes are causative vulnerabilities rather than secondary effects. Such alterations are further
corroborated by other studies and shown in postmortem tissue of sporadic and familial LRRK2 PD
in striatum (Khan et al., 2024 Z; Tian et al., 2024 2). Consistent with this, a-syn has been shown to
interfere with ciliogenesis and centrosome function, suggesting convergence on related cellular
systems (Igbal et al., 2020 ). Notably, the rod and cone photo receptor cells of the retina contain
large sensory cilia vital for physiological function, and a-syn pathology has also been observed in

Ruyter et al., 2023 (% ; Wensel et al., 2021 ). DLB risk genes uniquely converge on gene networks
associated with cilia function and cell polarity, distinguishing DLB from the other dementias
examined. While alterations in cilia-related systems have been reported in other
neurodegenerative diseases, only DLB risk genes showed significant and consistent enrichment
within cilia-associated networks in our analysis, highlighting these pathways as a disease-selective
axis of primary vulnerability in DLB (Serpieri et al., 2025 2).

Most strikingly, AD was characterized by the robust multi-system risk signatures, the shared
associated with neuronal signaling and the distinct signatures associated with liver and the
immune system. The liver and immune system associated hotspots overlap largely in the brain
module of macrophage and microglia (module 20), where several of the risk genes are enriched in
Kupffer cells and/or hepatocytes, implying a coordinated vulnerability architecture. There is
growing observational evidence linking liver function to AD onset and progression. Non-alcoholic
fatty liver disease (NAFLD) correlates with a higher risk of cognitive dysfunction and dementia, in
particular AD (Filipovi¢ et al., 20182 ; Weinstein et al., 2022 @3; Lu et al., 2024 ; Estrada et al.,
2019). In a longitudinal study, Yifei Lu et al found that mid-life NAFLD increases the risk of
dementia, while NAFLD later in life did not (Lu et al., 2024 ). An interesting cellular parallel

between NAFLD and AD pathology lies in the progressive loss or noradrenergic integrity. In
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Figure 3. UpSet plot of druggable gene targets across disease risk genes and risk signatures.

The drugs were categorized according to whether they have indications specific for neurodegneration or lowering lipid levels,
they target gene products of the dementia risk genes, target genes part of any module of the immune/liver/cilia/neuronal
associated risk signatures, and part of any gene module (not part of a risk signature) enriched by dementia risk genes (called
no category). Each set of horizontal bars represents a category of druggable gene products: disease risk genes (AD, DLB, and
FTD), specific drug indications (neurodegenerative disease or lipid lowering), any gene part of risk signature modules
(neuronal, immune, liver, and cilia), or no assigned category. Horizontal bars indicate the total number of unique drugs per
category. Vertical bars represent the size of each intersection, with dots and connecting lines below indicating which
categories overlap. Only combinations specific to > 2 drugs are shown in the plot. A total of 1777 drugs were analyzed, of
which only 35 have indications for neurodegnerative disease, and 40 a lipid-related indication. 809 drugs target gene
products of genes part of the neuronal risk signature, and the largest drug target overlap is between the neuronal and
immune risk signatures (n = 64), followed by neuronal and liver associated risk gene signatures (n = 58) and AD risk genes
and the liver associated gene signature (n = 51). Beyond the currently indicated treatments for neurodegeneration we
identified an extensive repertoire of experimental and approved compounds with targets mapping directly to the resolved
risk signatures, suggesting significant repurposing potential for dementias.
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coeruleus, the main input of noradrenaline to the CNS, which is one of the earliest sites of tau
pathology that undergoes sever noradrenergic neuronal loss in AD (Braak et al., 2011 (Z;
Weinshenker, 2018 %). But through what mechanisms could NAFLD contribute to AD? On the one
hand, the connection can be in sequence, e.g. through peripheral clearance of Af. Brubaker et al
investigated human blood samples and liver tissue to investigate peripheral AS clearance. They
proposed that AS can be cleared through immune adherence and bound to erythrocytes CR1,
which are then transported to the liver where Kupffer cells remove them from circulation
(Brubaker et al., 2017 ). However, Kupffer cells have currently not been linked to AD and AD risk
genes in humans, but are limited to isolated observations in murine experiments (Yuan et al.,

density lipoprotein receptor-related protein 1 (Kanekiyo and Bu, 2014 (%). Consequently, under
conditions of liver dysfunction, the loss of peripheral clearing may generate a systemic bottleneck,
sequentially accelerating accumulation of AS within the CNS and triggering resident immune cells
(Lue et al., 2001 ; Bianca et al., 1999 ; Ard et al., 1996 % ; Doens and Ferndndez, 2014 ). The
brain immune system, particularly microglia, has long been implicated as a key player in the
pathology and development of AD. In mouse models, several AD risk genes have been found to
impact microglia function and single nucleus transcriptomics have shown distinct transcriptomic
profiles depending on their proximity to Af or tau tangles in human AD samples (Sudwarts et al.,
2022 %; Wang et al., 2015 (2; Aikawa et al., 2019 Jay et al., 2017 Z; Xie et al., 20057 ; Gerrits et
al., 2021 (3). Perhaps these immune vulnerabilities in the CNS are exposed by liver dysfunction or
even by manifestation of peripheral immune vulnerabilities. On the other hand, the connection
can also be parallel, e.g. as both NAFLD and AD are associated with metabolic syndrome and
insulin-resistance (Monte and Wands, 2005 ; Song et al., 2025 ; Cheon and Song, 2022 @;
Zarghamravanbakhsh et al., 2021 &2). In 2005 Suzanne M De La Monte et al coined the term type 3
diabetes for AD (Monte and Wands, 2005 2). The naming originated from similarities shared
between AD and diabetes mellitus affected cells and systems. In AD, brain metabolism is altered,
including decreased glucose utilization and decreased levels of gene expression of insulin, IGF-],
and IGF-II and their receptors(Steen et al., 2005 % ; Bano et al., 2023 (). Notably, liver insulin-
resistance, common in diabetes mellitus or prediabetic state, which also are characterized by
systemic inflammation, can induce hepatic lipogenesis which is part of the mechanisms leading to
NAFLD (Zarghamravanbakhsh et al., 2021 % ; Anita et al., 2022 (¥). Interestingly, macrophages are
drivers of low-grade inflammation which contributes to metabolic dysfunction, and Kupffer cells
are described as a central driver of NAFLD pathogenesis (Zarghamravanbakhsh et al., 2021 ;
Kardinal and Wachten, 2026 (% ; Park et al., 20232 ). Hence, diabetes may enhance the genetic
vulnerabilities for both the peripheral and CNS immune systems, increasing the risk of both AD
and NAFLD progression.

Through our analysis of the module enriched risk genes targeted by drugs, we found several of the
current drugs used to treat neurodegenerative disease, but we also present a large group of drugs
with unutilized potential in treatment of dementias. As part of this output were previously
suggested neurodegenerative disease drug candidates, such as Amodiaquine,
Hydroxychloroquine, and Tirezpatide (MatosSevic¢ et al., 2024 2 ; Varma et al., 2023 (3 ; Alshehri et

the output. The disease specific risk signatures can be used to further direct the disease
implication of the drug, e.g. Tirzepatide which has been investigated preclinically mainly for AD
and dementias as a group but based on our findings linking it to the cilia risk signature suggests
that it may offer greater therapeutic benefit in specifically DLB and PD (Alshehri et al., 2025®).
Since the most risk genes of the investigated dementias are not causal but genes of generally low
penetrance, their effect is cumulative over time, meaning that they generate cumulative damage
and not direct disease. Otherwise it would not take decades to cause neurodegneration. Thus, the
treatment of these vulnerabilities would need to occur at an early time point and preferably
targeting several of the risk signatures to diminish the cumulative risk of several risk mutations
and environmental factors. In 2024, the Lancet standing Commission presented 14 modifiable risk
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factors for dementia including points such as education, hearing loss, metabolic diseases, and LDL
cholesterol and how to address them over the life course (Livingston et al., 2024 (@). Ultimately, our
findings offer a framework for preemptive treatment of neurodegenerative disease. By stratifying
patient cohorts based on their specific risk signatures, clinicians can identify and therapeutically
target distinct vulnerabilities before clinical symptoms emerge. Given the requirement of early
intervention, these strategies will rely on long-term clinical surveillance combined with highly
tolerable treatments for prolonged maintenance. Transforming these genetic risk insights into
proactive interventions is an important step towards preventing dementia and turning the
progression into a manageable chronic condition.

Methods and Materials

The HPA GeneSet Explorer pipeline is developed in R (version 4.5.2) to combine disease genetics
and multi-level transcriptomics to explore the molecular landscape of diseases in the human brain
and periphery. Here, AD is investigated and compared to DLB and FTD to differentiate if findings
are disease specific or common for neurodegenerative diseases.

The input to the HPA GeneSet Explorer is traits or a disease of interest and the output is a PDF-
format report summarizing enriched molecular and cellular compartments and gene
modules/networks of risk genes across organs, brain regions, and single-cell types, based on data
from the HPA version 24 (1 link 26). Hence, the pipeline can be applied to numerous diseases and
gene selections. The HPA transcriptomic data encompass 44 tissue types, 193 brain regions and
areas, and 81 cell types of 31 human organs and tissues from control donors, which make up the
Tissue, Brain, and Single cell type resources. This multi-resolution and multi-angle classification of
gene expression makes the HPA GeneSet Explorer a flexible tool that can be applied in any disease
context. The integrative approach of the HPA GeneSet Explorer provides a comprehensive
overview that provides a means of identifying hotspots where several risk-genes converge on a
single cell-type or processes. This enables molecular dissection of pathological processes,
identifying disease initiating, adaptive, and maladaptive processes, and provides an overview of
other proteins involved in disease associated cellular processes. The work flow is composed of 2
parts, as shown in 4 the initial data retrieval and the analysis and output.

I. Data retrieval: 1) For our analysis specifically, risk genes associated with AD, DLB, and FTD are
retrieved from the GWAS Catalog (https:;//www.ebi.ac.uk/gwas/2), using ontology-based search
terms. These include Experimental Factor Ontology (EFO), MONDO Disease Ontology, and OBA
terms. For each disease, a set of relevant terms are chosen to maximize coverage while avoiding
generic or non-specific selections. To enhance our gene discovery for FTD and DLB, ALS and PD
were included as terms, respectively, as these diseases have overlapping genetic backgrounds and
proteinopathy (the specific search terms are shown in 1). In HPA GeneSet Explorer, all data
retrieval is conducted in R using the gwasrapidd package, which allows structured access to the
GWAS REST API (Magno and Maia, 2020 %). Gene-to-variant mapping relies on the author-reported
genes field provided by the GWAS Catalog, which reflects gene names reported by the original
study authors. 2) After the retrieval of gene sets from the GWAS Catalog, the analysis is restricted
to variants meeting a suggestive significance threshold (p < 1-107°) rather than the conventional
genome-wide threshold (p < 5-1078), to maximize gene set coverage. This is particularly relevant
for diseases where fewer significant loci have been identified throughout the genome, such as DLB
and FTD. When a gene is associated with multiple independent loci, only the record with the
lowest association p-value is retained to prevent duplicate gene entries. 3) Disease-associated risk
genes are matched to HPA gene expression data using HPA custom API queries, non-protein coding
genes are implicitly filtered out at this step. For the specific research question of this study, genes
not identified at transcript level in the HPA brain datasets were excluded. Moreover, for each gene,
metadata is retrieved, including: gene annotation (Gene symbol, Ensembl ID, description, protein
class, biological process, molecular function, disease involvement); RNA expression data
(tissue/brain region/cell-type specificity and distribution); module assignments (on the HPA the
tissue, brain, and single cell transcriptomic data have individually been used to generate gene co-
expression UMAPs, where each dot is a gene and the proximity of dots depicts their correlated
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activity which is used to group them in to clusters/gene modules that represent common biological
functions or cell-type specificity); Global expression Tau scores (for tissue, brain, and single-cell);
and the API request is configured to retrieve selected columns in uncompressed JSON format for
effective parsing.

II. Data analysis: 1) the first output is a summary of the risk gene statistics, including the number
and fraction of GWAS risk genes retained at each filtering step, as well as the expression and
enrichment of individual risk genes across the tissue, brain, and single-cell scales. 2) The HPA
provides an overview of gene expression, clustered on their distribution and co-expression across
tissues, brain regions and cell-types. This generates UMAPs of modules with similar tissue and/or
cell expression patterns. In the HPA GeneSet Explorer pipeline, the risk genes are mapped on
UMAP projection gene expression modules of the tissue (83 modules), brain (56 modules), and
single cell (80 modules), respectively (see 1 links 5-7). This allows mapping of risk genes onto a
low-dimensional transcriptomic space to show vulnerability hotspots of disease risk. The final
dataset encompasses; module identities, UMAP x- and y-coordinates, module sizes, and inclusion
status (whether a gene is successfully matched to a module). 3) The integrated dataset is used for
downstream analyzes to group genes into discrete co-expression modules and subsequently
identify which functional, spatial, or cellular units are enriched for disease risk genes. To explore
the risk genes enrichment and co-expression of the modules, individual enrichment analysis is
performed. Two methods are used to define enrichment that together define a consensus to
minimize false positives while recovering biologically relevant findings, method a) fold
enrichment and b) Monte Carlo simulations. a) to assess whether disease-associated risk genes are
non-randomly enriched in modules, over representation analysis through Fisher’s exact test is
used. For each module, the number of observed overlapping genes is computed, defined as the
number of disease risk genes present within that module. This is compared to the expected
number of overlapping genes, which represents the number of risk genes that are found in a
module if they were randomly distributed across all genes in the dataset. The expected overlap is
calculated as:

Ngy N,
Expected overlap = “TRisk * "' Module 1)

Nrotal
Where Np; is the total number of risk genes retained after filtering, Ny, 4u1e i the number
of genes assigned to the gene expression module, and Np,,; is the total number of genes in

the complete dataset. Then the degree of enrichment is quantified using two methods a) Fold
Enrichment (FE):

FE— Observed Overlap

~ Expected Overlap @

Interpretation of FE values is as follows: F E > 1 indicates over-representation of risk genes in
the enriched module, F E = 1 implies no enrichment beyond random expectation, and FE <1
suggests under-representation (depletion) of risk genes. Statistical significance for each
module is determined using a one-tailed Fisher’s exact test (alternative = "greater"), testing
specifically for over-representation of risk genes within each module, comparing the number
of overlapping versus non-overlapping genes within the module against the background.
Modules with a significantly enriched group of risk genes are prioritized for further analysis.
Multiple testing correction was applied to the Fisher’s exact test p-values using the
Benjamini-Hochberg procedure, applied independently for each biological scale (tissue,
brain region, and single-cell type). Modules meeting p,gjysted < 0.1 were considered FDR-

significant. b) Monte Carlo simulations are also used to asses whether disease risk genes are
non-randomly enriched within modules. An empirical null distribution is using 1,000,000
iterations, where risk gene assignments were simulated across the complete background
gene set using weighted multinominal sampling based on module size. This framework
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Figure 4. The HPA GeneSet Explorer Workflow.

The workflow is divided into I: data retrieval and II: a data analysis component. The data retrieval function searches and
retrieves a list of risk genes from the GWAS Catalog using ontology-based terms and filtered by coding status and
significance threshold. These genes are then mapped based on expression data for the tissue, brain, and single cell resource
of the HPA. In the data analysis component, spatial expression modules are analyzed to identify regions, cell types, and
functions enriched for risk genes using statistical tests and assigned to UMAPs of the gene network (see 4, 5, and 6). This
approach facilitates spatial interpretation of genetic risk by identifying vulnerable systems and organizing risk genes into
discrete functional units. By characterizing the molecular landscape of these disease-associated modules, the investigation
pipeline expands beyond individual mutation-based risk genes, providing a broader framework for future analysis of disease-

specific vulnerability.
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allows identification of high-confidence enriched modules through an empirical p-value
(Pempiricar < 0.05) and the calculation of Z-scores to quantify the magnitude of deviation from

the null distribution. These two approaches enable the identification of hotspot modules that
are relevant to the molecular or cellular pathogenesis of the investigated disease or traits,
here neurodegenerative diseases. 4) Finally, all output is summarized into a report in a PDF
report.

Following the main analysis pipeline, genes from the dementia risk gene-enriched modules were
mapped to the DrugBank, where their protein products were queried for approved and
experimental drug targets.

In this study the module enriched risk genes for each neurodegenerative disease were
investigated in detail. Risk gene signatures were defined based on their expression described
integrated across the HPA tissue, brain, and single cell resource. To optimize the balance between
sample depth and cell-type taxonomy, our primary analysis was built using HPA version 24. While
the subsequent HPA version 25 offers increased resolution that benefits highly granular systems
mapping, version 24 provides the ideal equilibrium for our application. Because HPA archives
historical versions, users can select their optimal version and our tool is compatible with both
version 24 and 25. Moving forward, incorporating user-defined resolution controls within the
HPA-platform would further facilitate tailored applications.
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Figure 1—figure supplement 1. Bar plots of individual risk gene enrichment at the different biological
scales. Bar plots representing the risk genes defined as enriched or group enriched in a tissue/brain region/cell
type according to the HPA enrichment scoring system mentioned in 1. The y-axis is the number of genes enriched
and the x-axis shows the tissue, brain region, or cell type that is enriched. Top panel: tissue, Middle panel: brain
regions, and Bottom panel: cell-types. The three diseases are plotted separately and color coded AD: red, DLB:
blue, and FTD: green. These plots visualize the low levels of risk gene specific tissue/brain region/cell type
enrichment are for each disease.
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Figure 2—figure supplement 1. Lollipop plots showing the Monte Carlo simulation disease risk gene
enrichment of the tissue gene modules per disease.

Enrichment of dementia risk genes in tissue gene modules were analyzed through 108 Monte Carlo simulations. All modules
enriched Pempiricar < 005 are highlighted by color, the gray lollipops are not significant or of negative Z-score (AD: Red, DLB:
Blue, and FTD: Green). The size of the plot point indicates the p-value (lower p,pyirico has a larger dot size).
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Figure 2—figure supplement 2. Lollipop plots showing the Monte Carlo simulation disease risk gene
enrichment of the brain reigon gene modules per disease.

Enrichment of dementia risk genes in brain region gene modules were analyzed through 10° Monte Carlo simulations. All
modules enriched pepyiricq) < 0.05 are highlighted by color, the gray lollipops are not significant or of negative Z-score (AD:
Red, DLB: Blue, and FTD: Green). The size of the plot point indicates the p-value (lower Pempirical Nas a larger dot size).
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Figure 2—figure supplement 3. Lollipop plots showing the Monte Carlo simulation disease risk gene
enrichment of the cell type gene modules per disease.

Enrichment of dementia risk genes in cell gene modules were analyzed through 10® Monte Carlo simulations. All modules
enriched peppiricqr < 0.05 are highlighted by color, the gray lollipops are not significant or of negative Z-score (AD: Red, DLB:
Blue, and FTD: Green). The size of the plot point indicates the p-value (lower Pempiricat Nas a larger dot size).
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Figure 2—figure supplement 4. HPA tissue UMAP visualization per disease.

Neuroscience

UMAP visualization of the gene modules based on the HPA tissue data, highlighting disease gene enriched modules (p,,ominar
<0.05). Individual genes are marked by cyan triangle points. The risk genes and enriched modules specific to each disease is
depicted in their own UMAP, AD in A; DLB in B; and FTD in C.
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Figure 2—figure supplement 5. HPA brain region UMAP visualization per disease.

UMAP visualization of the gene modules based on the HPA brain data, highlighting disease gene enriched modules (p,ominas
<0.05). Individual genes are marked by cyan triangle points. The risk genes and enriched modules specific to each disease is
depicted in their own UMAP, AD in A; DLB in B; and FTD in C.
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Figure 2—figure supplement 6. HPA cell type UMAP visualization per disease.

UMAP visualization of the gene modules based on the HPA cell data, highlighting disease gene enriched modules (p,ominas <
0.05). Individual genes are marked by cyan triangle points. The risk genes and enriched modules specific to each disease is
depicted in their own UMAP, AD in A; DLB in B; and FTD in C.
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Figure 2—figure supplement 7. Heatmaps of cell type expression of the liver- and immune associated risk
signature genes.

Heat map of the Alzheimer’s disease risk genes part of the liver (panel A) and immune (panel B) associated signatures gene
expression in spatial sequencing data of HPA human non-demented frontal cortex data. Expression across the cell types;
astrocytes, microglia, neurons, vasculature, and oligodendrocytes. Not all genes of the risk signatures were found in the
spatial data.
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Data availability

All data used in this study are derived from publicly available resources: the Human Protein Atlas
(https://www.proteinatlas.org/2) and DrugBank (https.//go.drugbank.com/™@) (Uhlén et al., 2015 ;
Sjostedt et al., 2020 (2 ; Karlsson et al., 2021 2 ; Knox et al., 2024 (2). The following datasets
generated during this analysis are available as supplementary files: the full annotated enriched
risk gene datasets per disease (Dementia_risk_gene_annotation.xlsx) and the drug and gene
product target dataset (Druggable_proteom_dementia.xIsx).

Additional information
Code availability

All scripts required to reproduce the analyses presented in this study are publicly available at
https://github.com/labrat-222/HPA-GeneSet-Explorer . The repository includes modules for gene
set retrieval, HPA integration, enrichment analysis, visualization, and automated report

generation.
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Appendix 1
Appendix 1—table 1. Human Protein Atlas version 24 links.
HPA Links
Link ID 708 Link
1 710 https://v24.proteinatlas.org/ENSG00000186868- MAPT /tissue
2 712 https://v24.proteinatlas.org/ENSG00000142192- APP /tissue
3 714 https://v24.proteinatlas.org/ENSG00000145335-SNCA /tissue
4 716 https:/ /v24.proteinatlas.org/ENSG00000120948- TARDBP /tissue
5 718 https://v24.proteinatlas.org/humanproteome/tissue/expression+cluster
6 720 https:/ /v24.proteinatlas.org/humanproteome/brain/expression+cluster
7 722 https://v24.proteinatlas.org/humanproteome/single+cell /single+cell+type/
723 expression—+cluster
8 725 https://v24.proteinatlas.org/ENSG00000204287-HLA-DRA /brain
9 727 https://v24.proteinatlas.org/ENSG00000196126-HLA-DRB1/brain
10 729 https:/ /v24.proteinatlas.org/ENSG00000143641- GALNT2/single+cell
11 731 https://v24.proteinatlas.org/ENSG00000130208- APOC1 /single+cell
12 733 https://v24.proteinatlas.org/ENSG00000166035-LIPC/single+-cell
1125 735 https:/ /v24.proteinatlas.org/ENSG00000073921- PICALM /single+cell
14 737 https://v24.proteinatlas.org/ENSG00000152492- CCDC50/brain
15 739 https://v24.proteinatlas.org/ENSG00000203710- CR1/single+cell
16 741 https://v24.proteinatlas.org/ENSG00000149177-PTPRJ/single+cell
117 743 https://v24.proteinatlas.org/ENSG00000148773- MKI67 /single+cell
18 745 https:/ /v24.proteinatlas.org/ENSG00000155849- ELMO1 /single+cell
19 747 https://v24.proteinatlas.org/ENSG00000073060- SCARB1 /single+cell
20 749 https://v24.proteinatlas.org/ENSG00000160712-IL6R /single+cell
2 751 https://v24.proteinatlas.org/ENSG00000164938- TP53INP1/single+cell
22 753 https:/ /v24.proteinatlas.org/ENSG00000130203- APOE /single+cell
23 755 https://v24.proteinatlas.org/ENSG00000134575- ACP2 /single+cell
24 757 https:/ /v24.proteinatlas.org/ENSG00000177706- FAM20C /single+cell
25 750 https://v24.proteinatlas.org/humanproteome/brain/spatial+transcriptomics
26 761 https://v24.proteinatlas.org/
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Appendix 2

Appendix 2—table 1. Search terms to generate Alzheimer’s Disease, Dementia with Lewy
Bodies, and Frontotemporal Dementia gene datasets.

Search terms

Alzheimer’s Disease 760 Dementia with Lewy Badies Frontotemporal Dementia

EFO_0006514: Alzheimeris dis- | EFO_0006792 Lewy body de- | EFO_0001357 sporadic amy-

ease biomarker measurement | mentia 776 otrophic lateral sclerosis
EFO_0006801: Alzheimeris dis- | EFO_0006799 Lewy body de- | MONDO_0017276 frontotem-
ease neuropathologic change mentia measurement  7s2 poral dementia
MONDO_0004975: Alzheimer | MONDO_0005180 Parkinson | MONDO_0004976 amy-
disease 786 disease 788 otrophic lateral sclerosis
EFO_1001870: Lateranset | EFO_0600011 Parkinsor's dis- | OBA_2001022 age of onset of
Alzheimer's disease 792 ease symptom measurement frontotemporal dementia

EFO_0009268: Family history | MONDO_0010747 X<inked | OBA_2001018 age of onset of
of Alzheimer’s disease 798 dystonia-parkinsonism soo amyotrophic lateral sclerosis

OBA_2001000: Age of onset of | OBA_2001009 age of onset of
Alzheimer disease 804 Parkinson disease

EFO_0022957 earlysanset | HP_0001300 Parkinsonisia
Alzheimers disease
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(HPA v24) co-expression modules at three biological scales (tissue/organ, brain region, cell
type). Enrichment is assessed by a consensus of Fisher's exact test with Benjamini-Hochberg
correction and 10%-iteration Monte Carlo simulation. Applied to AD, DLB/PD, and FTD/ALS, the
analysis reports convergent neuronal-module enrichment across all three diseases, AD-
specific enrichment in liver- and immune-associated modules, and DLB-specific enrichment
in ciliary modules, followed by a DrugBank-based survey of compounds targeting module
gene products.

Strengths:

(1) The core premise is sound and well-motivated: risk-gene lists are hard to interpret
because most variants are low-penetrance and broadly expressed, and projecting them onto a
multiscale expression atlas is a reasonable route from statistical association toward
tissue/cell context.

(2) The pipeline is delivered as reusable, open code (GitHub) built entirely on public inputs
(HPA, GWAS Catalog, DrugBank), which is a significant contribution to the field and provides
opportunities for replication and expansion.

(3) The dual-enrichment design (fold enrichment with FDR correction plus a 108-iteration
Monte Carlo empirical null) is more defensible than any single test, and the "consensus" logic
is sound.

(4) The multiscale framing (organ - brain region - cell type), with UMAP module
projections, is genuinely helpful and makes the mapping legible to broad scientific
backgrounds.

(5) The authors are commendably restrained on one key point: they explicitly report that
most risk genes are broadly expressed and not brain-selective, rather than overstating
neuronal specificity.

(6) The AD liver/immune convergence is nicely discussed and integrated, and the NAFLD-AD
discussion (Kupffer-cell/hepatocyte AP clearance, locus coeruleus noradrenergic parallels,
"type 3 diabetes") is thorough and well-referenced, even where it remains speculative.

Weaknesses:

(1) Gene-to-variant mapping via the author-reported gene field is unclear. The Methods
assign genes using the GWAS Catalog author-reported gene field, which predominantly
reflects the nearest gene to the lead SNP and may not be the effector gene; it is also
inconsistent across studies and different time periods of publication (i.e., changing
methodologies in genomics and GWAS procedures). Because every downstream result
depends on the gene set, this choice likely introduces noise and bias into all enrichment,
specificity, and drug claims. More modern practices link variants to genes via fine-mapping
plus eQTL/pQTL colocalization, or integrative scores. At minimum, the sensitivity of the main
signatures to nearest-gene versus colocalization-based assignment should be demonstrated.

(2) The suggestive threshold (p < 1x107®) trades specificity for coverage in the analysis that
requires specificity. Relaxing from 5x1078 substantially raises the false-positive fraction of the
gene set. This is defensible for exploratory coverage in under-powered DLB/FTD, but the
headline claims concern disease specificity (limited gene-set overlap; distinct signatures).
Non-overlap among partially false-positive lists can lead to biological specificity conclusions
that may not actually exist. A genome-wide-threshold sensitivity analysis is needed to show
the signatures persist. Also, see concerns below about the DLB designation.

(3) "Disease specificity" is confounded by GWAS power. AD GWAS (e.g., Bellenguez; Kunkle;
Sherva ~205,500 cases) vastly outpower DLB and FTD discovery. The gene counts
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(453/278/219) and the minimal three-way overlap (only two genes) track sample size and
locus density as much as biology. The claim of "disease-specific genetic architectures” should
be tempered and ideally power-matched (e.g., subsampling AD, or restricting to comparable
effective N) before specificity is asserted. Also, see concerns below about the DLB designation.

(4) Linkage disequilibrium structure at gene-dense loci is not addressed and may inflate the
lipid/liver signal. The overlap genes named as driving the liver/lipid theme include APOC1,
APOC2, and APOE, all of which reside within the same chromosome-19 linkage
disequilibrium (along with TOMM40). Counting co-regulated, physically clustered genes from
one association signal as independent risk genes risks inflation of enrichment for
lipid/lipoprotein modules. The five "liver-enhanced" genes flagged in the text again lead with
APOE. Evaluation of one gene per independent signal is essential before the liver/lipid
signature can be interpreted as multi-gene convergence rather than a single strong gene
driving the effect.

(5) The enrichment background is not clear. Risk genes are filtered to HPA brain-detected
transcripts, but the Methods do not state whether the Fisher/Monte Carlo background
(N_Total) is likewise restricted to brain-expressed/HPA-detected genes or reflects all protein-
coding genes, which may introduce bias. Specific information on the Fisher/Monte Carlo
should be provided to ensure that the enrichment background is the same. If they are not,
additional analyses should be performed to ensure robustness of the findings when restricted
to brain-expressed only or the broader background.

(6) Cross-scale "consensus" is not independent confirmation. The same genes reappear across
tissue, brain, and cell modules, so agreement across scales is partly built-in rather than
corroborating. The neuronal-signature counts (82 AD / 62 DLB / 53 FTD; 186 "unique" genes)
should be accompanied by a clear statement of how much cross-scale evidence is non-
redundant. Also, see concerns below about DLB designation.

(7) Temporal claims are overstated. Using control HPA tissue avoids end-stage confounds but,
by construction, cannot capture disease-state programs central to AD. More importantly,
framing these modules as "baseline vulnerability hotspots that precede clinical
neurodegeneration” is not tested, as nothing here is longitudinal. This assumption is
presented as a finding and should be reworded as a hypothesis.

(8) DLB and PD should not be merged, and the cilia-associated risk genes cannot be termed
causal based on the study design. The supporting literature is almost entirely PD (Schmidt
iPSC-NPCs from sporadic PD; LRRK2 PD striatum), yet DLB and PD are merged, and the
signature is branded "DLB." These should not be merged, particularly as it relates to sporadic
PD. Although there are similar genetic risk factors (i.e., GBA, SCNA), of which GBA is
unfortunately not mentioned in the manuscript, there are major genetic differences in
sporadic PD and even PD with dementia (PDD) and DLB. It is not clear why PDD was not
incorporated.

Cross-sectional expression overlap with GWAS genes cannot establish that cilia-associated
risk genes are "causative vulnerabilities rather than secondary effects." Please soften to
association and rename to reflect the synucleinopathy grouping. Further, additional
discussion of important differential genes in this category (i.e., APOE and GBA) is needed, and
the pathological description of DLB is incomplete in the introduction (i.e., focuses only on
synuclein).

(9) The drug/repurposing analysis rests on a weak targeting rationale. Most of the 1,777 drugs
target co-expression-module neighbors of risk genes, not risk genes themselves, so
"substantial repurposing reservoir" likely overstates the impact. The anesthetics example
(sevoflurane/halothane/desflurane hitting GABA_A subunits and ATP2B2) is a near circular
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argument, as anesthetics necessarily engage neuronal ion channels. This finding does not
independently confirm the neuronal signature.

Statin-dementia and hydroxychloroquine/amodiaquine links are pre-existing, and the
Tirzepatide - cilia - DLB inference is highly speculative. This section should be labeled
hypothesis-generating, with direct-risk-gene targets separated from module-neighbor targets.

(10) Interpretation leans heavily on nominal (p < 0.05) modules. Several of the most novel
claims (parts of the liver and immune signatures) rest on nominally significant modules that
do not survive FDR (itself set leniently at p_adj < 0.1). The text should make consistently
explicit which claims are FDR/Monte-Carlo-supported versus nominal-only, and de-emphasize
conclusions resting solely on the latter.

https://doi.org/10.7554/eLife.112232.1.sa2

Reviewer #2 (Public review):

Summary:

Genes associated with risk for a specific disease commonly have widespread expression and
functions across the body. Surveying patterns in these effects may reveal novel mechanisms,
organs, and systems implicated in a disease, amongst other associations that are truly
independent. In this work, Husen and coauthors use the Human Protein Atlas to explore such
associations in Alzheimer's disease (AD), Lewy body dementia (DLB), and Frontotemporal
dementia (FTD). Focusing on human non-disease tissue expression may avoid the effects of
disease progression obscuring initial vulnerabilities. However, associations in non-diseased
tissues do not necessarily reflect mechanisms causally related to the diseases themselves.

The work describes patterns of enrichment of genes across tissue types, brain regions, and
cell types. A relatively small set of classes of each show enrichment for disease. While neural
signatures are unsurprisingly prevalent, these classes are largely distinct across the three
diseases. Alzheimer's disease is linked to liver and central and peripheral immune cells, while
DLB shows interesting enrichments associated with cilia, which are linked to an existing
literature. Results from the drug repurposing approach are then presented, with 1777 drugs
linked to protein products of any of the modules enriched by the risk genes using DrugBank,
categorised according to key signatures.

The authors developed R code (the HPA GeneSet Explorer) to automate the production of
multi-system summaries of the organs, brain regions, cells and gene modules associated with
traits and diseases and associated gene sets, within the HPA. Risk gene sets for the three
dementia types were derived from the GWAS Catalog.

Strengths:

While many studies of how risk genes contribute to disease take a narrow approach focusing
on organs, cell types, and processes already associated with a disease, it is a sensible
approach to start with a system-agnostic approach that assesses tissues that are not
ostensibly affected by disease. Here, this approach reveals a range of associations for 3
neurodegenerative diseases, identifying disease-associated modules and drug candidates that
might be prioritized for subsequent confirmatory inference across biological scales. Results
highlight key organs and cell types, most of which have established associations with the
disease. Perhaps the most intriguing results are the links of DLB to cilia-related processes,
which can be linked to some prior reports of DLB/PD but are not a core element of current
theories of pathogenesis.

Weaknesses:
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A difficulty with broad, multi-dataset surveys of disease associations is the need to
distinguish novel and robust patterns - even if they lack causal evidence - from those that are
unsurprising or do not stand out statistically. The work is exploratory in nature, but it is often
hard to know how strong the evidence is for particular observations reported.

The work combines nominal, FDR<0.1, and Monte Carlo-based inference (with no apparent
multiple assessment control across all tested modules) p-values throughout the paper, with
patterns of effects of nominal significance. In some places, modules appear to be retained if
they meet any of these criteria, muddying inference. This makes it difficult to weigh the
different reported associations. Results report numbers of risk genes showing nominal p<0.05
enrichment across gene modules and biological scales - it is difficult for the reader to
determine null expectations for false positives here. Similarly, it is unsurprising that
thousands of drugs can be linked to the risk genes and their signatures using nominal
significance.

The results have limited mechanistic specificity. The modules identified often reflect
biological processes implicated in the diseases. This provides some validation of the
approach, but the modules are often broadly defined, providing little mechanistic insight. For
example, many aspects of ciliary biology may overlap with DLB, but can the HPA provide
more specific insight? More generally, it is difficult to determine how much relevance that
enrichment in non-disease tissue has for disease processes. Similarly, it is hard to determine
whether overlap of drug targets from DrugBank with these modules realistically increases
their prioritization.

Methodologically, there could be more detail. The paper - in particular the methods - is
partially presented as a tool/pipeline paper, but thorough descriptions of the HPA models that
are employed and modules reported for the analyses should still be presented in detail. The
drug repurposing approach is described in a couple of sentences without a precise reference
to the tool or statistical methods.

https://doi.org/10.7554/eLife.112232.1.sa1

Reviewer #3 (Public review):

Summary:

The manuscript presents the development of a software tool and a computational workflow
for the comparison and biological interpretation of GWAS results among three
neurodegenerative diseases - AD, PD and FTD - using the data from the Human Protein Atlas.
The multi-scale content analysis produces a representation of GWAS results highlighting
enrichment at the level of brain regions, organ systems/tissues and cell types as well as in
terms of molecular pathways. The manuscript argues that DLB, AD and FTD have differential
'modules’ revealed by the procedure.

Strengths:

The system is leveraging vast knowledge sources including both the GWAS catalog and the
HPA, and it is integrating these data. This synthesis of information is useful. It is making use
of large investment in data generation and data warehouses in order to yield interpretation
of epidemiologic results from GWAS in biological terms that may yield insight into disease
processes and differences between diseases. The multiscale analysis recognizes the various
biological lenses at which the implications of GWAS can be evaluated.

Weaknesses:

There is a lack of controls and/or disease comparators in the study. It is hard to assess that the
workflow is performing 'as expected' without a set of positive or negative controls - or at least
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comparators - to gauge the performance of the tool. The statistical methods are simplistic and
rely on Fisher's exact tests, UMAP analyses and clustering with little justification. There is a
lack of power analysis and specification of the number of genes required for the procedure to
'work'. The mapping of GWAS hits to genes is simplistic and may in many cases be erroneous,
and the implications of errors in these mappings are not considered. Many of the hits are not
brain-specific - highlighting the complexity of gene function and the pleiotropic nature of
gene activity. Moreover, the mapping between 'tissue enrichment' and 'tissue that is the
functional driver of the GWAS signal' may be a logical flaw in the reasoning of the authors.
Just because a tissue - such as liver enrichment in AD - is enriched in the GWAS gene-mapping
analysis does not mean that that tissue found to be enriched is in fact the functional tissue
that gave rise to the GWAS signal. Genes have different isoforms, functions, and regulatory
mechanisms in different parts of the organism in different parts of development. In a phrase,
the enrichment observed could be correlative and not causative, and in fact the enrichment
could be driven by some hidden variable not considered. The etiologic tissue for
neurodegenerative disease is the brain. The findings are not necessarily surprising or novel
in the distinction between PD, AD, and FTD. Finally, the figures are perhaps not the best way
to present results. There are many small pie charts that lack interesting results; the figures
are in general hard to read and could use refinement in terms of fonts.

https://doi.org/10.7554/eLife.112232.1.sa0
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