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Figure 3. Gene ontology (GO) enrichment of differentially expressed genes (DEGs). Left panel: GO BP (biological
process) terms of enrichment g-value < 0.05 were illustrated; when no such BP or molecular function term exists, CC
(cellular compartment) terms of enrichment g-value < 0.05 were illustrated. Middle panel: -log10 enrichment g-value
(blue bar) and proportion of DEGs in GO term over GO term genes (red bar). Right panel: top 25 DEGs that are mostly

observed in selected GO terms. DEGs were identified at g<0.1 in both AD vs control and PSP vs control comparisons.
Discussion

Numerous studies analyzing large-scale transcriptomic alterations in AD reveal a large number of network abnormalities
that demonstrate widespread changes in pathways including but not limited to immune function, myelination, synaptic

#2AL1318  Though these postmortem cross-sectional data sets provide a detailed

transmission and lipid metabolism
systems level description of changes that have occurred over the disease course, in isolation they do not provide a
framework for cause and effect relationships. The conservation in the overall transcriptome signature of AD and PSP
relative to control brains indicates that the transcriptomic changes observed are more likely attributable to common
downstream events in the neurodegenerative cascade and not initiating events. The fact that these conserved

transcriptomic changes are observed in regions with neuropathologies varying from minimal to significant suggests that
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these conserved expression changes are unlikely to be driven by gross neuropathology or cell proportion changes. We
have previously identified reduced expression of myelination network transcripts and proteins in both AD and PSP TCx
and nominated it as a common disease mechanism for both conditions®. Given that AD and PSP are both tauopathies,
conserved transcriptional alterations may not generalize to all neurodegenerative disorders. That said, the conservation
holds in the CER, which is thought to be largely unaffected in these disorders, and therefore we would speculate that
carefully conducted transcriptomic studies that are expanded to include other neurodegenerative proteinopathies may
well show similar shared transcriptomic changes reflecting a long-standing neurodegenerative process triggered by

protein accumulation.

Our finding that there is a shared transcriptomic architecture between the TCx and the CER within AD and PSP is
noteworthy and consistent with our prior findings in transcriptional networks®. As noted previously, we had intended

IM

the CER to serve as a “control” for a largely pathologically unaffected brain region in AD; however, these transcriptomic
data indicate a strong correlation between DEGs in both regions. Though this correlation is more robust due to the
larger number of DEGs in AD vs. control, the correlation holds in PSP. This observation has several implications. First,
these data demonstrate that long-standing neurodegenerative disease processes have a broad impact on the brain that
extends well beyond visible pathology. Thus, there needs to be appropriate caution when inferring that a brain region in
disease is “unaffected” based on an absence of pathological abnormalities as assessed using standard methods. Second,
highly similar transcriptomic alterations in the brain driven by a regional or multi-regional proteinopathy likely reflect a
mixture of common degenerative and compensatory responses attributable to long standing pathology within the brain,
such as dysregulations of mitochondria'’. Third, it is possible that the combination of epigenetic and genetic factors

contributes to the similar transcriptomic alterations, as indicated by the DEGs of chromatin modification

pathway'®*°(Fig. 3).

In summary, the concept that AD, PSP or any other neurodegenerative disease has a specific transcriptomic signature
may be inaccurate; rather there appears to be conserved transcriptomic alterations due to common proteinopathies or
their downstream effects. This assertion will require additional large-scale transcriptomic analyses of other age
associated neurodegenerative diseases conducted in a manner that eliminates many of the experimental confounds,
such as batch effects. The large number of highly perturbed networks in AD that have been established in prior studies
and our analyses in this study reinforce the notion that in the symptomatic phase, neurodegenerative diseases are
characterized by incredibly complex biology that likely represents a mix of long-standing degenerative and
compensatory processes. Such data reinforce the need to both develop paradigms that allow for the earliest possible
intervention in these disorders that typically have long prodromal phases, and to develop multifaceted therapies that
might be able to better alter the complex alterations present in the symptomatic phases of disease. Our findings also
demonstrate the widespread perturbations of systems in the whole brain in neurodegenerative diseases, which requires
novel biomarkers capable of tracking these changes in relatively “unaffected” brain regions and formulating therapies

that address these ubiquitous alterations.
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Methods:
Subjects and Samples

The study dataset has been made available to the research community and described in detail previously”?. Briefly, AD,
PSP and control subjects were diagnosed neuropathologically at autopsy. AD subjects are from the Mayo Clinic Brain
Bank, had definite neuropathologic diagnosis according to the NINCDS-ADRDA criteria’* and had Braak neurofibrillary
tangle (NFT) stage of 24.0. All PSP subjects are from the Mayo Clinic Brain Bank and were diagnosed according to NINDS
neuropathologic criteria’. Control subjects, either from Mayo Clinic Brain Bank or Banner Sun Health Institute, had Braak
NFT stage of 3.0 or less, CERAD neuritic and cortical plaque densities of 0 (none) or 1 (sparse) and lacked various
pathologic diagnoses. TCx and CER samples underwent RNA extractions via the Trizol/chloroform/ethanol method,
followed by DNase and Cleanup of RNA using Qiagen RNeasy Mini Kit and Qiagen RNase -Free DNase Set. The quantity
and quality of RNA samples were determined by the Agilent 2100 Bioanalyzer using the Agilent RNA 6000 Nano Chip.
Samples included in this study all have RIN >5.0. Among final samples included in this study (231 TCx samples and 224

CER samples), 197 TCx and 197 CER samples were paired, i.e. from the same 197 subjects.
RNA sequencing

Library preparation and sequencing of the samples were conducted at the Mayo Clinic Genome Analysis Core using
TruSeq RNA Sample Prep Kit (lllumina, San Diego, CA). The library was sequenced on lllumina HiSeq2000 instruments,
generating 101 base-pair, paired-end raw reads. Raw reads were processed through MAPR-Seq pipeline®” v1.0 which

removed reads of low base-calling Phred scores, aligned remaining reads to human reference genome build GRCh37

23,24

using Tophat v2.0.12****, counted reads in genes using Subread 1.4.4%°, and obtained QC measures from both pre-

26,27

alignment reads and post-alignment reads using RSeQC toolkit and fastQC (

https://www.bioinformatics.babraham.ac.uk/projects/fastgc/ ). Samples that have high RNA degradation, or low reads

mappability, or inconsistency between recorded sex and estimated sex using RNAseq chromosome Y expression were
removed from downstream analysis. Raw reads of remaining samples were normalized using R cqn package” which took
into consideration library size, gene GC content and gene coding length, resulting in normalized expression in log2 scale.

Additional information could be found in our previous publication>*.
Regression analysis

Multiple linear regression (MLR) were performed for each gene using normalized gene expression as dependent
variable, diagnosis as primary independent variable, and RIN, age at death, sex, source of samples and flowcell as
covariates (simple model), plus expression of five cell type markers (ENO2 for neuron, CD68 for microglia, OLIG2 for
oligodendrocyte, GFAP for astrocyte and CD34 for endothelial cells) as covariates (comprehensive model), as previously

published”. Diagnosis groups in these MLR were TCx ADvC, TCx PSPvC, CER ADvC and CER PSPvC.


https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://doi.org/10.1101/2021.01.18.426999

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.18.426999; this version posted January 20, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Using B coefficients of DEGs of g-value<=1 (namely, <0.1, 0.05, 0.01) from the above MLR, simple linear regression was
performed. Slopes and R® were obtained (Fig 1-2) from the following models: B.TCx.PSPvsCtrl ~ 1 + slope *
B.TCx.ADvsCtrl, B.CER.PSPvsCtrl ~ 1 + slope * B.CER.ADvsCtrl, B.CER.ADvsCtrl ~ 1 + slope * B.TCx.ADvsCtrl, and
B.CER.PSPvsCtrl ~ 1 + slope * B.TCx.PSPvsCtrl.

GO enrichment analysis

Differentially expressed genes were analyzed for GO enrichment using FUMA GWAS web server at https://fuma.ctglab.nl
with MSigDB v7.0">*°. Background genes (N=14662) were the expressed coding genes in both TCx and CER cohorts,
genes of interest were DEGs of g-value < 0.1 in both group comparisons and consistent in direction of expression

change. Figures were made using R software environment.

Data Availability:

Data Synapse ID URL
Overall dESCI’iptiOH syn5550404 https://adknowledgeportal.synapse.org/Explore/Studies/DetailsPage?Study=syn5550404

normalized expression of TCx samples | syn15833248 | https://www.synapse.org/#!Synapse:syn15833248

normalized expression of CER samples | syn15889850 | https://www.synapse.org/#!Synapse:syn15889850

meta file of TCx samples syn3817650 | https://www.synapse.org/#!Synapse:syn3817650
QC information of TCx samples syn6126114 | https://www.synapse.org/#!Synapse:syn6126114
meta file of CER samples syn5223705 | https://www.synapse.org/#!Synapse:syn5223705
QC information of CER samples syn6126119 | https://www.synapse.org/#!Synapse:syn6126119
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