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Multiomics and machine-learning identify
novel transcriptional and mutational
signatures in amyotrophic lateral sclerosis
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Amyotrophic lateral sclerosis is a fatal and incurable neurodegenerative disease that mainly affects the neurons of
the motor system. Despite the increasing understanding of its genetic components, their biological meanings are still
poorly understood. Indeed, it is still not clear to which extent the pathological features associated with amyotrophic
lateral sclerosis are commonly shared by the different genes causally linked to this disorder. To address this point, we
combined multiomics analysis covering the transcriptional, epigenetic and mutational aspects of heterogenous hu-
man induced pluripotent stem cell-derived C9orf72-, TARDBP-, SOD1- and FUS-mutant motor neurons as well as da-
tasets from patients’ biopsies. We identified a common signature, converging towards increased stress and
synaptic abnormalities, which reflects a unifying transcriptional program in amyotrophic lateral sclerosis despite
the specific profiles due to the underlying pathogenic gene. In addition, whole genome bisulphite sequencing linked
the altered gene expression observed in mutant cells to their methylation profile, highlighting deep epigenetic altera-
tions as part of the abnormal transcriptional signatures linked to amyotrophic lateral sclerosis. We then applied mul-
ti-layer deep machine-learning to integrate publicly available blood and spinal cord transcriptomes and found a
statistically significant correlation between their top predictor gene sets, which were significantly enriched in toll-
like receptor signalling. Notably, the overrepresentation of this biological term also correlated with the transcription-
al signature identified in mutant human induced pluripotent stem cell-derived motor neurons, highlighting novel in-
sights into amyotrophic lateral sclerosis marker genes in a tissue-independent manner. Finally, using whole genome
sequencing in combination with deep learning, we generated the first mutational signature for amyotrophic lateral
sclerosis and defined a specific genomic profile for this disease, which is significantly correlated to ageing signatures,
hinting at age as a major player in amyotrophic lateral sclerosis. This work describes innovative methodological ap-
proaches for the identification of disease signatures through the combination of multiomics analysis and provides
novel knowledge on the pathological convergencies defining amyotrophic lateral sclerosis.
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Introduction

Amyotrophic lateral sclerosis (ALS) is the most prevalent motor
neuron disease and is characterized by a devastating progression
leading to death within 1-5 years following diagnosis.” The recent
advances in techniques and mathematical methods have consist-
ently deepened our understanding of the genetic basis of ALS, help-
ing in gaining more knowledge into the extremely heterogeneous
pathological landscape of this fatal disease.” Nevertheless, despite
the importance of these findings, an efficacious treatment for this
major neurodegenerative disorder is still missing. In fact, the genes
that have been causally linked to ALS are involved in broadly different
cellular pathways and functions.? This suggests that the molecular
pathomechanisms characterizing the different ALS cases might large-
ly depend on the mutated genes. Still, the clinical presentation of ALS
patients cannot entirely be explained on the basis of the underlying
genetic cause, thus leaving a crucial question unanswered: what are
the core commonalities characterizing the different ALS cases that,
together with the genetic background, contribute to the onset and
progression of this pathology? In this study, we sought to identify con-
vergent (and divergent) ALS-related alterations at the transcriptomic,
epigenetic and genetic levels with the aim of providing a portrait bio-
logically defining this neurodegenerative disease.

Materials and methods

Human induced pluripotent stem cell (hiPSC) lines (Table 1) were
either generated at Ulm University or purchased from The
Induced Pluripotent Stem Cell (iPSC) Core (David and Janet Polak
Foundation Stem Cell Core Laboratory) at the Board of Governors
Regenerative Medicine Institute (Cedars-Sinai Medical Center, Los
Angeles, CA, USA) and BioCat GmbH. hiPSCs were cultured on
Matrigel®-coated (Corning, Cat. No. 354277) six-well plates (BD
Falcon, 351146) in mTeSR"™1 medium (STEMCELL Technologies,
Cat. No. 85850) under ideal incubation conditions (37°C, 5% CO,,
5% O,). At 80% confluency, the cells were passaged 1:3 or 1:6 as re-
quired, using dispase (STEMCELL Technologies, Cat. No. 07923).
hiPSCs were differentiated in to motor neurons (MNs) following
the protocol previously described in Catanese et al.* Briefly, hiPSC
colonies were detached and cultivated in suspension in ultra-low
attachment flasks T75 for 3 days to induce the formation of embry-
oid bodies in human embryonic stell cell medium (Dulbecco’s
modified Eagle medium/F12 + 20% knockout serum replacement + 1%
NEAA + 1% B-mercaptoethanol + 1% antibiotic-antimycotic + SB-431542
10 pM + Dorsomorphin 1 pM+CHIR 99021 3 puM + Purmorphamine
1 pM +ascorbic acid 200 ng/pl+cAMP 10 pM + 1% B27 +0.5% N2). On

the fourth day, the medium was switched to MN Medium (Dulbecco’s
modified Eagle medium/F12 + 24 nM sodium selenite + 16 nM progester-
one +0.08 mg/ml apotransferrin + 0.02mg/ml insulin +7.72 ug/ml pu-
trescine + 1% NEAA, 1% antibiotic-antimycotic + 50 mg/ml heparin +
10 pg/ml of the neurotrophic factors BDNF, GDNF and IGF-1, SB-431542
10 pM, Dorsomorphin 1 pM, CHIR 99021 3 pM, Purmorphamine 1 pM, as-
corbic acid 200 ng/yl, retinoic acid 1 uM, cAMP 1 pM, 1% B27, 0.5% N2).
Ultimately, after five further days of cultivation, the embryoid bod-
ies were dissociated into single cells with Accutase (Sigma
Aldrich, Cat. No. A6964) and plated onto six-well plates (Corning,
Cat. No. 3516) precoated with Growth Factor Reduced Matrigel
(Corning, Cat. No. 356230).

Day in vitro 28 (DIV28) hiPSC-MN from two wells of a six-well plate were
washed with phosphate buffered saline (PBS), the cells were then
scraped gently, collected in 1x PBS, centrifuged for 5 min at 300g and
RNA was isolated from the pellet using the RNeasy Mini Kit (Qiagen,
Cat. No. 74106) based on instructions from the manufacturer.

Peripheral blood was collected by venepuncture into heparin tubes.
All blood was processed within 1h after collection. The heparin
tubes were centrifuged at 300g for 20 min at 15°C (all centrifugation
steps were done in a swing-out bucket rotor). The upper plasma
layer was removed to transfer the buffy coat layer in a 15 ml tube
containing 4 ml PBS, 0.1% BSA and 2 mM EDTA. The diluted cells
were carefully transferred to 15 ml tube with 3 ml density medium
Lymphoprep™ (Stemcell Technologies, Cat. No. 07801). To obtain a
gradient, we centrifuged the tubes at 160g for 30 min at 15°C. The
supernatant was removed to eliminate the platelets followed by a
third centrifugation at 350g for 20 min at 15°C, the remaining super-
natant was removed, peripheral blood mononuclear cells (PBMCs)
were recovered from the plasma/lymphoprep interface and were
transferred to a 15 ml tube with 5ml of PBS. To precipitate the
PBMCs, a final centrifugation at 400g for 8 min at 15°C was carried
out. The cells were then resuspended in 1 ml of FBS, 10% dimethyl
sulphoxide and aliquoted in cryovials. The samples were placed in
Mr. Frosty™ (Thermo Fisher Scientific, Cat. No. 5100-0001) at —80°C
to enable controlled rate freezing in preparation for final storage in
liquid nitrogen vapours at —180°C.

Total RNA was extracted from PBMCs using TRI Reagent® (Sigma
Aldrich/Merck) according to the manufacturer’s instructions.
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Table 1 hiPSC donors information
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Cell line Gene Mutation Age Sex Source Catalogue number
Healthy controls

Healthy I - - 45 Female Ulm University® N/A
Healthy II - - 64 Male BioCat GmbH SC600A-WT
Healthy III - - 52 Female Cedars-Sinai CS14iCTR-21

ALS patients

ALS-C9orf72 1 C9orf72 (G4C»)1.8kb 60 Male Ulm University® N/A
ALS-C9orf72 111 C9orf72 (G4Cy)2.7kb 50 Female Cedars-Sinai CS30iALS-C9
ALS-FUS II FUS €.1484delG 27 Male Ulm University® N/A
ALS-FUS III FUS c.1504delG 19 Male Ulm University7 N/A
ALS-TARDBP I TARDBP p.Gly298Ser 62 Male Cedars-Sinai CS47iALS-TDP
ALS- TARDBP II TARDBP p-N390D 26 Male Cedars-Sinai CS5ZLDIALS
ALS-SOD11 SODI p-A5V 40 Female Cedars-Sinai CS07iALS-SOD1A4
ALS-SOD11I SOD1 p.G9%4A 57 Male Cedars-Sinai CS2RJViALS

Reverse transcription was performed on 1pg of total RNA with
Superscript™ III first-strand synthesis system (Invitrogen/Thermo
Fisher) also according to the manufacturer’s instructions. All sam-
ples were processed at the same time, the resulting cDNA diluted
1:10 in nuclease-free water. Real-time reactions were run in tripli-
cate using 5 pl/reaction with Fast™ SYBR Green Master Mix
(Applied Biosystems/Thermo Fisher). Real-time PCRs were per-
formed on a 96-well format using the QuantStudio3™ (Applied
Biosystems/Thermo Fisher). The experiment was performed
blinded, according to standards of the MIQE guidelines.® These ex-
periments were performed and analysed under double-blind
conditions.

For RNA-sequencing (RNA-seq), messenger RNA was purified from
total RNA using poly-T oligo-attached magnetic beads. After frag-
mentation, the first-strand cDNA was synthesized using random
hexamer primers, followed by the second strand cDNA synthesis
using either dUTP for directional library or dTTP for the non-
directional library. For the non-directional library, it was ready after
end repair, A-tailing, adapter ligation, size selection, amplification
and purification. The directional library was ready after end repair,
A-tailing, adapter ligation, size selection, USER enzyme digestion,
amplification and purification. The library was checked with Qubit
and real-time PCR for quantification and a bioanalyser for size distri-
bution detection. Quantified libraries will be pooled and sequenced
on Illumina platforms, according to effective library concentration
and data amount. The clustering of the index-coded samples was
performed according to the manufacturer’s instructions. After clus-
ter generation, the library preparations were sequenced on an
Illumina platform and paired-end reads were generated.

DNA from DIV28 hiPSC-MNs grown on six-well plates was isolated
using the QIAamp DNA Mini Kit (Qiagen, Cat. No. 51306) as per the
manufacturer’s instructions with slight modifications. Briefly, two
wells were first washed with 1x PBS (Gibco), and cells were scraped
gently, collected in 1x DPBS, centrifuged for 5 min at 300g and the
pellet was resuspended in 200 pl of 1x DPBS. Next, 20 pl of protein-
ase K and 200 pl of buffer AL were added, briefly vortexed, heated at
56°C for 10 min with mixing at 350 rpm and centrifuged briefly.
Then, 200 pl of 100% ethanol was added, briefly vortexed and cen-
trifuged. The entire contents were transferred to QlAamp mini

spin columns, and centrifuged for 1 min at 8000 rpm. Next, 500 pl
of buffer AW1 was added and centrifuged for 1 min at 8000 rpm,
then 500pul of buffer AW2 was added and centrifuged at
14 000 rpm for 3 min first and then for 1 min. The contents of the
column were eluted using 20 pl nuclease-free DEPC-treated dis-
tilled water (Roth), by incubating for 5 min at room temperature
and centrifuging for 1 min at 8000 rpm. This step was repeated
once more after adding the eluate back into the column to further
concentrate the DNA in the samples. The DNA concentration and
purity were estimated using a spectrophotometer (NanoDrop,
ThermoFisher), and the samples were snap frozen in liquid N,
and stored at —80°C until shipment.

After sample DNA testing by agarose gel electrophoresis, positive
control DNAs were added into the DNAs and they were fragmen-
ted into 200-400 bp using Covaris S220. Next, terminal repairing,
A-ligation, methylation sequencing and adapter ligation were per-
formed to the DNA fragments. The final DNA library was ready
after bisulphite treatment (EZ DNA Methylation Gold Kit, Zymo
Research; after bisulphite treatment, unmethylated cytosine will
change into uracil, whereas methylated cytosine will stay un-
changed), size selection and PCR amplification steps. Library con-
centration was first quantified by Qubit2.0, and then was diluted to
1 ng/pl before checking the insert size on an Agilent 2100 and
being quantified with more accuracy by quantitative PCR (effect-
ive concentration of library >2 nM). After passing library testing,
different libraries were pooled together and then fed into
Mlumina devices according to effective concentration and ex-
pected data volume. The sequencing strategy was paired-end
sequencing.

Raw reads were mapped using HISAT2°"** mapped reads (concord-
ant) were kept for downstream analysis and gene counting was per-
formed using featureCounts.'? Data normalization and differential
expression analysis were performed using the R package limma.™
Heatmaps, principal component analysis and radar plots were
also generated using R. Gene Set Enrichment Analysis was per-
formed using the GSEA application.’*** Statistical significance
was set at adjusted P-value cut-off of 0.05 and false discovery rate
of 0.25. Self-organizing maps (SOMs) were conducted using the
Bioconductor package oposSOM.™®
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For the published RNA-seq datasets, the raw gene expression
count matrix was downloaded from the Gene Expression
Omnibus repository. GSE112681 (397 and 645 ALS and control sam-
ples; referred to in the paper as ‘blood’) and GSE137810 (963 and 280
ALS and control samples under subseries GSE153960, respectively;
filtered for ALS motor neuron disease and control set only, referred
in the manuscript as ‘spinal’). Downstream analyses were per-
formed as described in the sections on RNA-seq and
Deep-learning analysis.

Paired-end whole genome bisulphite sequencing (WGBS) read
mapping, methylation and single nucleotide polymorphisms
(SNP) calling, extraction and reporting were performed using
gemBS." Differential methylation analysis and overlap analyses
were conducted using R and Bioconductor packages. HOMER was
used for annotation of methylation sites and motif and ontology
analyses.”® Additional enrichment analyses were performed using
Gene Set Enrichment Analysis.’>* Single nucleotide variants were
filtered using Bcftools (http:/samtools.github.io/bcftools/beftools.
html) to exclude known SNPs and low-quality variants. Circos plots
were generated using the online resource described by Krzywinski
and colleagues (http:/circos.ca/).”®

Analysis of single nucleotide variants and mutational signatures of
WGBS and published whole genome sequencing (AnswerALS)?°
was performed wusing R and the Bioconductor package
SomaticSignatures.?! Somatic signatures were generated according
to previously described methodologies®?? by looking at six differ-
ent types of mutations and their 16 (4 x 4) possible flanking base
combinations at the 5’ and 3'. This led to a maximum of 96 (16 x
6) tri-nucleotide motifs that were used to generate the ALS muta-
tional signatures.

After generating empirical information of overlap between differ-
ential analyses of the four familial ALS groups against the control
samples, Monte Carlo Simulation was performed to quantify the
chance of randomly encountering such overlaps. We then gener-
ated a randomly reshuffled gene expression matrix of our dataset,
and performed differential analysis and looked at overlaps between
the different comparisons. This step was iterated 1000 times to cal-
culated the average rate of random overlaps. P-values of the signifi-
cance of the number of empirical versus random overlaps (in at
least two, three or four comparisons as shown in Supplementary
Fig. 4) were obtained by using the formula

P=(r+1)/(n+1)

where r is the number of iterations in the random overlap analysis
that had higher overlap values than the empirical overlap count
whereas n is the total number of iterations (1000).

An R implementation of the Keras/TensorFlow?? binary classifier
was used for the deep-learning analysis. Glorot uniform initializer
and hyperbolic tangent activation were used for kernel initializa-
tion and kernel activation, respectively, with stochastic gradient
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descent as a model optimizer and binary cross-entropy for loss
measurement. An initial layer of 16 units with an additional three
hidden layers of 16 units was used, with a final output layer of
one binary unit.

All procedures with hiPSCs have been performed in compliance
with the guidelines of the Federal Government of Germany within
the context of the German Network for Motor Neuron Diseases
(MND-NET) and have been approved by the ethical committee of
Ulm University (19/12). All participants gave informed consent for
the study. The use of human material was approved by the
Declaration of Helsinki concerning Ethical Principles for Medical
Research Involving Human Subjects, and experiments were per-
formed according to the principles set out in the Department of
Health and Human Services Belmont Report. All experiments
with human blood were conducted in accordance with approval
by the Research Ethics Committee of the academic hospital
Leuven with informed and signed consent from individuals
(S65097, S59292 and S60803).

The in-house RNA-seq and WGBS datasets are available on request.
We also used publicly available datasets, which are accessible un-
der the Gene Expression Omnibus accession numbers GSE112681,
GSE137810, GSE106382 and from the AnswerALS consortium.

Results

First, we investigated the presence of a transcriptional signature
shared by different ALS cases using hiPSCs from eight familial
(fALS) patients and three healthy controls without known patholo-
gies. The patients carried mutations within the C9orf72 (1.8 and
2.7 kb GGGGCC expansion), FUS (c.1484delG and c.1504delG), SOD1
(p-A5V and p.G94A) and TARDBP (p.G298S and p.N390D) mutations
(Table 1).%*° HiPSCs from all genotypes were differentiated into
spinal MN* and their transcriptomes analysed after 28 DIV, thus an-
ticipating the later time points at which MN loss has been observed
in ALS cultures.*?” The analysis was first performed by pooling the
patients according to the mutated genes (gene-centric approach)
and identified differentially expressed genes (DEGs) in all the com-
parisons to healthy controls (Supplementary Fig. 1). Principal com-
ponent analysis (Fig. 1A) separated the control from the ALS
genotype and highlighted strongly divergent pathologic transcrip-
tional programs characterizing the four mutant groups, which
were mainly clustered according to their mutated gene. This separ-
ation was also confirmed by hierarchical clustering performed with
the top factor loadings for PC1 and PC2 (Supplementary Fig. 2),
where control samples were grouped in a distinct cluster (purple).
ALS-C90rf72 and ALS-SOD1 were part of the same cluster (pink)
but they also showed segregation according to their gene-centric
mutational group. ALS-TARDBP clustered along with one FUS pa-
tient (light-blue cluster), whereas the remaining FUS samples
formed a separate cluster (light-green). Even though the different
mutant samples mainly clustered according to their genetic back-
ground, we observed also some degree of variability between pa-
tients carrying different mutations in the same gene, as in the
case of FUS. For this reason, we controlled whether our gene-centric
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Figure 1 RNA-seq reveals divergent and convergent transcriptional features in ALS. (A) Transcriptome-based principal component analysis grouping
of the different hiPSC-derived MN (two independent replicates for each cell line) according to their mutated gene (two patients for each mutation and
three controls). (B) Venn diagram highlighting the shared DEGs among the ALS mutations: the only seven genes commonly altered in all the ALS gen-
otypes did not significantly enrich for any biological term. (C) SOMs representation of the transcriptional landscape of the different ALS groups. The
colour scale in the maps represents the gene expression level expressed as relative to the mean of the portrait (0 value, green colour) after normaliza-
tion. (D) Venn diagrams showing the number of SOM-based significantly down- and upregulated terms in the different ALS groups compared to healthy
controls. (E) List of the top three unique and (F) shared significantly down- and upregulated terms based on the SOMs.
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approach might fail in capturing some important patient-specific
alterations, resulting in a simplification of the pathological tran-
scriptome characterizing the different individuals. To do so, we
compared the transcriptome of hiPSC-derived MN from each pa-
tient line to the healthy controls to individually identify differen-
tially down- or upregulated transcripts. We then compared these
DEGs to those highlighted by the gene-centric approach and found
a strongly significant correlation between the dysregulated genes
identified by the two approaches in all the comparisons
(Supplementary Fig. 3A and B). This confirmed that patients with
different mutations within the same gene are characterized by
strongly convergent pathological transcriptomes (as compared to
healthy controls), which are efficiently captured by our gene-
centric approach. Based on this evidence, we confirmed the gene-
centric statistical strategy as the best fit for the scope of our
investigations.

In agreement with the gene-centric heterogeneity within the
ALS genotype, we found that only seven transcripts (the genes
AGAP7P, HOXC8, MIR939, PDLIM1 and the novel transcripts
ENSG00000228613, ENSG00000272428, ENSG00000275216) were sig-
nificantly altered in all the ALS subtypes when compared to control
MN, whereas most of the DEGs were either gene-specific or shared
among a reduced number of ALS subgroups (Fig. 1B). Nevertheless,
Monte Carlo simulation could not reproduce the degree of shared
DEGs’ expression across the different mutations when performing
1000 iterations with random transcripts (Supplementary Fig. 4).
This ruled out randomness as the cause of the overlaps observed
in the different transcriptomes of the ALS mutants.

On the basis of the transcriptional heterogeneity within the ALS
genotype, we asked whether the DEGs observed in the ALS sub-
groups might converge into common biological pathways and cre-
ated SOMs to identify a common expression pattern. This
confirmed a significantly different transcriptional landscape
among the genes considered (Fig. 1C), as most of the significantly
down- and upregulated terms identified using SOMs were either ex-
clusive to or only partially shared among the ALS subgroups
(Fig. 1D). In fact, the top three enriched terms identified in each mu-
tant genotype by the SOMs appeared to be specific for the respective
gene. When looking at the downregulated terms, we found that me-
tastasis, senescence and Golgi membrane were enriched in
ALS-C90rf72 whereas autophagosome assembly, mitochondrial
outer membrane and response to oxidized phospholipids were spe-
cific for ALS-FUS. SOD1-mutant cultures showed reduced expres-
sion of the genes involved in the calreticulin cycle and
doxorubicin resistance as well as monosaccharide metabolism,
whereas terms related to RNA processing and amino acids metab-
olism were downregulated in ALS-TARDBP. In contrast, upregulated
genes associated with p450, ribosomal assembly and MBD targets
were specific for ALS-C9orf72; NOL7 targets, epithelial branching
and cellular response to UV were detected in the transcriptomes
of FUS mutants. In ALS-SOD1 we detected high expression of genes
involved in axin degradation and oxidative stress as well as in spli-
ceosomal complex, whereas ALS-TARDBP MN were characterized
by upregulation of mucins’ glycosylation, NFkB and retinoic acid
signalling (Fig. 1E).

Notably, when we specifically looked at the significantly altered
terms shared by all the subgroups (37 down- and 135 upregulated),
we found that the genes showing reduced expression in ALS were
mainly involved in synaptic processes and ubiquitination. In con-
trast, most of the upregulated terms were related to apoptosis,
stress and DNA damage (Fig. 1F). Thus, despite the different ALS
subgroups being characterized by strongly heterogeneous
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transcriptomes, we could identify a specific set of biological altera-
tions mainly related to cell death and to the synaptic microenviron-
ment, highlighting a potential crucial role of the synapse in ALS
pathology independently from the specific underlying mutation.*?®

We then aimed to uncover whether the shared transcriptional al-
terations in ALS might originate from epigenetic abnormalities by
performing WGBS with samples obtained from the same hiPSC
lines after differentiation into MN. In line with the transcriptome
data, we noticed a different methylation pattern characterizing
the different ALS mutations (Supplementary Fig. 5A) and most of
the differentially methylated regions (DMRs) were either unique
or partially shared among the disease subgroups (Supplementary
Fig. 5B). Since the promoters were the most significantly enriched
regions identified by WGBS after the CpG islands (Supplementary
Table 1), we focused on these specific DNA sequences. When we
looked at the DMRs within the promoter regions, we identified a
very restricted number of shared terms among the different ALS
cases. In particular, there was no hypermethylated and only one
hypomethylated DMR shared by all four subgroups (Fig. 2A), again
highlighting a deep heterogeneity within the different ALS sub-
types also on the epigenetic level. This was further confirmed
when we predicted the transcription factors (TFs) binding to the
promoters identified by DMRs analysis. Among the significantly en-
riched TFs, Slug was the only one predicted to bind differentially
hypermethylated promotersin all the ALS MN cultures. By contrast,
we could not predict any shared TF whose hypomethylated binding
motif was shared by all the ALS subtypes (Fig. 2B). Performing gene
enrichment analysis by feeding the targets of the TFs significantly
linked to the DMRs into the Reactome database also highlighted a
high degree of variability within the ALS genotype: in fact, we did
not identify any communality in the top enriched terms associated
with hyper- or hypomethylated motifs in the ALS subtypes
(Supplementary Fig. 6). Interestingly, when we looked at the en-
riched gene ontology biological processes (GO-BP) we found that
terms associated with synaptic morphology and function were sig-
nificantly enriched in the hyper- as well as hypomethylated promo-
ters of all ALS-related MNs (Fig. 2C). Thus, epigenetic abnormalities
contribute to the synaptic alterations and appear to be shared
among ALS cases with different genetic backgrounds.

We next aligned the RNA-seq and WGBS data to evaluate, at a
single-gene level, the degree of correlation between transcriptional
and epigenetic alterations defying ALS. As expected, we found a sig-
nificant correlation between hypermethylated promoters and
downregulated transcripts, as well as between hypomethylation
and higher RNA levels, in all the ALS subtypes analysed
(Supplementary Fig. 7A). By looking at the leading edges of these
correlations, we identified three hypermethylatedndownregulated
and 23 hypomethylatednupregulated genes shared by all the ALS
mutants (Supplementary Fig. 7B). Interestingly, by performing en-
richment analysis with the leading edges genes on the basis of
the RNA-seq-WGBS correlation we found reduced synaptic terms
in FUS, SOD1 and TARDBP cases, but not in ALS-C9orf72
(Supplementary Fig. 8 and Supplementary Table 2). This suggests
that the altered expression of synaptic transcripts in presence of
GGGGCC expansion might originate from the reduced levels of
C90rf72 protein observed in ALS,?- rather than from their methy-
lation pattern. By contrast, we found that the hypomethylation of
the LY6E, LY6H, LYNX1 and PSCA promoters (all located in
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chromosome 7)*? significantly enriched the acetylcholine receptor
binding term in all the subtypes considered, in agreement with
their role in controlling the trafficking, assembly and function of ni-
cotinic acetylcholine receptors (Supplementary Fig. 9 and
Supplementary Table 3).3*

We then reasoned to identify an ALS signature by overcoming the
reduced degree of transcriptional similarities highlighted by the
analysis of hiPSC-derived MN. We considered a whole blood tran-
scriptome dataset from 397 ALS patients and 645 healthy controls
(GSE112681)*® to train a deep-learning algorithm and identify an
ALS-specific transcriptional profile. Here, 70% of the data was
used as training input, while the remaining 30% validated the pre-
diction accuracy of the model (Fig. 3A). Afterwards, we generated a
correlation matrix for all the mapped genes and scored their degree
of correlation to the prediction model. Enrichment analysis based
on the terms identified by the deep-learning approach highlighted
that terms related to toll-like receptor (TLR) cascade, immune re-
sponse and autophagy were significantly associated with ALS
(Fig. 3B). In a second layer of analysis, we applied our deep-learning
method to an independent transcriptome originating from the
spinal cord of ALS patients (GSE137810)*® (Fig. 3C), which also high-
lighted a downregulation of 141 synaptic transcripts that, according
to the SynGO database,?” were significantly associated with pre-
and postsynaptic terms, including synaptic vesicles and neuro-
transmitter release (Supplementary Fig. 10, Supplementary
Table 4). In addition, we detected a significant association of TLR
signalling and immune response, as well as clathrin-mediated
endocytosis, vesicle budding and TP53 regulation with the spinal
transcriptome of ALS patients (Fig. 3D). On the basis of these strik-
ing similarities, we investigated to which extent the blood and
spinal cord RNA-seq datasets share common transcriptional altera-
tions linked to ALS. To our surprise, we found a strongly significant
degree of correlation between these two datasets (Fig. 3E), indicat-
ing that the transcriptional profile defining ALS is recapitulated in
both blood and spinal cord tissue. We next filtered the top 5% ALS
predictor genes belonging to the blood transcriptome, as well as
the top 5% belonging to the spinal cord one (Supplementary Fig.
11), and overlapped these gene lists: we identified 14 statistically
significant transcripts positively (RGS18, LY96, SKAP2, AQP9,
TLR2, TLR6, TLR8, CTSS, EVI2B, CD58, FAM126B, NECAP1, PP3CB
and OXR1) and only one negatively (PDE4C) associated with both
tissues in ALS (Fig. 3F). Of note, IL18 displayed positive correlation
in the spinal cord but negative in the blood of samples derived
from patients. We then performed enrichment analysis with the
14 genes positively correlating to ALS and found that, despite their
low number, they significantly enriched in pathways mainly re-
lated to the pro-inflammatory TLR signalling (Fig. 3G). This data
strengthens the relevance of inflammatory biomarkers detected
in the blood of ALS patients,® as we identified a list of novel tran-
scripts systemically altered in individuals suffering from moto-
neuron disease.

We then overlapped our ALS transcriptional signature to the
SOM-based profiles generated from the transcriptomes of
hiPSC-derived MN, to resolve the mutation-specific discrepancies
observed in ALS. We observed a strong correlation tendency in
the case of ALS-C9orf72, ALS-FUS and ALS-SOD1, which reached sig-
nificance in ALS-TARDBP (Fig. 3H). To rule out possible biases
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arising from our culture setup, we analysed an independent tran-
scriptome (GSE106382),%° which included hiPSCs from SOD1, FUS,
TARDBP and sporadic patients. Again, we could observe a clear sep-
aration between controls and all the ALS lines (with the exception
of a minimal overlap between the control and sporadic groups be-
cause of one healthy individual), as well as a strongly divergent
transcriptional program in the different ALS mutations
(Supplementary Fig. 12A). SOMs from the different mutant sub-
groups based on these datasets (Supplementary Fig. 12B) confirmed
the heterogeneous landscape characterizing the different muta-
tions at transcriptional level. In agreement with these findings,
this microarray-based transcriptome highlighted strong differ-
ences between the ALS subgroups that did not share any downre-
gulated term, whereas there were 128 commonly shared
upregulated ones (Supplementary Fig. 12C). We then checked the
correlation between the deep-learning data and the different tran-
scriptomes of this independent dataset. In line with the data from
the in-house cell lines, we observed a strong correlation between
all the ALS subtypes and the deep-learning signature, with the
SOD1 and TARDBP cases showing the best performance and reach-
ing statistical significance (Supplementary Fig. 12D). This strength-
ened the idea of common transcriptional alterations underlying the
different ALS subtypes independently from the specific pathogenic
mutation. Indeed, we identified a significant correlation between
pathways associated with TLR and the transcriptomes of fALS
hiPSC-derived MN, indicating that this specific biological process
significantly contributes to ALS manifestation (Fig. 3I). To better
confirm this evidence, we performed single-tube quantitative PCR
using blood from an independent cohort of 10 sALS, 10 fALS pa-
tients and 10 healthy controls without known pathologies
(Supplementary Table 5) to analyse eight transcripts selected
from the group of genes identified by overlapping the two
deep-learning datasets (Fig. 3F): LY96, TLR2, TLR6, TLR8, EVI2B,
CD58, FAM126B, PP3CB. The expression levels of these genes were
then integrated, under double-blind conditions, into the
deep-learning algorithm to evaluate the accuracy of genotype pre-
diction. In agreement with the significant correlation between this
gene set and fALS transcriptome, the expression of these tran-
scripts was sufficient to significantly recognize the familial patients
and separate them from the other two groups (Supplementary Fig.
13). Thus, these genes might represent novel transcriptional bio-
markers for the identification of fALS cases from blood samples.

Finally, we asked whether the ALS portrait hereby described
could be explained by a specific pattern of genomic mutations
commonly shared in ALS and independent from the pathogenic
ones. To identify the mutational processes underlying ALS
and the probable biological factors associated with them, we gen-
erated somatic mutational signatures of 866 samples (773 ALS
patients and 93 healthy controls) from the whole genome
sequencing dataset of AnswerALS.?° Briefly, a somatic mutation-
al signature analysis looks at not only the base substitutions but
also the 5" and 3’ flanking bases to generate specific tri-nucleotide
motifs whose frequencies can be mathematically analysed to de-
duce mutational signatures that inform the likely origin of the
mutation.®?2

We first generated 96 non-negative matrix factorization-based
somatic signatures (the maximum possible number of signatures)
(Fig. 4A and a representative plot is shown in Fig. 4B). We then
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Figure 4 The mutational load of ALS genomes correlates with DNA damage and ageing signatures. (A) Mutational signatures were generated from
single nucleotide variants of the AnswerALS whole genome dataset. We generated the maximum number of signatures that can be generated (96) using
non-negative matrix factorization (nmf). We show here the contribution of the 96 tri-nucleotide motif combinations (y-axis) and the calculated signa-
tures (x-axis). Signature 18 (which will be discussed in subsequent panels) is highlighted (red area). (B) A representative signature (S18) mutational spec-
trum profile is shown here, where a T>C and C>T substitution composed motifs (flanked by different combinations of 5’ and 3’ bases) predominantly
contribute to the signature. (C) We performed a between groups analysis classifier to assess whether we can distinguish between ALS (red) and control
(CTRL; blue) samples. All signatures are shown on the left, followed by centroids of ALS and CTRL samples (middle), and a highlight of six signatures that
had the highest loading (weight) in classifying ALS and CTRL samples (right). (D) Correlation analysis between the six top signatures (S63, S80, S90, S52,
S18 and S23; displayed in C) and publicly available ones with a known biological association. The blue spheres are drawn only for the correlations with a
significant P-value at a cut-off of 0.05. The density of the colour and shape of the sphere indicate the strength of a positive correlation. Of note, the top 6
signatures are not only significantly correlated to each other but also to signatures associated with DNA mismatch repair deficiency (DNA MMR def.)
and ageing signatures (Age and Age_2). The purple squares represent the ordering of terms based on unsupervised hierarchical clustering based on the
correlation matrix.
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used between group analysis and support vector machines to iden- (‘DNA_MMR_Def.’) (Fig. 4D; P < 0.05). Additionally, we also observed

tify signatures that could discriminate between ALS and controls
samples. As a result, we identified six signatures that showed the
strongest association with either ALS or control centroids
(Signatures 18, 23, 52, 63, 80 and 90; Fig. 4C). In the final analysis,
we correlated the tri-nucleotide motifs of these top six significant
signatures to publicly available ones with defined underlying bio-
logical association.” Interestingly, we observed that all the six sig-
natures showed statistically significant correlation to ageing
(‘Age’ and ‘Age2’) and DNA mismatch and repair deficiency

that some signatures, to a lesser extent, showed significant correl-
ation to Immunoglobulin hypermutation (IG_Hypermut.’),
Ultraviolet (‘UV’) and Temozolomide (‘Temozolomide’). We thus
conclude here that most of the mutations that are acquired by
ALS patients are largely attributable to the ageing phenotype and
associated biological factors like the ageing-dependent decline in
DNA repair efficiency, in agreement with the increased p53 signal-
ling characterizing the transcriptome of the fALS cases considered
(Fig. 1F).

Figure 3 (Continued)

Machine-learning identifies defines an ALS transcriptional signature converging on TLR signalling. (A) Schematic representation of the deep-learning
analysis based on the whole blood transcriptome from ALS patients and healthy controls. The analysis was performed by using 70% of the data as train-
ing dataset and the reaming 30% for the validation. (B) Significant enrichment of pathways associated with inflammation and TLR signalling. (C) A se-
cond layer of deep-learning analysis based on spinal cord transcriptome from ALS patients was performed following the same procedure as used for
the blood transcriptome. (D) This also showed higher activation of pro-inflammatory and TLR pathways in ALS. (E) Correlation plot showing a signifi-
cant overlap of the blood and spinal cord total transcriptomes after deep-learning machine analysis. Model correlation coefficients were obtained for
each dataset to assess significant correlation in gene ranks using Spearman correlation coefficient. After sorting the top 5% predictor genes of ALS, we
identified 14 transcripts (highlighted in red) positively associated with ALS in both transcriptomics (F), which clustered in TLR, inflammation and au-
tophagy pathways (G). (H) Enrichment plots showing the positive correlation degree between the transcriptional signature based on the double-layer
(blood and spinal cord) deep-learning analysis and the different ALS genotypes. (I) The enrichment in TLR-related transcripts highlighted by the
deep-learning approach positively and significantly correlated with the transcriptional program of familial ALS MN.
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Discussion

The genetic heterogeneity of ALS reflects the vast number of bio-
chemical alterations that have been associated to this disease
and represents a major obstacle for the development of novel ef-
fective treatments. Indeed, a large portion of the newly designed
therapeutic strategies undergoing clinical trials, such as antisense
oligonucleotides,*>*° aim to target pathomechanisms linked to
specific genetic causes. Still, the genetic and pathobiological com-
plexity characterizing this disease cannot a priori exclude the pres-
ence of pathological features commonly shared across the ALS
spectrum. The identification of common alterations would not
only improve our understanding of the mechanisms underlying
this neurodegenerative disease, but might also open new thera-
peutic scenarios for a large portion of patients. Such an approach
is made possible by the development of novel mathematical and
machine-learning tools that, together with the increased accessi-
bility to deep-sequencing analysis, offer the possibility of integrat-
ing different layers of biological information with the final aim of
identifying druggable targets, as well as diagnostic and prognostic
markers for human diseases.*'™** To apply this strategy to ALS,
we performed the first integrative, machine-learning-based ana-
lysis of transcriptomic, epigenetic and genetic data obtained from
human cultured MN, blood and post-mortem neuronal samples.
In the first step of our analysis, we looked at the transcriptional
similarities between C9orf72, FUS, SOD1 and TARDBP-mutant MN.
By performing independent gene-centric analysis we highlighted
that the ALS subgroups, when compared to the healthy controls,
were mainly characterized by discrepant alterations. This con-
firmed previous descriptions of divergent transcriptome changes
in the presence of diverse pathogenic backgrounds,**** which
have been observed even when comparing single hiPSC lines with
different mutations within the same gene.*® The inter-patient vari-
ability represents indeed an ongoing challenge for hiPSC-based
studies, where the efficacy of neuronal differentiation, cellular
composition and donor sex represent a source of additional experi-
mental variabilities.*” Still, despite the large transcriptional dis-
crepancies documented when investigating ALS genes or even
single variants using hiPSC-based models, some studies have al-
ready identified a certain degree of transcriptional overlap across
the disease spectrum. For example, previous transcriptomic ana-
lysis including MN from FUS and TARDBP-patients,”’ as well as
sporadic, C9orf72, SOD1 and TARDBP-mutant cells,*® revealed al-
tered monoamine and lipid metabolism in ALS compared to con-
trols, while single-cell RNA-seq identified common signatures in
sporadic and C9orf72 familial cases.* In addition, the phenotypical
manifestation of disease features in ALS MN, such as mitochondrial
dysfunction and electrophysiological impairment, reveals a higher
degree of coherence across different cases than the underlying
transcriptional diversities observed in traditional comparative ana-
lysis.*®*° Accordingly, even though we used a restricted number of
iPSC lines, we showed that the major determinants of a pathologic
transcriptional landscape are conserved across patients even in the
presence of different variants in the same gene. These observations
indicate that, because of the high-dimensional nature of RNA-seq
data, a significant amount of relevant information might be kept
hidden if the maximum potential of computational and statistical
methods is not fully exploited. Indeed, by performing unsupervised
machine-learning we could achieve a significantly higher coverage
of the transcriptional commonalities characterizing the different
ALS cases included in our study. Importantly, the increased re-
presentation of pro-apoptotic pathways and p53 signalling in all
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the ALS groups confirmed the major feature of this disease, namely
a high MN vulnerability leading to the selective loss of this neuronal
population. On the other hand, we could identify a significant loss
of synaptic transcripts as a novel commonly shared feature of
ALS. Synaptic disruption is observed in several neurodegenerative
conditions, but has often been considered as a consequence of dy-
ing neurons rather than a pathological mechanism actively con-
tributing to neuronal death in ALS. Thanks to our top-down
integrative approach, we could show that synaptic abnormalities
are not only occurring at the transcriptional level, but also at the
epigenetic one, indicating that these alterations are unlikely to re-
sult from the apoptotic processes ongoing in mutant cultures. In
fact, even if the presence of heterogenous pathogenic mutations
differentially affects the methylation pattern of the ALS genome,
these epigenetic changes still significantly converge towards syn-
aptic terms. Thus, our results are in support of a central role played
by the synaptic microenvironment in disease progression, as also
shown by previous works demonstrating neuroprotection through
re-establishment of synaptic structure and physiological proper-
ties.**! In addition, a significant loss of synaptic transcripts was ob-
served also in the ALS post-mortem samples, confirming the
translational relevance of these findings and highlighting the po-
tential of integrative analysis including patients’ biopsies.*® Even
though a misbalanced contribution of different cell types might
have a significant impact on the bulk transcriptome of ALS spinal
cords due to MN loss and glial activation,*® our multi-tissue ap-
proach revealed a subset of genes biologically associated with
TLR signalling. This subset of genes significantly resembled an
ALS portrait in multiple samples, including blood cells and con-
firmed the biological relevance of this pathway in ALS progres-
sion.>? The striking correlation observed between the blood and
spinal transcriptomes represents an important novelty for the neu-
rodegeneration field, as we could highlight disease-specific altera-
tions even in cells not directly linked to the pathology. This opens
the fascinating possibility of using transcriptional biomarkers
obtainable through low-invasive biopsies for diagnostic and prog-
nostic scopes. Indeed, the advantage of blood cell-based transcrip-
tomes has also been described in an elegant integrative study
aimed at identifying signatures of vulnerability across different
neurodegenerative disorders.*? This evidence supports the need
for producing more large-scale omics datasets for ALS,?>>® which
atthe moment are very limited and often include a reduced number
of healthy controls. This represents a limitation that has to be kept
in mind even in regards to this study, since the inter-individual
variability characterizing omics experiments is a source of larger
inconsistency within healthy controls groups than in patients,
which still share the underlying traits of the disease considered.
Indeed, the markers linked to TLR identified here failed in differen-
tiating sporadic patients from healthy controls. This could be, part-
ly, due to the fact that the genes we used were those with high
expression and predict likelihood of ALS class/phenotype in the
deep-learning model of both datasets (Fig. 3F; genes shown in the
top right quadrant, labelled in red). In contrast, we did not identify
genes (except for PDE4C) whose expression is highly correlated to
the control group. Additionally, controls are often highly heter-
ogenous in their transcriptional profile due to many confounding
factors and are usually selected merely due to the absence of a gi-
ven pathology. A well-controlled and stratified sampling approach,
combined with a sufficiently large sample size, can overcome this
problem and improve the deep-learning model development.

Our data still provide important proof-of-principle evidence on the
possibility of circumventing the heterogeneity that characterizes ALS,
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with the goal of identifying common alterations defining this disease.
We demonstrate the presence of an ALS-related pathological portrait
not only at the transcriptional and epigenetic levels, but we also iden-
tified a mutational signature specific for this neurodegenerative dis-
order. Even though our experimental design included a restricted
number of ALS patients and a limited cohort of healthy controls, we
could show that ALS significantly correlates with ageing and DNA
damage signatures by mapping the mutational load within their gen-
ome.” Ageing represents the major risk factor for neurodegenerative
diseases® and it has been shown that ALS disrupts the expression
and network of ageing-associated genes.** Thus, we demonstrate
that alterations observed on physiological ageing in ALS® occur
even at the genetic level, where the genomic mutational load of pa-
tients mirrors the prognostication of other detrimental features,
such as accumulation of DNA damage, observed at the cellular
levels.”

In conclusion, our integrated multiomics approach identified
multiple layers of commonalities that provide a crucial insight
into how different mutations and divergent pathomechanisms
can still converge over time into a singular presentation of ALS dis-
ease. This study represents a novel and important step towards the
identification of common molecular alterations and, with the help
of larger cohorts and deeper omics datasets, of a unifying signature
across the heterogenous spectrum of this neurodegenerative
disease.
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