bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder.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.

Gene Expression Signatures of Sporadic ALS Motor Neuron Populations

Ranjan Batra'?$, Kasey Hutt" %, Anthony Vu' %, Stuart J. Rabin®, Michael W. Baughn? Ryan
T. Libby® , Shawn Hoon*, John Ravits**, Gene W. Yeo'?*°*

Affiliations:

'Department of Cellular and Molecular Medicine, Stem cell Program and Institute for
Genomic Medicine, University of California at San Diego, La Jolla, California, USA
“Department of Neurosciences, University of California at San Diego, La Jolla
®Neurogenomics Lab, Benaroya Research Institute, Seattle, WA, USA

*Department of Physiology, Yong Loo Lin School of Medicine, National University of
Singapore, Singapore

*Molecular Engineering Laboratory, A*STAR, Singapore

$These authors contributed equally to this work

*Corresponding authors: geneyeo@ucsd.edu, jravits@ucsd.edu


https://doi.org/10.1101/038448

bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder.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.

Abstract

Background: Amyotrophic lateral sclerosis (ALS) is a fatal neurodegenerative disease
primarily affecting motor neurons (MNs) to cause progressive paralysis. Ninety percent of
cases are sporadic (sALS) and ten percent are familial (fALS). The molecular mechanisms
underlying neurodegeneration remain elusive and there is a lack of promising biomarkers that
define ALS phenotypes and progression. To date, most expression studies have focused on
either complex whole tissues that contain cells other than MNs or induced pluripotent derived
MNs (iMNs). Furthermore, as human tissue samples have high variability, estimation of
differential gene-expression is not a trivial task.

Results: Here, we report a battery of orthogonal computational analyses to discover gene-
expression defects in laser capture microdissected and enriched MN RNA pools from sALS
patient spinal cords in regions destined for but not yet advanced in neurodegenerative stage.
We used total RNA-sequencing (RNA-seq), applied multiple percentile rank (MPR) analysis to
analyze MN-specific gene-expression signatures, and used high-throughput qPCR to validate
RNA-seq results. Furthermore, we used a systems-level approach that identified molecular
networks perturbed in sALS MNs. Weighted gene co-expression correlation network (WGCNA)
analysis revealed defects in neurotransmitter biosynthesis and RNA-processing pathways
while gene-gene interaction analysis showed abnormalities in networks that pertained to cell-
adhesion, immune response and wound healing.

Conclusions: We discover gene-expression signatures that distinguish sALS from control
MNs and our findings illuminate possible mechanisms of cellular toxicity. Our systematic and
comprehensive analysis serves as a framework to reveal expression signatures and disrupted
pathways that will be useful for future mechanistic studies and biomarker based therapeutic

research.
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Introduction

Amyotrophic lateral sclerosis (ALS) is a progressive fatal neuromuscular disease that
predominantly affects upper and lower motor neurons [1] [2]. The majority (90%) of cases are
sporadic (sALS), and a minority (10%) of cases are familial (fALS) [3]. The causes of
sporadic ALS and the mechanisms of neurodegeneration even in genetically defined cases
are unknown. The most common neuropathological hallmark of sALS is TDP-43 positive
cytoplasmic inclusions, especially in neurons [4]. At present, there is no cure for ALS and a
dearth of clinical biomarkers for the development of effective clinical targets. Studying gene-
expression and RNA-processing in the patient tissues can lead to identification of
transcriptional and post-transcriptional disturbances and relevant biomarkers, and even novel
mutations that define the strikingly similar phenotypes of this diverse group of patients.
Importantly, there appears to be a central role for the disruption of RNA processing in ALS
with the discovery of fALS mutations in RNA binding proteins (RBPs) including TARDBP
(TDP-43), FUS, TAF15, HNRNPA2B1, HNRNPA1, EWSR1 and ATXN2. Thus the strategy to
identify RNA signatures delineating ALS seems a promising one.

Recently, there has been a number of studies that have profiled human tissues [5] [6]
[7]1 [8]- These studies profiled gene-expression signature in homogenized whole tissues [9].
Although these approaches are useful for discovering mechanisms of pathogenesis and
druggable targets, they overly simplify the reality of complex heterogeneous tissues such as
the nervous system. One recent study was carried out for C9orf72 ALS (C9ALS) and sALS in
frontal cortex and cerebellum and identified many ALS-related expression and splicing
changes [9]. Surprisingly, cerebellum, a region of the central nervous system (CNS) thought
relatively spared clinically in patients, was particularly affected in COALS patients. However,
the study does not assess transcriptome-wide changes in a particularly disease-relevant cell
population, such as motor neurons in patient spinal cords. A number of profiling studies have
selectively enriched RNA pools, such as dissecting the anterior horns [10] or by
microdissection [11] [12] [13] [14]. In our previous study, we used exon oligonucleotide
microarrays to profile gene-expression in sALS motor neurons (MNs) using laser capture
microdissection (LCM) [12]. Another study analyzed a smaller number of sALS samples using
Affymetrix exon arrays to profile LCM lower motor neurons [14]. These studies reported
alterations in splicing and gene-expression profiles in ALS but a comprehensive systems-
based gene-expression analysis was only carried out for C9orf72 ALS [15]. Furthermore, it is

difficult to establish if the gene-expression changes are the result of neurodegeneration.
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Clinical observations in ALS suggest that neurodegeneration may begin focally and
progress along anatomically defined neuronal tracts over the disease path [16, 17]. The site
of onset in ALS is often predictive of the neuroanatomical path of degeneration [16]. This
creates an opportunity for predicting and isolating neurons that lie along the course of future
neurodegeneration but that have not succumbed to disease at the time of death when the
disease process subsumed respiratory motor neurons anatomically proximal in the disease
path [17]. Here we use RNA-sequencing methodology to define transcriptomic signatures of
sALS spinal motor neurons (not succumbed at the time of isolation) isolated by laser capture
microdissection, extending our previous microarray study [12]. We use three main statistical
and analytical approaches to report unique transcriptomic signatures of these neurons that
are different from those described by whole tissue analysis of different brain regions, or LCM
captured MNs from CO9orf72 ALS patients. Network based analysis of expression data
identified specific modules of genes that are affected in the sALS neurons including immune
response and cell adhesion. In addition, gene interaction network analysis identified defects
in RNA processing. Our data and findings will serve as an important framework for
uncovering mechanisms underlying sALS, identifying candidate targets for therapy, and

discovering candidate biomarkers.
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RESULTS

Laser capture microdissection results in high quality collection of RNA

To obtain transcriptome-wide gene expression measurements in adult spinal motor neurons
(MNs), we performed laser capture microdissection (LCM) of lumbar spinal cord sections from
13 sALS patients and 9 control patients (Figure 1A, Supplementary Table 1A). Nervous systems
selected for profiling for SALS were from patients who had bulbar or arm onset of disease and
caudally progressing disease and thus had abundant residual motor neurons in the lumbar
region at the time of death. Total RNA was extracted and amplified using random priming,
converted into cDNA, linearly amplified, fragmented and subjected to sequencing library
preparation. The quality and quantity of products was controlled at each step using
microelectrophoresis and RNA integrity numbers (Supplementary Table 1) and resulted in high-

quality libraries that were submitted for high-throughput lllumina sequencing.

RNA-seq quality assessment shows sufficient sequencing depth and specific enrichment
for motor neuron signature

The 22 RNA-seq libraries were randomized (Supplementary Table 1B) and sequenced on
lllumina GA Il to an average depth of ~28 million reads per sample (Table 1). Reads were
mapped to the hg18 genome assembly using the alignment software Bowtie [18] and
subsequent gene assignment demonstrated an approximately four-fold enrichment for reads
overlapping annotated gene boundaries over intergenic space, indicating that RNA extraction
was sufficient in capturing ~5000 (log,RPKM > 1) annotated protein-coding genes. To evaluate
if the capture enriched for motor neurons (MNs), we included RNA-seq data from motor neurons
derived from two independent induced pluripotent stem cells (iPSCs) as comparison for an early
MN signature (Figure 1B, right two lanes), as well as human epithelial kidney cells (HEK293T)
as a non-neuronal comparison. Essentially all the genes within our neuronal panel were
enriched in the LCM-isolated MN samples over the HEK293T cells. This included the N-methyl-
d-aspartate (NMDA) receptor GRIN2A and the alpha-amino-3-hydroxy-5-methyl-4-isoxazole
propionate [4] receptor GRIA2 (Figure 2B). The marker genes typical of motor neurons, CHT1,
CHAT, and to a lesser extent, NKX6-2 were enriched (Figure 1B and Supplementrary Figure 1).
Early MN markers ISL1 and ISL2 were not overrepresented, indicating that the LCM-isolated
MNs harvested were mature. Somewhat surprisingly, HB9 was also not enriched when
compared to 293T cells, although our data suggests this gene is also expressed in 293T cells.

An astrocyte marker SB100 and microglial markers like PTPRC and CX3CR1 were also
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enriched in our MN pool (Figure 1B). We concluded that our LCM followed by RNA-seq
approach was successful in obtaining a MN-enriched population of cells from sALS and control
patients, recognizing that other cell types such as astrocyte and microglia RNA were also

unavoidably present.

RNA-seq data analysis of sALS motor neurons identifies unique gene-expression
signature

To identify expression differences in these highly enriched MN samples that distinguish sALS
patients from controls, we applied a modification of a published method [19], termed Median
Percentile Rank (MPR). More frequently used methods that identify differentially expressed
genes, such as EdgeR [20] and DE-seq [21], are sensitive to the naturally higher sample
variability from human samples. Therefore, we utilized MPR which was previously used to find
enriched targets in comparably noisy data generated by ChlIP-on-chip [19] (see methods).
Briefly, the MPR approach begins by ordering the genes by its fold-change in each pairwise
comparison between sALS and control samples. Next, the percentile rank of each gene is
calculated based on the position of the gene in the ordered (high to low fold-change) list. The
MPR value is then calculated as the median of percentile ranks for a given gene across all
comparisons. The MPR values for all genes is displayed using a histogram, and any gene that
is significantly upregulated or down-regulated is positioned towards the edges of the histogram,
and cutoffs are estimated empirically from the proportion of genes occurring near the edges.
From the 117 pairwise comparisons, we observed that two clear cutoffs appear (Figure 2A and
Supplementary Table 2A, cutoffs of 0.85 and 0.15). These cutoffs produced 2,346 upregulated
and 955 down-regulated genes in sALS patient compared to control samples. Interestingly, the
upregulated set of genes (in red) was more robust to increasingly conservative (e.g. requiring
that the gene is counted only in higher numbers of comparisons) iterations for MPR inclusion
(Figure 3A, darker shades of red or green) than the down-regulated set, suggesting that the

upregulated genes are more robustly affected between comparisons of sALS samples to control
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samples. Hierarchical clustering of the expression values of the 1500 genes (RPKM values
higher than 2.0 and max. — min. >2.0, Supplementary Table 2D) that were predicted to be
distinct between sALS and controls by MPR analysis led to the clear segregation of at least 8
out of 12 sALS and at least 7 out of 9 control samples (Figure 2B). Furthermore, principal
component analysis (PCA) of these samples based on MPR-identified genes confirmed that
SALS samples were indeed much more variable than the control samples (Figure 2C). To
evaluate the molecular and biological processes that are altered, we performed Gene Ontology
analyses using the DAVID package [22] . We identify enrichment in extracellular region (P
value = 5.3E-31), immune response (P value = 5.1E-27), and biological (cell) adhesion (P value
= 7.7E-21) categories (Supplementary Table 2) in the genes upregulated in sALS samples. In
summary, our results demonstrated that sALS motor neuron enriched RNA pools have a
differential RNA signature compared to control patients.

Gene-expression validation using high-throughput gPCR shows high congruence

As an independent method to validate the expression changes discovered by RNA-seq,
we performed quantitative RT-PCR using the Fluidigm Biomark platform. The 22 original cDNA
samples were interrogated with a selection of 18 upregulated and 18 down-regulated genes, as
well as a smaller panel of genes predicted to be unchanged (control genes). A heat map of delta
Ct values (Ct value of target gene — Ct value of control genes) is shown (Figure 3A). Our results
demonstrate that our panel clearly distinguishes between sALS and control cells, while also
visibly reflecting the natural variation in these human samples (Figure 3A). To evaluate how well
gRT-PCR compares with our RNA-seq and MPR-based predictions, each qRT-PCR pairwise
comparison was validated against the same RNA-seq paired comparison. For each pair of SALS
and control sample compared, the qRT-PCR derived fold-change of the gene was compared
with its fold-change as measured by RNA-seq. If the expression of the gene was conservatively
two-fold different between sALS and control sample by both gqPCR and RNA-seq, we first
considered that the methods reliably detected the change in the target gene. Next, if the gene is
changing in sALS relative to control sample in the same direction by both gPCR and RNA-seq,
the gene would be considered concordantly validated and is highlighted in green in Figure 3B.
But, if the qRT-PCR comparison yields discordant directions of change by RNA-seq, it would be

highlighted in red (Figure 3B). The percentage of reliably detected changes between all pairwise
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comparisons where the direction of change (i.e. higher in sALS) was the same was determined
for each gene evaluated (Figure 3B). Notably, the down-regulated genes showed lower actual
agreements, as the most highly predicted down-regulated gene was concordant in only 52
pairwise comparisons (Figure 3C). In contrast, the most upregulated gene was concordant in 87
pairwise comparisons, which suggests that the upregulated set has higher predictive value in
distinguishing disease versus control expression changes (Figure 3C). In summary, we
conclude that at least ~80% and ~60% of the upregulated and downregulated genes,

respectively, are concordant between both technologies.

Systems-level analysis of sALS motor neuron gene-expression reveals affected cellular
networks

To assess what genes in our MPR dataset interacted with each other based on
experimental evidence of co-expression, neighborhood and pathways, we used the String v10
software to assemble them into high confidence (0.90) biological networks (Figure 4A, full
network in Supplementary Figure 2, network coordinates in Supplementary Table 3E) [23]. We
identified 4 distinct groups of high confidence interaction networks, which were empirically
annotated as (1) cell adhesion and extracellular matrix, (2) chemokines and immune response,
(3) cell signaling, and (4) glutamate and neurotransmitter metabolism. We found that
intersection of sSALS MN gene-expression with sALS and C9ALS cerebellum and frontal cortex
data [9] showed little overlap implying that different regions of the adult CNS may be distinctly
affected and mixed populations of cells are likely to reveal different gene-expression signatures
(Supplementary Figure 3).

Another avenue to gain insights into the pathways that are distinct between the
expression profiles of disease and control conditions is by employing weighted gene co-
expression correlation network analyses (WGCNA) [24] [25]. This analysis focuses on a module
or a group of genes (rather than a single gene) that appear to be correlated in their expression.
The genes are hierarchically clustered and the branches of the dendrograms with similar gene-
expression are designated as modules. We applied the WGCNA co-expression analysis to our
LCM MN RNA-seq data. The MN gene dendrogram had only a few distinct branches and 3
significant modules altered in sALS samples were detected (Figure 4B and Supplementary
Figure 4, Supplementary Table 3A). Modules (named as colors, for ease, inherently by the
software) were represented by their module eigengene (ME) values, which is the first principal
component that represents the highest percent of variance for all genes in a module. One

module contained only ribosomal RNA and related proteins and it could be attributed to either


https://doi.org/10.1101/038448

bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. 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.

mild ribosomal RNA contamination or increased translation. We assumed rRNA contamination
as total RNA and random priming were used for library generation and discounted this module.
The two other significant modules were annotated using DAVID (Supplementary Tables 3C and
3D). The turquoise module (N=86) was enriched for GO categories organic acid biosynthetic
process, carboxylic acid biosynthetic process (includes neurotransmitter biosynthesis), and
positive regulation of cell communication The yellow module (N=64) was enriched for the GO
categories RNA splicing, mMRNA metabolic process, and mRNA processing. Interestingly this
RNA processing module includes genes such HNRNPAZ2B1, and MALAT1, which have
previously been implicated in ALS (Supplementary Figure 4) [26], [27], [28]. Other RNA binding
proteins (RBPs) such as hnRNPC, SFRS12, RBM5 are also present in the RNA processing
yellow module. Genes expressed in both these modules were higher in the sALS relative to
control samples (Figure 4B and 4C), in agreement with our MPR analysis that the upregulated
genes were more robust in separating sALS from controls. Interestingly, only 13 genes were
shared between the genes found upregulated by MPR (2,346 genes) and the modules identified
by WGCNA, consisting of 150 genes.
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DISCUSSION

In this study, we examined gene-expression differences in LCM enriched MN
populations that were destined for degeneration to discover RNA signatures that underlie ALS
molecular pathogenesis. This approach enriches for molecular changes that are relatively
upstream rather than late in the neurodegeneration cascade, although it is probable that the
molecular cascade leading to cell death had already begun. Our approach to enrich for MN
populations has important advantages over profiling a degenerated and homogenized complex
tissue sample with different cell populations. Our MN populations were enriched for mature
neuronal markers and subsequent analysis of differential expression revealed 2,346
upregulated and 955 down-regulated genes. We used the MPR method for analyzing differential
expression instead of more popular methods such as EdgeR and DE-seq. While conventional
methods use either Poisson or negative binomial distributions followed by estimation of
differential expression using the Benjamini-Hochberg corrections [29], [21], MPR involves
multiple pair-wise comparisons (9 controls x 13 sALS = 117 comparisons) to calculate the
median percentile ranks for each gene. Based on independent validation using the Fluidigm
platform, we found that the MPR method worked reasonably well to identify robust expression
changes when the data variability is high, such as in studies involving collected human tissue
samples.

Our RNA signature of ~1500 genes segregated the sALS and control MN groups
confirming that the ALS condition is the driving factor that resulted in differential signatures
between sALS and control MNs. High-throughput gPCR based validation allowed us to validate
96 gene pairs in a single run and our gPCR data was highly consistent with our RNA-seq based
detection of gene expression changes (Concordance = 80% and 60% for upregulated and
downregulated genes respectively). Interestingly, ALS related C9orf72 and FUS genes were
slightly upregulated in sALS samples (Figure 3A). GGGGCC repeat expansions in the first
intron of the C9orf72 gene are known to be the most common cause of fALS [30] [31] and
mechanisms including RNA-processing defects, RAN protein toxicity, and C9orf72
haploinsufficiency have been implicated for C9orf72 ALS [32] [33] [34] [3]. Mutations in RBP
encoding gene fused in sarcoma (FUS) are also associated with fALS and changes in FUS
levels are thought to affect RNA-processing in ALS [35] [36] [37]. Another RBP gene RBFOX3,
whose protein product is recognized by the neuronal marker NeuN antigen, was also found to
be upregulated in sALS MNs. Curiously, microtubule associated protein tau (MAPT) also

appeared to be upregulated in some sALS cases (Figure 3A). This is intriguing as Tau is
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associated with Alzheimer’s disease and mutations in MAPT cause frontotemporal dementia
with parkinsonism 17 (FTDP-17) [38] [39]. Noteworthy among the genes downregulated in SALS
were apolipoprotein D (APOD), which is associated with aging [40]; paired box 6 (PAX6),
important neuronal development; and forkhead box P2 (FOXP2), important for speech and
language, mutations in which are associated with speech-language disorder 1 (SPCH1) [41]
[42].

Since genes function in biological networks, several systems-level computational
analyses were also performed on our RNA signature to identify pathways misregulated in sALS
MNs. First, we constructed co-expression matrices using WGCNA and confirmed that the
differentially expressed modules are upregulated in sALS. The recognized modules were
robustly overexpressed in most sALS samples, in agreement with MPR-based predictions. GO
annotations for upregulated modules showed enrichment for organic acid biosynthetic process
(involves neurotransmitter biosynthesis) and RNA splicing/processing. Our results confirm
previous reports that have associated RNA processing defects in ALS [43]. We also found
previously implicated MALAT1, a long non-coding RNA, and HNRNPA2B1, an RBP gene,
mutations in which are associated with familial ALS. It is also prominent that HNRNPA2B1 is
upregulated in sALS MNs. Since it also contains a prion-like domain similar to TDP-43, we plan
to test the hypothesis in future that it may be involved in the process of inclusion formation in
ALS. Three more ALS-associated genes were also identified by MPR list but not in WGCNA. D-
amino-acid oxidase gene DAO [44] and SIGMAR1 [45] were upregulated whereas recently
discovered TUBA4A [46] was downregulated. Curiously, another long non-coding RNA HOTAIR
was downregulated that could lead to upregulation of several epigenetically silenced genes. The
known targets for HOTAIR are HOXD (HOXD10, HOXD11, HOXD3) genes, which did not
satisfy our thresholds but seemed to be moderately upregulated in our RNA-seq data [47],
whereas HOXA2 was significantly downregulated as validated by gPCR (Figure 3A). MPR does
not take co-expression into account whereas WGCNA is sensitive to extreme data variability,
which may account for the low overlap between the two datasets. This emphasizes the
importance of rigorous statistical methods, multiple approaches and extensive independent
validation in analyzing gene-expression signatures in human samples. We also analyzed gene
interactions on a systems level using the STRING software package [23]. Genes that interact on
the basis of experimental evidence and co-expression are associated with each other within
networks. We detected that genes involved in cell adhesion, extracellular matrix (ECM), and
immune response were prominent which was concordant with GO analysis of MPR based

differentially expressed genes [22]. Intriguingly, cell adhesion and ECM categories were
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enriched in MN alternative splicing (AS) data as was previously reported [12].

Conclusions

We have uncovered gene-expression changes that occur in MNs destined for
neurodegeneration in sporadic ALS. Our methods demonstrate the requirement for multiple
statistical approaches and rigorous validation of human gene-expression data to successfully
identify disease related transcriptome signatures. Our data not only provides potential
mechanisms of cell adhesion and RNA processing that may lead cell death but also provides
candidate biomarkers that are validated by an independent assay for drug screening studies in

the future.
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METHODS

Tissue acquisition and pathological screening

All nervous systems were acquired by way of an Investigational Review Board and Health
Insurance Portability and Accountability Act compliant process. The sALS nervous systems
were from patients who had been followed during the clinical course of their illness and met El
Escorial criteria for definite ALS. Nervous systems selected for profiling for SALS were from
patients who had bulbar or arm onset of disease and caudally progressing disease and thus had
abundant residual motor neurons in the lumbar region at the time of death. Control nervous
systems were from patients from the hospital’s critical care unit when life support was
withdrawn. Upon death, autopsies were performed immediately by an on-call tissue acquisition
team. Tissue collections were completed within 6 hours, usually within 4 hours, of death and the
entire motor system was dissected and archived for downstream applications by creating two
parallel tissue sets from alternating adjacent regions. For molecular studies, segments were
embedded in cutting media, frozen on blocks of dry ice and stored at -70 C. For structural
studies, the adjacent segments were fixed in 70% neutral buffered formalin, embedded in

paraffin (formalin-fixed paraffin-embedded or FFPE) and stored at room temperature.

Laser capture microdissection (LCM) and RNA extraction

Laser capture microdissection was done according to the protocol described previously (Rabin
et al). Briefly, Thirty-five to 50 sections of frozen OCT-embedded human lumbar spinal cord
were cut at a thickness of 9 uym in a -18C cryotome and placed onto uncharged glass slides.
The sections were returned immediately to -78C after production, and maintained at that
temperature for a minimum of three hours. Staining with cresyl violet acetate was accomplished
in a 10-step, timed, nuclease-free immersion process. Motor neurons were microdissected from
each slide using a Pixcell lle Laser Capture Microdissection (LCM) System (Arcturus
Bioscience) and CapSureTM Macro LCM Caps (Applied Biosystems). Each LCM session had
an upper time limit of 2.5 hours. In addition to the motor neuron enriched LCM material, the
remaining anterior horn region was collected to create a second parallel pool. RNA isolation was
carried out in each using an RNeasy Micro kit (Qiagen), which employs guanadinium
isothiocyanate and 2-mercaptoethanol extraction and column purification, including an on-
column DNase | digestion step. Aliquots of each RNA pool were analyzed for quality and
quantity on a Bioanalyzer RNA Pico chip (Agilent) and only those samples with RNA Integrity

Numbers (RINs) > 5 or evidence of 28S peaks on the electropherogram tracings were advanced
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to the next step.

RNA-seq library preparation and sequencing

Total RNA (10 ng) was amplified to cDNA using random priming with the Ovation® RNA-Seq
System (NUGEN). This procedure involved initial generation of double-stranded cDNA followed
by amplification through production of single-stranded cDNA using the SPIA® process. The
single-stranded cDNA was then copied into double-stranded cDNA and quantified using the
PicoGreen kit (Invitrogen) assayed with the FUSION system (Packard Biosciences), resulting in
a total yield of 3-4 ug amplified cDNA’s. Standard concentration curves using bacteriophage
lambda DNA were generated for each PicoGreen analysis, and the samples were diluted by 10-
fold serial dilutions. QC of the amplified cDNA was determined using a Bioanalyzer running an
RNA 6000 Nano LabChip (Agilent). Double-stranded cDNA (1-2 ug) was fragmented to 150-
200 bp sizes using Adaptive Focused Acoustics™ (Covaris, Inc., Woburn, MA), and QC of the
fragmented cDNA was performed using a Bioanalyzer DNA Chip 1000 (Agilent). Fragmented
cDNA’s were concentrated using the QlAquick PCR Purification Kit (Qiagen) and 200 ng of the
fragmented cDNA’s (determined following PicoGreen quantitation) were end-repaired, followed
by adaptor ligation onto the fragments and amplification using the Encore® NGS Library System
I (NuGEN). Library QC was performed using a Bioanalyzer DNA Chip 1000.

Gene-expression analysis of RNA-seq data

Raw reads were adaptor-trimmed and aligned to the human genome (UCSC version
hg18) using bowtie (parameters: -I 20 -m 5 -k 5 --best -q hg18). Aligned reads were assigned to
a custom annotation of human genes [36], [48], and gene expression values were calculated as
RPKMs [28]. Control versus sALS patient datasets were compared in a pairwise fashion,
calculating ratio fold-changes for all possible 117 disease versus control pairs. For Median
Percentile Rank (MPR) analysis, each set of fold-changes were sorted and given a percentile
rank, and the median percentile rank for each gene was determined and plotted as a histogram.
The local minima near the down-regulated edge, 0.15 was taken as the down-regulated cutoff,
and a mirrored cutoff of 0.85 was taken for the upregulated cutoff, and these gene sets were
used for subsequent GO analysis. To demonstrate the validity of this analysis, significantly
changed genes in each of the 117 comparisons were calculated from local Z scores as before
[28], and the union of changed genes were used for hierarchical clustering (Matlab). The
ordered list of genes was used to generate a sliding window calculation of MPR values and

MPR-determined up- and down-regulated genes.
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Fluidigm Validation

High-throughput qPCR validation was carried out on Fluidigm’s Biomark HD system, as
described in manufacturer’s protocol. Specifically, cDNA (6.25 ng) was pre-amplified using 50
nM pooled primer mixture and TagMan PreAmp Master Mix (Applied Biosystems) for 13 cycles.
Unincorporated primers were removed with 8U of Exonuclease | (NEB) and the reaction
products were diluted 10-fold in TE Buffer (TEKnova). The treated cDNA’s (280 pg) were
combined with SsoFast EvaGreen Supermix with Low ROX (Bio-Rad) and loaded onto the
96.96 Dynamic Array integrated fluidic circuit (Fluidigm). Primers used are provided in
Supplementary table 4. The overlap of Fluidigm results with RNA-seq was performed by
comparing the fold-changes found for the specific pairwise comparison. For a particular gene in
a single pairwise comparison, if the RNAseq and Fluidigm fold-changes were both greater than

2-fold in the same direction, the gene was considered to be validated positive.

Co-expression analysis using WGCNA

RPKM values of genes (log,RPKM > 1) were used to construct signed co-expression networks
using the WGCNA package in R. Low expression genes were excluded from the analysis to
remove noise to satisfy the scale free toplogy and R? value of > 0.8. Networks were constructed
by obtaining a dissimilarity matrix based on the topological overlap. The adjacency matrix was
calculated by raising the correlation matrix to a soft power of 40 (signed network),which was
chosen to attain scale-free topology. Modules were calculated by hybrid treecutting function with
deepsplit parameter = 1-3. Bar graphs for representative eigengene (1% principal component)
values were obtained using the barplot function. . Module membership (kME) was calculated as
the correlation between gene-expression values and the module eigengene. Modules were
visualized using Cytoscape network viewer 3.1.0, and annotated for gene ontology using
DAVID. Heat maps for modules were generated using RPKM values for genes represented in

the module, using Cluster 3.0 and visualized using TreeView.

Gene-interaction network

Gene or protein-protein interaction network was constructed using String v10. Gene names
were inputted and medium-high stringency was chosen for network detection based on existing
co-expression, gene interaction, and experimental evidence data. Networks were visualized and
colored according to degree of the nodes (node color; red:blue = high:low) and coexpression for

edges (red:green = high:low) using Cytoscape 3.1.0.
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FIGURE LEGENDS

Figure 1. RNA-seq data analysis shows enrichment for motor neuron (MN) signature in
laser capture microdissected motor neurons from sporadic ALS and control spinal
cords.

(A) Strategy for differential gene expression analysis of LCM isolated MNs. (B) Heatmaps of
relative expression levels of housekeeping genes (top), neuronal makers (middle), and glial
markers (bottom) in MNs from spinal cords compared to human 293T cells and in vitro derived

MNs from normal iPSCs (last two lanes).

Figure 2. Gene expression analysis reveals differential signature in sporadic ALS
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samples.

(A) Median Percentile Rank (MPR) analysis reveals genes that are relatively higher (red, n
=2346) and lower (green, n=955) expressed in sALS versus control. (B) Hierarchical clustering
of gene RPKMs of differentially expressed genes across patient samples (sALS, N=12,
Control, N=9). (C) Principal component analysis (PCA) of differentially expressed genes across
patient samples (sALS, N=12, Control, N=9).

Figure 3. High-throughput validation of RNAseq data using Fluidigm Biomark qPCR
system.

(A) Normalized heatmap of Ct values for qPCR primer pairs on Fluidigm Biomark qPCR
platform. The dCt values were estimated by normalizing to 4 uniformly expressed house
keeping genes (ACTB, RPL27, GAPDH, and PGK1) (B) Overlap statistics between qPCR
pairwise fold-changes and RNAseq pairwise fold changes. Two charts show percentage of
genes that overlap. Concordant overlaps (up-up and down-down) are green, discordant
overlaps (up-down, down-up) are red. (C) Summary of overlap charts reveals upregulated
genes by RNA-seq (red bar) show much higher validation rate than down-regulated genes by
RNA-seq (blue).

Figure 4. Systems analysis reveal modules of aberrantly regulated genes in sporadic
ALS

(A) Gene interaction network analysis using STRING v10 tool shows many overlapping
pathways. The nodes are colored according to degree or number of interactions for each node
(red = high; dark blue = low). Red nodes are therefore hubs and are predicted to effect
downstream pathways more. Edges are colored according to experimental co-expression (red
= high; green = low). Red edges connect genes that are more likely to be co-expressed or co-
affected. Prominently affected pathways are shown. (B) Bar charts showing representative
eigengene values (first principal component and representative value for expression of the
whole module) of the turquoise and yellow modules upregulated in sALS. (C) Heatmap of

RPKM values of genes in turquoise and yellow modules.

Table 1. Sequencing statistics of control and sALS motor neuron samples.

Supplementary Figure 1. Motor neuron gene expression signature. Extended heat map of

gene-expression in LCM microssected motor neurons normalized to HEK293T gene-
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expression. Two iPSC derived motor neuron cell lines are also used as controls (right 2 lanes).

Supplementary Figure 2. Gene interaction network analysis. Gene interaction network was
constructed using MPR upregulated genes, STRING v10 tool, and Cytoscape. The nodes are
colored according to degree or number of interactions for each node (red = high; dark blue =
low). Red nodes are therefore hubs and are predicted to effect downstream pathways more.
Edges are colored according to experimental co-expression (red = high; green = low). Red

edges connect genes that are more likely to be co-expressed or co-affected.

Supplementary Figure 3. Intersection of sALS MN gene-expression data with existing
ALS data. Venn diagrams showing overlap between sALS LCM MN gene-expression data and
sALS and C9ALS data (frontal cortex and cerebellum) from Prudencio et al 2015 [9].

Supplementary Figure 4. WGCNA co-expression network analysis. A) Dendrogram
showing various modules detected by WGCNA analysis of sALS and control LCM MN data. (B)
Network diagrams showing the genes in Turquoise and Yellow modules upregulated in sALS
MNs. Hub genes (genes with greater connectivity) are depicted inside the larger circle of

genes.

Supplementary Figure 5. Splicing is misregulated in sALS motor neurons. Wiggle plots

showing aberrantly regulated exons in sALS samples (red).

18


https://doi.org/10.1101/038448

bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. 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.

References:

1. de Carvalho M. Tackling diagnostic delays in ALS. Lancet Neurol. 2015;14(5):457-8.
d0i:10.1016/51474-4422(15)00020-4.

2. Kiernan MC. ALS and neuromuscular disease: in search of the Holy Grail. Lancet Neurol.
2014;13(1):13-4. doi:10.1016/51474-4422(13)70226-6.

3. Ling SC, Polymenidou M, Cleveland DW. Converging Mechanisms in ALS and FTD: Disrupted RNA and
Protein Homeostasis. Neuron. 2013;79(3):416-38. d0i:10.1016/j.neuron.2013.07.033.

4. Neumann M, Sampathu DM, Kwong LK, Truax AC, Micsenyi MC, Chou TT et al. Ubiquitinated TDP-43
in frontotemporal lobar degeneration and amyotrophic lateral sclerosis. Science. 2006;314(5796):130-3.
doi:10.1126/science.1134108.

5. Cooper-Knock J, Kirby J, Ferraiuolo L, Heath PR, Rattray M, Shaw PJ. Gene expression profiling in
human neurodegenerative disease. Nat Rev Neurol. 2012;8(9):518-30. doi:10.1038/nrneurol.2012.156.
6. Malaspina A, Kaushik N, de Belleroche J. Differential expression of 14 genes in amyotrophic lateral
sclerosis spinal cord detected using gridded cDNA arrays. Journal of neurochemistry. 2001;77(1):132-45.
7. Pantelidou M, Zographos SE, Lederer CW, Kyriakides T, Pfaffl MW, Santama N. Differential expression
of molecular motors in the motor cortex of sporadic ALS. Neurobiol Dis. 2007;26(3):577-89.
d0i:10.1016/j.nbd.2007.02.005.

8. Offen D, Barhum Y, Melamed E, Embacher N, Schindler C, Ransmayr G. Spinal cord mRNA profile in
patients with ALS: comparison with transgenic mice expressing the human SOD-1 mutant. J Mol
Neurosci. 2009;38(2):85-93. do0i:10.1007/s12031-007-9004-z.

9. Prudencio M, Belzil VV, Batra R, Ross CA, Gendron TF, Pregent LJ et al. Distinct brain transcriptome
profiles in C9orf72-associated and sporadic ALS. Nature neuroscience. 2015;18(8):1175-82.
d0i:10.1038/nn.4065.

10. Dangond F, Hwang D, Camelo S, Pasinelli P, Frosch MP, Stephanopoulos G et al. Molecular signature
of late-stage human ALS revealed by expression profiling of postmortem spinal cord gray matter. Physiol
Genomics. 2004;16(2):229-39. doi:10.1152/physiolgenomics.00087.2001.

11. Jiang YM, Yamamoto M, Kobayashi Y, Yoshihara T, Liang Y, Terao S et al. Gene expression profile of
spinal motor neurons in sporadic amyotrophic lateral sclerosis. Ann Neurol. 2005;57(2):236-51.
d0i:10.1002/ana.20379.

12. Rabin SJ, Kim JM, Baughn M, Libby RT, Kim YJ, Fan Y et al. Sporadic ALS has compartment-specific
aberrant exon splicing and altered cell-matrix adhesion biology. Human molecular genetics.
2010;19(2):313-28. d0i:10.1093/hmg/ddp498.

13. Cox LE, Ferraiuolo L, Goodall EF, Heath PR, Higginbottom A, Mortiboys H et al. Mutations in CHMP2B
in lower motor neuron predominant amyotrophic lateral sclerosis (ALS). PLoS One. 2010;5(3):e9872.
doi:10.1371/journal.pone.0009872.

14. Highley JR, Kirby J, Jansweijer JA, Webb PS, Hewamadduma CA, Heath PR et al. Loss of nuclear TDP-
43 in amyotrophic lateral sclerosis (ALS) causes altered expression of splicing machinery and widespread
dysregulation of RNA splicing in motor neurones. Neuropathol Appl Neurobiol. 2014;40(6):670-85.
doi:10.1111/nan.12148.

15. Cooper-Knock J, Bury JJ, Heath PR, Wyles M, Higginbottom A, Gelsthorpe C et al. C9ORF72 GGGGCC
Expanded Repeats Produce Splicing Dysregulation which Correlates with Disease Severity in
Amyotrophic Lateral Sclerosis. PLoS One. 2015;10(5):e0127376. doi:10.1371/journal.pone.0127376.

16. Ravits J, Paul P, Jorg C. Focality of upper and lower motor neuron degeneration at the clinical onset
of ALS. Neurology. 2007;68(19):1571-5. d0i:10.1212/01.wnl.0000260965.20021.47.

17. Ravits J, Laurie P, Fan Y, Moore DH. Implications of ALS focality: rostral-caudal distribution of lower
motor neuron loss postmortem. Neurology. 2007;68(19):1576-82.


https://doi.org/10.1101/038448

bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. 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.

d0i:10.1212/01.wnl.0000261045.57095.56.

18. Langmead B, Trapnell C, Pop M, Salzberg SL. Ultrafast and memory-efficient alignment of short DNA
seguences to the human genome. Genome biology. 2009;10(3):R25. doi:10.1186/gb-2009-10-3-r25.

19. Buck MJ, Lieb JD. ChIP-chip: considerations for the design, analysis, and application of genome-wide
chromatin immunoprecipitation experiments. Genomics. 2004;83(3):349-60.

20. Robinson MD, McCarthy DJ, Smyth GK. edgeR: a Bioconductor package for differential expression
analysis of digital gene expression data. Bioinformatics. 2010;26(1):139-40.
doi:10.1093/bioinformatics/btp616.

21. Anders S, Huber W. Differential expression analysis for sequence count data. Genome biology.
2010;11(10):R106. d0i:10.1186/gb-2010-11-10-r106.

22. Huang da W, Sherman BT, Lempicki RA. Systematic and integrative analysis of large gene lists using
DAVID bioinformatics resources. Nature protocols. 2009;4(1):44-57. doi:10.1038/nprot.2008.211.

23. Szklarczyk D, Franceschini A, Wyder S, Forslund K, Heller D, Huerta-Cepas J et al. STRING v10:
protein-protein interaction networks, integrated over the tree of life. Nucleic acids research.
2015;43(Database issue):D447-52. doi:10.1093/nar/gku1003.

24. Langfelder P, Horvath S. WGCNA: an R package for weighted correlation network analysis. BMC
Bioinformatics. 2008;9:559. doi:10.1186/1471-2105-9-559.

25. Miller JA, Horvath S, Geschwind DH. Divergence of human and mouse brain transcriptome highlights
Alzheimer disease pathways. Proceedings of the National Academy of Sciences of the United States of
America. 2010;107(28):12698-703. doi:10.1073/pnas.0914257107.

26. Kim HJ, Kim NC, Wang YD, Scarborough EA, Moore J, Diaz Z et al. Mutations in prion-like domains in
hnRNPA2B1 and hnRNPA1 cause multisystem proteinopathy and ALS. Nature. 2013;495(7442):467-73.
doi:10.1038/nature11922.

27. Tollervey JR, Curk T, Rogelj B, Briese M, Cereda M, Kayikci M et al. Characterizing the RNA targets
and position-dependent splicing regulation by TDP-43. Nature neuroscience. 2011;14(4):452-8.
d0i:10.1038/nn.2778.

28. Polymenidou M, Lagier-Tourenne C, Hutt KR, Huelga SC, Moran J, Liang TY et al. Long pre-mRNA
depletion and RNA missplicing contribute to neuronal vulnerability from loss of TDP-43. Nature
neuroscience. 2011;14(4):459-68. doi:10.1038/nn.2779.

29. Benjamini Y, Hochberg Y. Controlling the False Discovery Rate - a Practical and Powerful Approach to
Multiple Testing. ] Roy Stat Soc B Met. 1995;57(1):289-300.

30. Delesus-Hernandez M, Mackenzie IR, Boeve BF, Boxer AL, Baker M, Rutherford NJ et al. Expanded
GGGGCC hexanucleotide repeat in noncoding region of CO9ORF72 causes chromosome 9p-linked FTD and
ALS. Neuron. 2011;72(2):245-56. doi:10.1016/j.neuron.2011.09.011.

31. Renton AE, Majounie E, Waite A, Simon-Sanchez J, Rollinson S, Gibbs JR et al. A Hexanucleotide
Repeat Expansion in C9ORF72 Is the Cause of Chromosome 9p21-Linked ALS-FTD. Neuron. 2011.
doi:10.1016/j.neuron.2011.09.010.

32. Lagier-Tourenne C, Baughn M, Rigo F, Sun S, Liu P, Li HR et al. Targeted degradation of sense and
antisense C9orf72 RNA foci as therapy for ALS and frontotemporal degeneration. Proceedings of the
National Academy of Sciences of the United States of America. 2013. doi:1318835110 [pii]
10.1073/pnas.1318835110.

33. Zhang YJ, Jansen-West K, Xu YF, Gendron TF, Bieniek KF, Lin WL et al. Aggregation-prone cOFTD/ALS
poly(GA) RAN-translated proteins cause neurotoxicity by inducing ER stress. Acta neuropathologica.
2014. doi:10.1007/s00401-014-1336-5.

34. Gendron TF, Belzil VV, Zhang YJ, Petrucelli L. Mechanisms of toxicity in COFTLD/ALS. Acta
neuropathologica. 2014. doi:10.1007/s00401-013-1237-z.

35. Kwiatkowski TJ, Jr., Bosco DA, Leclerc AL, Tamrazian E, Vanderburg CR, Russ C et al. Mutations in the
FUS/TLS gene on chromosome 16 cause familial amyotrophic lateral sclerosis. Science.


https://doi.org/10.1101/038448

bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. 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.

2009;323(5918):1205-8. doi:10.1126/science.1166066.

36. Lagier-Tourenne C, Polymenidou M, Hutt KR, Vu AQ, Baughn M, Huelga SC et al. Divergent roles of
ALS-linked proteins FUS/TLS and TDP-43 intersect in processing long pre-mRNAs. Nature neuroscience.
2012;15(11):1488-97. d0i:10.1038/nn.3230.

37. Vance C, Rogelj B, Hortobagyi T, De Vos KJ, Nishimura AL, Sreedharan J et al. Mutations in FUS, an
RNA processing protein, cause familial amyotrophic lateral sclerosis type 6. Science.
2009;323(5918):1208-11. doi:10.1126/science.1165942.

38. Goedert M, Spillantini MG, Jakes R, Rutherford D, Crowther RA. Multiple isoforms of human
microtubule-associated protein tau: sequences and localization in neurofibrillary tangles of Alzheimer's
disease. Neuron. 1989;3(4):519-26.

39. Hutton M, Lendon CL, Rizzu P, Baker M, Froelich S, Houlden H et al. Association of missense and 5'-
splice-site mutations in tau with the inherited dementia FTDP-17. Nature. 1998;393(6686):702-5.
doi:10.1038/31508.

40. Loerch PM, Lu T, Dakin KA, Vann JM, Isaacs A, Geula C et al. Evolution of the aging brain
transcriptome and synaptic regulation. PLoS One. 2008;3(10):e3329. doi:10.1371/journal.pone.0003329.
41. Zeesman S, Nowaczyk MJ, Teshima I, Roberts W, Cardy JO, Brian J et al. Speech and language
impairment and oromotor dyspraxia due to deletion of 7q31 that involves FOXP2. Am J Med Genet A.
2006;140(5):509-14. doi:10.1002/ajmg.a.31110.

42. Zilina O, Reimand T, Zjablovskaja P, Mannik K, Mannamaa M, Traat A et al. Maternally and paternally
inherited deletion of 731 involving the FOXP2 gene in two families. Am J Med Genet A.
2012;158A(1):254-6. doi:10.1002/ajmg.a.34378.

43. Nussbacher JK, Batra R, Lagier-Tourenne C, Yeo GW. RNA-binding proteins in neurodegeneration:
Seq and you shall receive. Trends Neurosci. 2015;38(4):226-36. doi:10.1016/j.tins.2015.02.003.

44. Mitchell J, Paul P, Chen HJ, Morris A, Payling M, Falchi M et al. Familial amyotrophic lateral sclerosis
is associated with a mutation in D-amino acid oxidase. Proceedings of the National Academy of Sciences
of the United States of America. 2010;107(16):7556-61. doi:10.1073/pnas.0914128107.

45. Fecto F, Siddique T. SIGMAR1 mutations, genetic heterogeneity at the chromosome 9p locus, and
the expanding etiological diversity of amyotrophic lateral sclerosis. Ann Neurol. 2011;70(6):867-70.
d0i:10.1002/ana.22648.

46. Smith BN, Ticozzi N, Fallini C, Gkazi AS, Topp S, Kenna KP et al. Exome-wide rare variant analysis
identifies TUBA4A mutations associated with familial ALS. Neuron. 2014;84(2):324-31.
doi:10.1016/j.neuron.2014.09.027.

47. Gupta RA, Shah N, Wang KC, Kim J, Horlings HM, Wong DJ et al. Long non-coding RNA HOTAIR
reprograms chromatin state to promote cancer metastasis. Nature. 2010;464(7291):1071-6.
doi:10.1038/nature08975.

48. Huelga SC, Vu AQ, Arnold D, Liang TY, Liu PP, Yan BY et al. Integrative genome-wide analysis reveals
cooperative regulation of alternative splicing by hnRNP proteins. Cell reports. 2012;1(2):167-78.
doi:10.1016/j.celrep.2012.02.001.


https://doi.org/10.1101/038448

bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. The copyright holder for this preprint (which was not

Figure 1

\

SE RNA-seq Library Prep

Sequencing on lllumina
GAll platform

\

it lul R “.IWA.LJ.M'LL.M...M.

B I. b b

Mapped to hg18 genome

Laser Capture Microdissection

Housekeeping

Neurons

Cholinergic
Neurons

Motor Neurons

Astrocytes

Microglia

HMBS
HISTH2A
RPL27
PGK1
ADAR1
RPL22
ADARB1
DLG4
MAPT
SYP
GRIN1
SYN1
SCN2A
NEFL
GRIA1
SCN3A
GRIN2A
GRIA2
SCN1A
KCNA1

ACHE
SLC18A3
SLC5A7

IsL2
HB9
ISL1
FOXP1
CHAT

$100B

ITGAX
PTPRC
ITGAM
CD68
CX3CR1
IBA1

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

— N

Fold change over HEK293T % %

15 10 5 0 -5 -10 =90

L — et

Qoo

¢ Yo

TTCTTTCTTTITCTTOQOQOO VOO OONZ=Z
OCNDNIAI-TTONONOOOHM® D MO N <O

OOODONNNOr-rANTO+-ONDONTTOIT ==



https://doi.org/10.1101/038448

bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. 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.

Figure 2

A
MPR Analysis of RNAseq
350
LOW(955) HIGH(2346)
Minimum
- 250 Comparisons
= 1
3 /
© 150 9
18
50
0
0 25 50 75 100
Median Percentile Rank
B
C
0
(V%)
%o 1
0 ® |

PC3(Y)
|
o

PC2 °

2)
-20

U
© control PC1 (X)

© sALS


https://doi.org/10.1101/038448

bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. The copyright holder for this preprint (which was not

Figure 3

76C
78C
88C
10C
39C
65C
67C
42C

44C
79A

21A
34A
16A
62A
89A
84A
82A
48A
63A
85A
27A
60A

B

Control

SALS

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

UP by
Fluidigm

HLA-DPA1
TMEM123
CXCR4
viMm
CXCL12
HIG2
PLEKHA4
NFATC4
HLA-DPB1
SLC1A3

%
Concordant
with
RNAseq up

%
Concordant
with
RNAseq
down

Down by
Fluidigm

B3GALTS

%

o
Concordant Concordant

with
RNAseq up

%

with
RNAseq
own

Average Overlap %

HIGH in sALS LOW in sALS
o N < ~ N ® g
0n_w \ - ™ mnx o RN [
rSordnra I<kx m EO0o - L8Z¥y =5<4000. 0 - o
<>0<IXXL I 80F0nmOsL L-LxaEX¥a X3Xs40Xta<NasX £
O ra¥o0SIXSLaXx550000lAcrh10>0-00Ja<OILEG20 £9
OERZPES2HSZ0ERPz0Ed50hononhnotoTtasa00ZSE 29

5.00

ACt

-5.00

= Up (RNAseq)
1 = Down (RNAseq)

Down
(Fluidigm)

Up
(Fluidigm)


https://doi.org/10.1101/038448

bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. 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.

Figure 4

Cell Glutamate and
A Signaling - ¥ Neurotransmitter
o metabolism
= /MAOB
, ~GN IXA1 " £ GLUL
s “hao
Cell adhesion
and ECM ¢
coLéat Cbl@A1
COL,A@?Q%N f
1A2 :
COL5A3 ITGB3 CXCRAy bR
T cx%m‘ Fp%‘:,
7 CL20
4 % CXCL2 * C3AR1
: SR exeLt
CR
c A ‘_.'
. Chemokines
and Immune
sALS Control sALS Control
< . [ -
o T I B
|
c
S3 - I 1
n |
a [
O~ ] |
Q © b
X |
o |
-
2 5 (I I :
(0]
Do U O
o © I
o | |_| |_|
—_
(Ui | |
T I ]
N
= . i
C N=86 N=64
TOTFONO NOONONT ©
VONMNO™ ONMONTT 0

‘m _E e =
=] 1—-_-_:
= i

= =§ = m

=

27
48
ol plehs Wi ey Wiy ——"——"—"—"—"7T" "~ " - - T~ ———=—-°


https://doi.org/10.1101/038448

bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. 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.

Supplementary Figure 1

Housekeeping

Astrocytes

Cholinergic Neurons

Cortical Layer

Dopaminergic Neurons

Forebrain Precursors

GABA-ergic Neurons

Glia

Glutamatergic Neurons |
Immature Neurons
Inhibitory Neurons
Mature Neurons

Mature Neuron Precursors |

Motor Neurons

SLC17A6
DCX
AD2

RBFOX3
MAP2
NKX6-1
NKX6-2
OLIG2
ISL2
HB9
ISL1
FOXP1
CHAT

Neural Crest——— B3GAT1

Neural Precursors

Neurons

Oligodendrocytes

Pluripotent cells
Chatecholaminergic Precursors

Sensory Neurons |

Spinal Precursors

Synaptic

PAX6
SOX1
SOX2
NES
DLG4
MAPT
SYP
GRIN1
SYN1
SCN2A
NEFL
GRIA1
SCN3A
GRIN2A
GRIA2
SCN1A
KCNA1
CA2
SOX10
PLP1
MBP
OCT4
COMT
PHOX2A
RUNX3
RUNX1
LHX2
LHX3
LHX5
MSX1
NGN2
NKX2-2
NGN1
OLIG3
EFNB1
SNAPIN
SNAP25
SLC6A4
SLC1A1
BHLHB5

HEK 293T

16a
27a
48a
85a
10c
65¢c
78c
39c
67c
76¢c
42c
44c¢
88c

©
o
©

62a
63a
84a
89a
21a
34a
79a
82a

MN Replicate 1

MN Replicate 2



https://doi.org/10.1101/038448

Supplementary Figure

bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. 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.

TNFAIP3  FufAil3
HLAEIDEIATNFHSF'? e
MPEG1

TRAF2
CLEBGE LNR
Tuhs NFKBIA parat CKAR GPRO6
LR3 MARCO
FCGROALILRAZLOELL  1187c48pA F13A1
R JRBI NPFFR2 col
b Cova GNRH RHOH
ENPP2 PTGSu:nPf'ngH f—e&?l;ZA CHRM3GHSR %mﬁms NR2F2
. o AT CcTSS PLEK . RHOG
SFN CINGUAT AM _ KLKBI - MMRN CCRi&e
CCNB3 'ALOX158 SERPINAVSIGA e
FLOAs02 FCER1G E SR
Mﬁgﬂ sinc “Baz, ADHIB.  ADH1A
T PLA2G4A LON LRAR1 DCN ALDH1A2 0B
MOO10B é;ERED —— TGFBY "H& copiAl  ALDHIAT
HSD17B7P2
. RGS10 /ms~ ANKA1 &{7 CHRIET e %I;L-U .
PRKGMRVI1 UAS cyos SPARC SB!EN HSDATBD s
GEBlGHAs PLEKHG? CoLEALs cop11af Amgi’}’,*m
GHED3 TUBAL3 RAC}H;\%L& APBBiIP CARNS1 %0
GBA1 ARHOEF? A2 | GLocP
FAMBIK /| SEAPING] FBEN2
CENPL
C1500023 THBS1
RRM2 . 13
CHCAD
KIF2C IGF1
PPILS KIF20/ ‘?ggggs
OREIL 4
e L
o -
LAPTMS
N AFAPIL1
1PN AdbRes s,
shars Gbes [0
CoIP SP100 SLOPA1
PTPRC VCAMA HDAC?
ITGAL  \MOO1F BHLHE40
FLeT1 o
PIK3CG CDABH
ASPN.COL4AY- COLBAT o EPRS
KDR
EDNT — oor17a1 COL1A1 FGR
VIMTRM2 o ITGA11 NCF2 VIPR1
DES COL4A2 PTHLH
LM@D1 OL10A NOX1  VIPRPTGER4
MEH3MBLK 1TGAE ADM  PTH
paka COLZOAL) o\ COLOAZ FpR1AEF0 RXFPZIPR
TRM4 vt k3 colien - collife e ADCO10
COL1DA1 ITEB3 ) ENTPD2
T N ADCD4
L14A1 ITGBO
COl gps SST c5 APLNR
FMOD CXCR4
CDKN1C FN1 cxClLia | CCL20 R3 7
CCND2
gl ADORA3
SFRP4  ITGB2 —tirgam RGS1 S1PR5 C3AR1
FZD0 CcXCL2
SFRP2 W b2 S1PR3
ONT4
GPER
ONTOB cxeL12 CXCL1
FZDO cou4
IGFBP4/ 5oy RGS20 siPR2
a2, c GPRIO3
IGF28P2 3 4
HOAL2 aeRs
f"E soes IL1BR1
™G
GZMB  STAT4
PPl 3 GZMK
MST1 bl GZMA
‘;VRLEEZ ol colL2
I cD2
SSPN RASSF5 oo
cDe2g D! cDs50
SNTG2  SGCG s 3
PGMS5 HLADDRA HLAGDPBS P Gl REa
HLAGDOA PEPRGR GPR17
HLADBOAZ s GIMAPT
HLADDRAL &Ko A gﬁﬁ"
HLAODMBSE 1R LPORFY e
gt PLCD3 APOE
i1 INpAZ APOC2
23 TGM2
PLAUR
5 TGFBI
[ El%eé, HR1
A EITM
CLEGAA '?h?iRFa - TBXASI:FFIECF: CFD
EGR1 MX2 pT@DS PTals PTGS2
B o csmenm
RRA! IL1aHAR  NFATC2
0AS2 a ARHGAP30 IRF4
co TURs HSPA2 iR
XAF1 NE&NMTF@JIWB Thpc SHaPTE SO L INPPSD
BTG2.0 IRFS COKNTA CATSPERB-ACNA2D4
FOS NCF4 nosp AseRr2 G2 MODOO
Cacnm RASGRP3
HIBE21 CATSPERG
R
L] IL10 PLXND1
GATAS SEMA4A
PLXNB1 CcFP
SEMA4C
NFATC4
RB
RIS
SLAMF1

ARID3A

TNF%@%%&‘ 0o


https://doi.org/10.1101/038448

bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. 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.

Supplementary Figure 3

sALS MN vs. Cere sALS MN vs. FCX

Q Q
l C9ALS l C9ALS



https://doi.org/10.1101/038448

bioRxiv preprint doi: https://doi.org/10.1101/038448; this version posted February 1, 2016. The copyright holder for this preprint (which was not

certified bz‘_ peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Supplementary Figure

-
c
o 54
(0]
T
Modules
B "MAN2A2" "MAT2A" RIMKLB
AR D11
W BORBRCEB" v W iSHDAPOMT Lo p oo
L SPARC 3P 8o "ASIR CROficcy:
"NDRG1" "ADD3" 5 - " . "ATF7IPINRNPC"  "MAPAK4"
KIAATO0S" TP KCNU10 MAP3K7IP2 'NCRNAC00S4"
nAKO A "AK309941" "BC039608'yc7L2"
"ARHBEFG" L MCTor41" "PHF3" "AF113016" "NASP"
QKI" "ANPB2B" "SEPW! " "
'SFRS12" SRRMa5MARCC1"
"SCIBPM6EB" ol gg:ﬁ { "NONO"
"/fHCYL:" "CD44" "MAOB" " \ 2 "SFRSKIAA0551"
AQP4 ” . SETDRNPHS3 "SORBS1"
(3 BEST1\s1008DR6S!" e
flo-dat "LASESE . "EIF4EBP2" e
"BCAST" 4 GLUL,,"’DKFZp434o1 172" e
PMP2*NTRK2 "RHOA" L
e cREBerNey  'SOOSbT oL
"HNRNPA2B1"
"MOBP" LR 5 "RBP56/CHN"  "MALAT1" LA
"KIAAOAGa" "2-Sep" 'DTNA  "AK310078" "Nlﬁng"ﬁNN" \ | 'CTNNB s
S, e s R L
RAB3 M 3FaRr . "CLONDT ATF7! 'CBXBDKFZp761G01287NF460"
AR SIS NUGKE T ZFP106", 1ol {TPT1"
" . "MBAS" \ "
BAALE GND2" 'ARGHHEA

"ERC1"


https://doi.org/10.1101/038448

Supplementary Figure 5

20

8471 I 1 |g>
! 1 NE
54_1 | | |$
|l ATXN2 . [ 15,
| TN TRONEY WSS |
o Ll
116_J - L 3
y . L |$
“1 ERC1 ) Lo
lw%%wMMMWvWWMrWMMJ
b | " " ‘o
-} d - |8
:’ﬁ d L_.. I e
| WK1 L ba s n|5
“-al d|o
22 °
'l L |.=
'Y k |‘,”,
»_4, ABCD5 k1w
M“'“‘\“’ﬂ“v”ﬂ(“-vwr“"y.»“‘)“},‘w«“wm ..... gkl m;



https://doi.org/10.1101/038448

	manuscript_molecular_neurodegeneration_8_10_2015
	Final_Figure_1
	Final_Figure 2
	Final_Figure 3
	Final_Figure_4
	Final_Supplementary_figure_1
	Final_Supplementary_figure2
	Final_Supplementary_figure3
	Final_Supplementary_figure4
	Final_Supplementary_figure5

