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Abstract

Neurodegenerative disorders such as Alzheimer’s disease (AD), Lewy body diseases (LBD), and
the amyotrophic lateral sclerosis and frontotemporal dementia (ALS-FTD) spectrum are defined
by the accumulation of specific misfolded protein aggregates. However, the mechanisms by which
each proteinopathy leads to neurodegeneration remain elusive. We hypothesized that there is a
common “pan-neurodegenerative” gene expression signature driving pathophysiology across these
clinically and pathologically diverse proteinopathies. To test this hypothesis, we performed a
systematic review of human CNS transcriptomics datasets from AD, LBD, and ALS-FTD patients
and age-matched controls in the Gene Expression Omnibus (GEO) and ArrayExpress databases,
followed by consistent processing of each dataset, meta-analysis, pathway enrichment, and overlap
analyses. After applying pre-specified eligibility criteria and stringent data pre-processing, a total
of 2600 samples from 26 AD, 21 LBD, and 13 ALS-FTD datasets were included in the meta-
analysis. The pan-neurodegenerative gene signature is characterized by an upregulation of innate
immunity, cytoskeleton, and transcription and RNA processing genes, and a downregulation of the
mitochondrial electron transport chain. Pathway enrichment analyses also revealed the
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upregulation of neuroinflammation (including Toll-like receptor, TNF, and NFxB signaling) and
phagocytosis, and the downregulation of mitochondrial oxidative phosphorylation, lysosomal
acidification, and ubiquitin-proteasome pathways. Our findings suggest that neuroinflammation
and a failure in both neuronal energy metabolism and protein degradation systems are consistent
features underlying neurodegenerative diseases, despite differences in the extent of neuronal loss
and brain regions involved.
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1. Introduction

Neurodegenerative disorders such as Alzheimer’s disease (AD), Lewy body diseases (LBD),
and the amyotrophic lateral sclerosis and frontotemporal dementia (ALS-FTD) spectrum are
all defined by the accumulation of specific misfolded protein aggregates. AD is
characterized by the presence of both amyloid plagues — which are extracellular deposits of
the amyloid-p peptide (AB), a by-product cleaved from the amyloid-f precursor protein
(ABPP) (Glenner and Wong, 1984) — and intraneuronal neurofibrillary tangles (NFTSs) of
hyperphosphorylated microtubule-associated protein tau (Brion et al., 1986; Grundke-Igbal
et al., 1986). Accumulation of a-synuclein (aSyn) in Lewy bodies and neurites is the
hallmark feature of LBD, an umbrella term which includes Parkinson’s disease (PD),
Parkinson’s disease dementia (PDD), and dementia with Lewy bodies (DLB) (Spillantini et
al., 1997). Finally, an array of proteins form neuronal inclusions characteristic of ALS-FTD,
including the RNA-binding proteins TAR DNA-binding protein 43 (TDP-43) (Neumann et
al., 2006) and fused in sarcoma (FUS) (Kwiatkowski et al., 2009), as well as dipeptide
repeats (DPRs) formed by RAN translation of the hexanucleotide repeat expansion in the
C9orf72 gene (Mori et al., 2013).

One proposed common mechanism underlying all neurodegenerative proteinopathies is the
intrinsically disordered nature of the aggregating proteins in native conditions (i.e., lack of a
stable tertiary structure), which would render them prone to misfolding and subsequent
aggregation in pathological conditions (Jarosz and Khurana, 2017), for example upon certain
abnormal post-translational modifications (Toth-Petroczy et al., 2016; Wesseling et al.,
2020). Another proposed mechanism is a failure in proteostasis, including the autophagy and
ubiquitin-proteasome systems, which has been posited as a hallmark of aging (Ldpez-Otin et
al., 2013; Walther et al., 2017). Although both protein misfolding and proteostatic stress
mechanisms are supported by mounting evidence, our understanding of the extent to which
these processes play analogous roles across multiple neurodegenerative diseases remains
speculative. We reasoned that recent advances in -omics technologies, coupled with the
public availability of a large number of neurodegenerative gene expression datasets, could
enable the discovery of drivers of neurodegeneration across proteinopathies in large patient
cohorts. Specifically, we hypothesized that there is a “pan-neurodegenerative” gene
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expression signature shared by different neurodegenerative diseases regardless of the
underlying proteinopathy, together with disease-specific signatures which could be
explained by the individual aggregating protein and/or neuronal type or CNS region
involved. To test this hypothesis, we conducted a systematic review and meta-analysis of
publicly available human brain transcriptomics datasets of AD, LBD, ALS-FTD and control
individuals, followed by pathway enrichment and overlap analyses.

Previous meta-analyses of brain transcriptomic studies have focused on one
neurodegenerative disease, such as AD (Ciryam et al., 2016; Patel et al., 2019; Wan et al.,
2020) or PD (Kelly et al., 2019; Oerton and Bender, 2017; Wang et al., 2019; Zheng et al.,
2010), in some instances comparing with other neurodegenerative diseases or mouse models
(Das et al., 2020; Kelly et al., 2019; Patel et al., 2019; Wan et al., 2020), but did not pursue a
common neurodegenerative signature. Moreover, prior studies investigating pan-
neurodegenerative transcriptional changes have been constrained by comparatively small
sample sizes (Durrenberger et al., 2015; Labadorf et al., 2018; Li et al., 2014). In this study,
we analyzed 2600 samples from AD, LBD, and ALS-FTD patients and age-matched
controls across 60 datasets to identify signatures of pan-neurodegeneration.

2. Materials and methods

Briefly, the data analysis pipeline consisted of (1) systematic review and dataset selection,
(2) quality control, (3) differential expression analysis, (4) meta-analysis, and (5) gene set
enrichment analysis (GSEA). Fig. 1 provides a graphical summary of the workflow applied
in this study. Unless otherwise indicated, all analyses were performed in the R programming
language and statistical computing environment (version 4.0.2).

2.1. Systematic review

To identify datasets for inclusion in a comprehensive fashion, we followed the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines, as
explained below (Liberati et al., 2009).

2.2. Eligibility criteria
Datasets were selected based on pre-specified inclusion and exclusion criteria. Inclusion
criteria were: (1) original datasets and (2) human microarray expression profiling datasets
from relevant CNS regions in AD, LBD, and ALS-FTD. Exclusion criteria were: (1) non-
original datasets (e.g., duplicate studies, re-analyses of pre-existing datasets); (2) not human
brain tissue; (3) not pertaining to disease in question (i.e., AD, LBD, or ALS-FTD); (4)
patient-derived in vitro cell lines or disease models; (5) study design other than case/control;
(6) brain region not significantly affected by neurodegeneration (e.g., cerebellum in AD);
and (7) incompatible technologies.

2.3. Information sources

We interrogated two databases: The National Center for Biotechnology Information (NCBI)
Gene Expression Omnibus (GEO) and the European Bioinformatics Institute (EMBL-EBI)
ArrayExpress.
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2.4. Search strategies and dataset selection

We inquired the two databases on the same day (July 1, 2020) with no date filters applied.
Full details of search terms used and screening rationale for each dataset are available in
Tables S1 and S2 for GEO and ArrayExpress, respectively. Fig. 2 describes the systematic
review according to PRISMA guidelines. Eligible datasets were those meeting all the
inclusion criteria and none of the exclusion criteria. Duplicate records were removed in R,
rendering 7= 530 identified datasets. Within each dataset, only CNS regions relevant to
neuropathology and involved in neurodegeneration were included, as listed in the exclusion
criteria. To ensure the specificity of each disease expression signature, we excluded
intermediate phenotypes whenever reported, i.e. only disease AD samples classified as
Braak V/VI (corresponding to a neocortical NFT stage) were included. We also excluded
familial AD and LBD datasets to increase data homogeneity, however, familial ALS-FTD
datasets were considered eligible and included C9orf72, PGRN, SOD1, and CHMPZ2B
mutations. Included datasets are described in Table S3.

2.5. Quality control

We categorized each included dataset by both disease and brain region and studied them
individually, entailing 89 separate analyses. For each analysis, we normalized expression
data as needed using the Robust Multichip Average approach implemented in the o/igo
package (Carvalho and Irizarry, 2010; Irizarry et al., 2003). We generated data quality
reports with diagnostic plots via the arrayQualityMetrics package (Kauffmann et al., 2009;
Kauffmann and Huber, 2010), which were used to discard outliers as described in our
accompanying Data in Briefarticle. Probes were capped at the 20th percentile to filter for
low expression. Finally, we used surrogate variable analysis to remove unknown latent
variation in the data (Leek et al., 2012; Leek and Storey, 2007).

2.6. Differential expression analysis

For each dataset, differentially expressed genes (DEGs) were identified via the /imma
package in R (Ritchie et al., 2015). We used the mean difference between cases and controls
and the empirical Bayes estimated variance from /immato calculate z-scores of differential
expression (Phipson et al., 2016). Microarray probes were converted to ENTREZ IDs using
Bioconductor annotation packages (Maglott et al., 2007). In the event that multiple probes
mapped to the same gene, the single probe with the greatest interquartile range (IQR) was
retained (Walsh et al., 2015; Wang et al., 2012).

2.7. Meta-analysis

Z-scores of differential expression were tabulated separately across AD, LBD, and ALS-
FTD. For each disease, genes represented in at least 50% of the datasets were retained. Next,
we calculated meta-analytic z-scores using Liptak’s weighted Z-test, viz. a weighted average
of z-scores (Liptak, 1958; Zaykin, 2011). If multiple tissue samples were derived from the
same patient (i.e., different CNS regions), we corrected for multiple comparisons using the
Bonferroni method. The top 1000 upregulated and top 1000 downregulated genes in each
ranked gene list comprised the disease-predominant gene signatures for each disease, which
were intersected to identify possible pan-neurodegenerative genes (Table S4).
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2.8. Gene set enrichment analysis

We performed Gene Set Enrichment Analysis (GSEA) on the ranked meta-analytic z-score
lists of each disease (Subramanian et al., 2007, 2005). Enrichment was calculated against the
Gene Ontology: Biological Processes (GO: BP) available from the Molecular Signatures
Database (MSigDB) (Ashburner et al., 2000; Liberzon et al., 2011; The Gene Ontology
Consortium, 2019).

For each disease, the top 200 enriched pathways by Normalized Enrichment Score (NES)
were intersected to define the pan-neurodegenerative and disease-predominant pathways. To
reduce redundancy of reported pathways and combine parent-child ontology terms
describing the same biological phenomenon, the GO: Biological Processes were aggregated
by hierarchical clustering based on the Jac-card similarity coefficient and were manually
expert-annotated to assign representative labels. Genes with the top z-scores comprising
these pathways were visualized in heatmaps as well as protein-protein interaction (PPI)
functional networks constructed via the STRING biological database (version 11.0)
(Szklarczyk et al., 2019).

2.9. Validation

To validate these results, we performed three separate sensitivity analyses. First, we repeated
steps described in sections 2.5 to 2.8 for all datasets after randomly permuting the phenotype
label prior to differential expression analysis, and hence removing control/disease
classification information (Fig. S1). Second, we re-computed GSEA against the Reactome
database also available via MSigDB (Jassal et al., 2020), and compared the resulting
enriched pathways with those obtained from the GSEA against GO: BP.

Lastly, using a previously published dataset of immuno-panned human brain cell
subpopulations (Zhang et al., 2016), we investigated whether neuronal loss was driving the
downregulated pathways. Specifically, we identified a cassette of 280 neuron-predominant
genes, each with an average expression of =5 times the sum of their expression in all other
cell types. For each disease, we corrected the meta-analytic z-score of each gene by the
median meta-analytic z-score of the neuron-predominant genes. We then re-performed
GSEA against GO: BP with these corrected z-scores.

3. Results

3.1. Systematic review of AD, LBD, and ALS-FTD microarray datasets

After application of pre-specified inclusion and exclusion criteria following PRISMA
guidelines, our systematic review in the GEO and ArrayExpress repositories yielded 1648
control and 1586 disease samples from 26 AD, 21 LBD, and 13 ALS-FTD datasets (Fig. 2,
Table S3). During our stringent data pre-processing pipeline, 355 control and 279 disease
samples failed to meet the data quality requirements and were discarded. Hence, a total of
2600 samples — 1293 control and 1307 disease — were included in the subsequent analyses.
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3.2. Meta-analysis of AD, LBD, and ALS-FTD microarray datasets reveals a pan-
neurodegenerative gene signature

We next performed differential expression analysis of diseased versus control individuals in
each of the 60 included datasets, followed by a meta-analysis of differentially expressed
genes (DEGS) across datasets of each disease. This rendered meta-analytic gene expression
signatures for AD, LBD, and ALS-FTD. Overlap analysis of the top genes in each disease
signature revealed an intersection of 88 upregulated and 45 downregulated genes (Fig. 3,
Table S4). To examine cell-type enrichment of these genes, we used a public dataset of
immuno-panned human brain cell subpopulations as reference (Zhang et al., 2016). In Fig.
3, the color of each gene corresponds to the cell-type with the highest expression for that
gene. As expected, upregulated pan-neurodegenerative genes were predominantly glial,
while downregulated genes were predominantly neuronal.

A close inspection of these 88 upregulated genes revealed gene cassettes related to innate
immunity (C3, CEBPB, CEBPD, CSFIR, CXCR4, FCGRZA, FKBP5, IL10RA, ITGB?2,
MS4A6A, NFKBIA, SASH1, TLR5); extracellular matrix and cell adhesion/tight junction
(EMP3, GJAL, PLODZ2, SPARC, TIPZ, TMEMA47, VCAN); cytoskeleton, including actin
(CSRP1, EZR, FAM107A, HCLS1, KANKI, ITPRIDZ, MSN, S100A4, S100A10, SCIN,
WASF2), intermediate filament (GFAP, SYNM) and microtubule (M/D1/P1); ubiquitin-
proteasome system (FBXW4, PELI1, TRIMS) and autophagy (C7SH, CTSS, SERPINBG);
copper/zinc homeostasis (MT1Fand MT1H); cell cycle/apoptosis (B7G1, CFLAR, STAGI,
TOB1, TOB2); RNA processing (HNRNPF, PABPCI1, PNISR, RNASETZ2, SERBPFI,
SRRMZ2, THOCZ2); and regulation of transcription (AEBPI, BAZIA, BCL6, CHDS,
KAT6A, LARP7, MXI1, SIRT1, SPEN, TBL1X, TCF12, TRPSI1, VEZF1, YBX1, ZBTBI,
ZBTB16, ZBTB20, ZNF217).

Similarly, the 45 pan-neurodegenerative downregulated genes included mitochondrial
electron transport chain and energy metabolism (ATP5MF, NDUFA7, NDUFBS8, PDHB,
UQCRFS1, UQCRQ); protein degradation genes, including ubiquitin-proteasome system
(COPS5, PSMAI) and lysosome acidification (ATP6V1G2); cytoskeleton/axon transport
(ACTR10, ACTR6, TUBAIA, DNM3, TUBB3, TUBB4B); cell cycle and DNA replication
and repair (CDKNZD, CDKN3, FIBP, MCM4, MSHZ2, ORC3, PTP4A1, STYKI);
intracellular trafficking (GOLT1B, SNX10, SPCSI); cell adhesion/extracellular matrix
(B3GALNTI1, CGREFI1, CHL1, ITFGI); and regulation of transcription (BEX3, TCEAL4,
TM7SF2).

3.3. Gene set enrichment analysis identifies pan-neurodegenerative functional pathways

Because transcriptional changes are more likely to be consistent across datasets at a pathway
rather than at an individual gene level, and since genes are co-expressed in a pathway, we
investigated the overlap between these three disease signatures at the functional pathway
level. We performed Gene Set Enrichment Analysis (GSEA) (Subramanian et al., 2007,
2005) on the ranked meta-analytic gene sets across AD, LBD, and ALS-FTD. Top enriched
pathways were then intersected to obtain the pan-neurodegenerative pathway signature.
These pathways were grouped and expert-annotated based on the similarity of their
constituent genes (see Methods) to obtain specific up- and downregulated functions relevant
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to neurodegeneration (Table S5). Genes with the top z-scores in these pathways were
visualized in heatmaps (Fig. 4) and protein-protein functional interaction networks (Fig. S2).

Upregulated pathways in the pan-neurodegenerative signature were “response to zinc,” “toll-
like receptor, TNF, and NF«xB signaling,” “phagocytosis,” and “vasculature development.”
Thus, phagocytosis and inflammatory responses emerge as the main functional gains in all
three neurodegenerative diseases. The majority of the constituent genes of these pathways
are enriched in glial cells: 58.5% of the genes have highest expression in either microglia
(39.2%) or astrocytes (19.3%), followed by endothelial cells (14.4%), neurons (12.4%), and
oligodendrocytes (5.1%); the remaining 9.6% were not enriched in any particular cell-type
(Zhang et al., 2016).

In contrast, downregulated pathways included “respiratory electron transport chain,” “NAD
metabolism,” “ATP biosynthesis,” “aerobic respiration and Krebs cycle,” “mitochondrial
translation,” “aerobic electron transport chain,” “mitochondrion organization and axonal
transport,” “calcium ion regulated catecholamine exocytosis,” “lysosome acidification,” and
“ubiquitin-proteasome pathway.” Hence, the main functional losses are related to energy
metabolism and proteostasis (both autophagy and ubiquitin-proteasome system). Many of
these genes are neuronal: 38.9% of these genes have highest expression in neurons, followed
by astrocytes (23.2%), microglia (9.9%), endothelial cells (8.2%), and oligodendrocytes
(7.3%); the remaining 12.5% were not enriched in any particular cell-type (Zhang et al.,
2016).

Several sensitivity analyses validated our pan-neurodegenerative signature. First, to ensure
that our pan-neurodegenerative pathway signature was not merely the result of chance, we
randomly permuted the disease and control labels corresponding to the individual samples in
each dataset. After re-running all analyses, we obtained zero pathways at the intersection
between the three diseases, supporting the robustness of our pan-neurodegenerative pathway
signature (Fig. S1). Second, to demonstrate the reproducibility of our results with an
independent pathway database, we conducted pathway enrichment analysis against the
Reactome database and obtained very similar results to those from GO: BP (Table S6).
Third, to account for any influence of neuron loss in our bulk RNA meta-analysis, we
corrected the z-scores of the meta-analytic gene signatures using a set of genes expressed
predominantly in neurons as described in the Methods section. These analyses yielded
nearly identical results to those obtained without this correction, thus suggesting that our
pan-neurodegenerative signature cannot be merely explained by a shift in cell-type
proportions.

3.4. Meta-analysis of AD, LBD, and ALS-FTD microarray datasets also reveals disease-
predominant transcriptomic signatures

Besides identifying a shared expression signature, this meta-analysis offered the opportunity
to evaluate the transcriptomic changes characteristic of each of these three
neurodegenerative diseases. GSEA followed by similarity-based clustering and expert
annotation of resulting grouped pathways revealed distinct functional gains and losses in
each disease (Table S5). Average normalized enrichment scores corresponding to key
disease-predominant pathways are shown in Fig. 5.
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The AD-predominant signature was characterized by an upregulation of “cholesterol
transport,” “extracellular matrix organization,” “extrinsic apoptotic signaling pathway,” and
“T cell activation” among other functions, and a downregulation of “GABAergic
transmission,” “glutamatergic synaptic transmission and learning,” “calcium ion regulated
neurotransmitter exocytosis,” “neurotransmitter uptake regulation,” “action potential
depolarization,” “regulation of calcium and potassium transmembrane transport,” “dendrite
extension,” and “synaptic plasticity.”

The LBD-predominant signature consisted of an upregulation of “chaperone-mediated
protein folding by heat shock proteins” and “interferon response,” and a downregulation of
“catecholamine biosynthesis,” “response to amphetamine,” “catecholamine reuptake,”
“pigment granule localization,” “dopaminergic neuron differentiation,” and “cholinergic
synaptic transmission,” based on the most salient grouped pathways.

LI

Finally, the ALS-FTD-predominant signature consisted of an upregulation of “response to
reactive nitrogen species and steroids” and “superoxide anion generation,” and a
downregulation of “microtubule-dependent axonal transport,” “microtubule-dependent cell
motility,” and “microtubule nucleation,” among other pathways. Importantly, these pathways
were largely conserved after correcting for neuron loss (see Methods), supporting the
disease specificity of neurodegenerative processes in particular neuron types (i.e.,
glutamatergic in AD, cholinergic and catecholaminergic in LBD, and motor neurons — in
which axonal transport is critical — in ALS-FTD).

4. Discussion

The use of bioinformatics tools on a large number of AD, LBD, and ALS-FTD
transcriptomic datasets comprising a total of 1293 control and 1307 disease samples from
diverse, pathologically relevant CNS regions (e.g., hippocampus, entorhinal cortex, and
association cortex in AD; substantia nigra and striatum in LBD; and spinal cord and motor
cortex in ALS-FTD) enabled the identification of a pan-neurodegenerative expression
signature common to all three neurodegenerative diseases. This pan-neurodegenerative gene
signature consisted of an upregulation of genes involved in innate immunity, cytoskeleton,
RNA processing, and transcriptional regulation mainly in microglia, astrocytes and, to a
lesser extent, oligodendrocytes, and a downregulation of genes involved in mitochondrial
electron transport chain and energy metabolism, cytoskeleton/axon transport, and cell
cycle/DNA repair, mainly in neurons. The overrepresentation of genes encoding for innate
immune, actin-interacting, and other cytoskeleton proteins, together with extracellular
matrix, cell adhesion/tight junction, and autophagy genes (e.g., cathepsins H and S) in the
upregulated pan-neurodegenerative signature could be explained by an increase in cell
motility and phagocytosis, since microglia are actively surveilling the neuropil and removing
synapses and dead neurons (Fuhrmann et al., 2010), likely in concert with astrocytes
(Damisah et al., 2020).

At the pathway level, the pan-neurodegenerative signature was defined by an upregulation of
pro-inflammatory (including Toll-like receptor, TNF, and NFxB signaling) and phagocytic
pathways, and a downregulation of mitochondrial oxidative phosphorylation. Intriguingly,
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lysosomal acidification (exemplified by ATP6V1G2in the pan-neurodegenerative gene
signature) and ubiquitin-proteasome pathways were also downregulated. This finding is
noteworthy as aging itself may be associated with the existence of a metastable sub-
proteome comprised of proteins whose physiologic concentration exceeds their solubility
and are, therefore, prone to aggregation (Ciryam et al., 2016; Walther et al., 2017). Thus, our
results suggest that the clearance pathways for these aggregated proteins may also be
impaired in neurodegenerative diseases; experimental data on all three diseases support this
conclusion (Gao et al., 2017; Scrivo et al., 2018; Vilchez et al., 2014). Furthermore, both
autophagy and proteasome-mediated protein degradation require high levels of ATP, which
may be in short supply in neurons due to the failure of energy metabolism (suggested by the
downregulation of energy metabolism genes). Besides being an energy source, at high
concentrations ATP may act as a biological hydro-trope, keeping proteins soluble or
dissolving previously formed protein aggregates (Patel et al., 2017); therefore, an ATP
deficit may favor further protein aggregation.

In addition, our meta-analysis enabled us to evaluate the functional gains and losses
characteristic of each disease. Among the most distinct gains in AD were cholesterol
transport — which has also been implicated in AD pathogenesis by genome-wide association
studies (Kunkle et al., 2019) — and extracellular matrix organization. Similarly, protein
chaperone activity and response to oxidative stress were upregulated in LBD and ALS-FTD,
respectively. Conversely, the main functional losses were GABAergic and glutamatergic
neurotransmission and synaptic plasticity in AD, catecholaminergic and cholinergic
neurotransmission in LBD, and microtubule organization and axonal transport in ALS-FTD.

Importantly, while a shift in cell-type proportions associated with neuron loss could have
partially contributed to the observed findings, our analyses aimed at correcting for this shift
reinforce the conclusion that this pan-neurodegenerative signature is related to a dysfunction
of surviving neurons rather than neuronal loss. Several other lines of evidence support this
conclusion. First, recent single nuclei RNA-seq studies from human postmortem AD and
control brains have shown that most DEGs assigned to nuclei from excitatory and inhibitory
neurons are downregulated (Mathys et al., 2019). Second, a failure of energy metabolism,
specifically glucose utilization, can be seen in disease-affected CNS regions of AD, LBD
and ALS-FTD patients with [18F]-deoxy-glucose (FDG)-PET imaging, even after co-
registering with MRI and correcting for severity of atrophy, and FDG-PET scans are helpful
for the clinical diagnosis of AD (McKhann et al., 2011), DLB (McKeith et al., 2017) and
FTD (Rascovsky et al., 2011). Third, a recent CSF and brain proteomic study in a large
cohort of control and AD subjects has reported a downregulation of neuronal and
mitochondrial proteins in AD as well as an upregulation of astrocyte and microglial proteins,
suggesting that our results derived from transcriptomics hold true at the proteomics level
(Johnson et al., 2020). Finally, although the 18 kDa translocator protein (TSPO) is not only
expressed by microglia (Gui et al., 2020), an increased uptake of TSPO radiotracers in
disease-relevant CNS areas has been shown for AD (Fan et al., 2015), LBD (Fan et al., 2015;
Gerhard et al., 2006) and ALS-FTD (Alshikho et al., 2018), supporting microglial activation.

Some limitations of our study should be acknowledged. Combining datasets from different
CNS regions obviates the regional heterogeneity in gene expression of the brain (Sjostedt et
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al., 2020), however we discarded datasets from regions generally spared by the
neurodegenerative process and assumed that the progression of the proteinopathy through
the affected neural networks would attenuate those regional differences. Further, bulk RNA
data analyses are inherently affected by shifts in cell-type proportion and cannot reliably
account for transcripts that are upregulated by one cell type and downregulated by another.
While our correction for neuron-predominant gene expression yielded similar results, future
meta-analyses of existing single-nuclei RNA-seq studies are required to resolve these
outstanding questions. Finally, as we filtered for duplicate probe mappings, spliced isoform-
specific signal may have been omitted from our analyses. Nonetheless, our study has several
strengths. We conducted a systematic review of microarray transcriptomic datasets in two
different repositories following PRISMA guidelines to minimize selection bias. We
rigorously meta-analyzed a large number of datasets of disease-affected CNS regions from
three neurodegenerative diseases, totaling 1293 control and 1307 diseased samples (to our
knowledge, the largest transcriptomics meta-analysis across AD, LBD, and ALS-FTD to
date), and overlapped the three resulting meta-analytic signatures to obtain a robust,
common neurodegenerative signature shared by all three.

In summary, our meta-analysis of AD, LBD, and ALS-FTD microarray transcriptomic
studies identified neuroinflammation, together with a failure in neuronal energy metabolism
and protein degradation, as the substrates underlying neurodegeneration. These results imply
a gain of function in microglia and loss of function in neurons. Additional single-cell and
single-nuclei RNA-seq studies in postmortem specimens from patients with various
neurodegenerative diseases, as well as healthy subjects across the lifespan, are needed to
confirm these findings and contrast them with normal aging.
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Perform RMA normalization. . . .
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Annotate probes, filter Calculate z-scores of Perform SVA to correct for
duplicates by IQR. differential expression. latent confounders.
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Perform GSEA on ranked
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Fig. 1. Methods Overview.
Summary of the data analysis pipeline applied in this study.

Neurobiol Dis. Author manuscript; available in PMC 2021 February 03.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

z
o
<]
=3
@
2
o

Identification

Screening

Eligibility

Included

GEO Records Identified

ALS-FTD

ArrayExpress Records Identified

Total Records Identified Through Search
n =142

\

/

Records Screened

n =89

\

/

Records Assessed for Eligibility

n=17

Y

/

Records Included in Meta-Analysis

n=13

ALS-FTD
Datasets

Fig. 2. Dataset Selection Wor kflow.
Description of the systematic review of human transcriptomics from AD, LBD, and ALS-

FTD patients in the Gene Expression Omnibus (GEO) and ArrayExpress databases
according to PRISMA guidelines. After applying pre-specified inclusion and exclusion
criteria, our systematic review yielded 1677 control and 1563 disease samples from 26 AD,
21 LBD, and 13 ALS-FTD datasets.

Neurobiol Dis. Author manuscript; available in PMC 2021 February 03.

Page 18

Records Excluded

Duplicate Records or Reanalysis
n =53

Records Excluded

Not Human Brain Tissue

n=19
Not Disease in Question

n=25
Patient-Derived Cell-Line or Disease Model

n=27

Study Design Not Case-Control
n=1

Records Excluded

Brain Region Not Affected by Neuropathology
n=1

Incompatible Platform or Annotation
n=3




1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Noori et al.

Page 19

A Upregulated Genes in Intersection

IL10RA ITGB2 MS4A6A  NFKBIA SASH1 TLRS

Extracellular Matrix Cell Adhesion
PLOD2 SPARC VCAN EMP3 GJA1 TIP2 TMEM47

Cytoskeleton
CSRP1 EZR FAM107A GFAP HCLS1 ITPRID2 KANK1
MID1IP1 MSN S100A10 S100A4 SCIN SYNM WASF2

Ubiquitin Proteasome System Cul/Zn
FBXW4 PELI1 TRIM8 MT1F MT1H

Transcription
AEBP1 BAZ1A BCL6 CHD9 KAT6A LARP7
mxi SIRT1 SPEN TBL1X TCF12 TRPS1
VEZF1 YBX1 ZBTB1 ZBTB16 ZBTB20  ZNF217

RNA Processing
HNRNPF PABPC1 PNISR RNASET2 SERBP1 SRRM2 THOC2

Cell Cycle Autophagy
BTG1 STAG1 TO0B1 TOB2 CTSH CTSS  SERPINB6

Other
CFLAR DCLRE1C DDIT4 EBLN2 FOX04 GRAMD2B ITPKB KCNE4
LRP4 NACC2 NBPF1 PTTG1IP PXDC1 SGK1 SLCO4A1 SORBS1 TRIP10

Mitochondrial Electron Transport Chain
ATP5MF NDUFA7 NDUFB8 PDHB UQCRFs1 UQcrQ

el Protein Degradation
ATP6V1G2 COPSS5 PSMA1

Cytoskeleton and Axonal Transport
ACTR10 ACTR6 DNM3 TUBA1A TUBB3 TUBB4B

CDKN2D CDKN3 FIBP mcm4
MSH2 ORC3 PTP4A1 STYK1

[ Cell Cycle and DNA Repair j

[ Cell Adhesion and ECM ]
ITFG1

B3GALNT1 CGREF1 CHL1

Intracellular Trafficking
GOLT1B SNX10 SPCS1

Transcription

BEX3 TAF9 TCEAL4
Other
AUH C120rf10 DLG3 ITPA JPT1 MAGED1
MPPED2 MRPS35 PAFAH1B1 PEX7 TM7SF2 TMEFF1

D e T

E Il Neuron [ Astrocyte Oligodendrocyte
v¢ [ Endothelial [ Microglia

Fig. 3. Pan-Neurodegener ative Genes.
The top 1000 upregulated and top 1000 downregulated genes by meta-analytic z-score for

AD, LBD, and ALS-FTD were intersected to define the pan-neurodegenerative gene
signature, which was composed of 88 upregulated and 45 downregulated genes. The color
for each gene corresponds to the cell-type with the highest expression for that gene by
average FPKM (Zhang et al., 2016).
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Fig. 4. Pan-Neurodegener ative Pathways.
Genes with the top z-scores of the pan-neurodegenerative pathways were visualized in

heatmaps, where columns represent individual datasets included in the meta-analysis, and
rows represent moderated z-scores of differential expression for a specific gene across these
datasets. Annotation bars represent z-scores, disease label, and CNS region (EC = entorhinal
cortex, HIPP = hippocampus, PCG = posterior cingulate gyrus, TEMP = temporal cortex,
FRONT = frontal cortex, PAR = parietal cortex, DMNV = dorsal motor nucleus of the
vagus, LC = locus coeruleus, SN = substantia nigra, STR = striatum, MOT = motor cortex,
SC = spinal cord).
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Fig. 5. Disease-Predominant Pathways.
Gene set enrichment analysis (GSEA) normalized enrichment scores (NES) for
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