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SUMMARY

Amyotrophic lateral sclerosis (ALS) is a fatal neurodegenerative condition characterized by the loss of motor neurons. We utilized single-
cell transcriptomics to uncover dysfunctional pathways in degenerating motor neurons differentiated from SOD1 E100G ALS patient-
derived induced pluripotent stem cells (iPSCs) and respective isogenic controls. Differential gene expression and network analysis iden-
tified activation of developmental pathways and core transcriptional factors driving the ALS motor neuron gene dysregulation. Specif-
ically, we identified activation of SMAD2, a downstream mediator of the transforming growth factor B (TGF-p) signaling pathway as a
key driver of SOD1 iPSC-derived motor neuron degeneration. Importantly, our analysis indicates that activation of TGFp signaling
may be a common mechanism shared between SOD1, FUS, COORF72, VCP, and sporadic ALS motor neurons. Our results demonstrate
the utility of single-cell transcriptomics in mapping disease-relevant gene regulatory networks driving neurodegeneration in ALS motor
neurons. We find that ALS-associated mutant SOD1 targets transcriptional networks that perturb motor neuron homeostasis.

INTRODUCTION

Amyotrophic lateral sclerosis (ALS) is an age-onset, fatal,
incurable neurodegenerative disorder that affects motor
neurons (MNs) in the brain and spinal cord. Patients
display progressive paralysis and eventually die due to res-
piratory failure, commonly within 3-5 years of diagnosis
(Brown and Al-Chalabi 2017). Despite extensive research,
the causes underlying the observed degeneration are
incompletely understood. Understanding the molecular
drivers of neurodegeneration in ALS can potentially lead
to the development of life-saving therapies. Approximately
20% of ALS cases are familial with mutations identified in
genes spanning diverse cellular functions, including
SOD1 (Hardiman et al., 2017).

Patient-derived induced pluripotent stem cells (iPSCs)
bear the disease-causing mutations in a physiologically
relevant background and provide a powerful model to
study ALS. These iPSCs can be differentiated into MNs to
model key aspects of the disease, such as neuron survival,
morphometric and electrophysiological defects, and pro-
tein/RNA aggregation foci in vitro (Fujimori et al., 2018; Lo-
pez-Gonzalez et al., 2016; Selvaraj et al., 2018).

Molecular characterization of these neurons using
“omics” tools has uncovered important insights into dis-
ease pathophysiology (De Santis et al., 2017; Krach et al.,
2018). However, application of genomic tools such as
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RNA sequencing (RNA-seq) to ALS neurons in bulk has
serious drawbacks. Current differentiation protocols
generate spinal MNs at efficiencies ranging from 50% to
80% depending upon the iPSC line used. The differentiated
neurons are usually a mix of MNs, spinal interneurons
(INs), or glial cells. To dissect cell-type-specific differences,
we performed single-cell transcriptomic analysis of degen-
erating ALS SOD1 iPSC-derived neurons. Our single-cell
data enabled us to build a disease-relevant transcriptional
network that was used to identify key transcription factors
driving the ALS-associated gene dysregulation.

RESULTS

Single-cell RNA-seq analysis of iPSC-derived SOD1 and
control neurons

We differentiated iPSCs derived from patients bearing the
SOD1 E100G mutation, as well as the CRISPR edited
isogenic control (SOD1 E100E) into MNs as described pre-
viously (Figure 1A) (Bhinge et al., 2017). Day 30 neurons
expressed the MN markers ISL1 and NF-H as well as the
pan-neuronal marker MAP2 (Figure 1B). Using our proto-
col, both SOD1 and control iPSCs could be reproducibly
differentiated into MNs (termed ipMNs) at similar effi-
ciencies (~75% ISL1+ cells) (Figure 1B). Between days 30
and 44, SOD1 ipMNs displayed a 40% loss in survival
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Figure 1. Single-cell RNA-seq of iPSC-derived neurons

(A) Differentiation protocol used to derive MNs from human iPSCs. Numbers on the horizontal line indicate days. SB, SB431542; LDN,
LDN193189; CHR, CHIR99021; RA, retinoic acid; Pur, purmorphamine.

(B) ipMNs at day 30 stain positive for ISL1, NF-H, and MAP2. Scale bar indicates 50 um.

(C) MNs (ISL1+) were counted at d30 and d44 of the differentiation protocol. D44 MN counts were normalized to d30 counts. SOD1 E100G
indicates the MNs derived from mutant SOD1 iPSC. SOD1 E100E indicates the isogenic corrected control MNs. Error bars shown are SEM, n=3
independent biological replicates. *p < 0.01; n.s., not significant.

(D) Heatmap displaying percentage of cells expressing specific HOX genes. White space indicates that the corresponding HOX paralog is not
expressed in humans. Colored solid arrows indicate the HOX code for specific spinal segments along the rostro-caudal axis.

(E) Violin plots displaying distribution of expression levels of displayed markers across all cells.

(F) UMAP plot showing clustering of single cells.

(G) Normalized mean expression of neural markers across all eight clusters (cl). Clusters have been coded by numbers (at the bottom) and
by color (at the top). These correspond to the numbers and colors shown in (F).

(legend continued on next page)
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compared with the isogenic control ipMNs (Figure 1C). To
gain deeper insights into the mechanisms driving neurode-
generation, we performed single-cell RNA-seq on the SOD1
and isogenic control ipMNs at day 44 of our differentiation
protocol. We captured a total of 332 single cells across two
independent differentiations, which included 165 cells
from the SOD1 and 167 cells from the isogenic cultures
(Supplemental experimental procedures). After removing
low-quality cells (Supplemental experimental procedures,
Figure S1), we retained 163 cells for SOD1 and 160 cells
for the control (323 cells total). Our single-cell transcrip-
tomes for the SOD1 and control sets were similar in quality
on a genome-wide level (Supplemental experimental pro-
cedures, Figure S1).

In vivo, spinal MNs at different rostro-caudal levels of the
spinal cord are demarcated by specific combinations of
HOX gene expression (known as the HOX code) (Philippi-
dou and Dasen 2013). To ascertain the rostro-caudal
address of our in vitro differentiated neurons, we estimated
the percentage of cells expressing each of the 39 HOX genes
(Figure 1D). Most cells expressed HOXAS and HOXBS, with
few cells expressing HOXB8 and HOXDS8 and none express-
ing HOX genes from paralog groups 9 and higher (Fig-
ure 1D). This indicated that our cells were largely restricted
to the hindbrain or brachial spinal cord identity. Next, we
assessed expression of markers for motor neurons (MNX1,
CHAT, PRPH, SLC5A7, ALDHI1A2, ACHE, VAChT, or
SLC18A3), interneurons (GAD1, GAD2, ZFHX2, ZFHX4,
LMO3, LMO4, ARX), and non-neuronal cells (PAX6, REST,
MKI67, S100B, SOX9, SLC1A3) (Figure 1E). Our data indi-
cated that iPSC-derived neuronal cultures display wide
variation in expression across individual cells that is aver-
aged in bulk analysis. To resolve this heterogeneity and
enable differential expression between relevant classes of
neurons, we sought to classify cells into specific neural
lineages.

Classification of single cells into neural subtypes

We first identified genes that could be used to classify cells
into relevant cell types (neurons versus glia and MNs versus
INs) (Supplemental experimental procedures, Figures S2A—
S2C). This set of 1,060 genes, termed the classifier gene set,
was used to cluster cells into distinct neural subtypes. We
performed unsupervised clustering of all single cells
(healthy and SOD1) using our classifier gene set into eight
clusters using uniform manifold approximation and pro-

jection (UMAP) as part of the Monocle3 package (Becht
etal., 2018; Caoetal., 2019) (Figure 1F). Analysis of median
expression of known MN, IN, and non-neuronal marker
genes confirmed successful clustering of cells by subtypes;
i.e., MNs (clusters 1, 2, and 3), INs (clusters 4, 5, and 6),
and non-neuronal glial progenitors (clusters 7 and 8) (Fig-
ure 1G). To evaluate the possibility of mixed clusters (i.e.,
cells that display expression patterns of multiple cell types),
we performed partition analysis, which groups clusters
together into “super-clusters.” Partition analysis grouped
cluster 6 (IN cluster) with the non-neuronal clusters 7
and 8, while the MN cluster 3 was grouped together with
the IN clusters 4 and 5 (Figure 1H). Hence, cells in clusters
3 and 6 were termed mixed and removed from further anal-
ysis (Figure 1I). Our clustering approach identified 61 MNs
and 41 INs in the healthy dataset, while 38 MNs and 49 INs
were identified in the SOD1 ALS dataset (Figure 1J).

Differential expression analysis of SOD1 and control
neurons

We compared gene expression in our SOD1 ipMNs with the
isogenic control ipMNs using DESeq with parameters rec-
ommended for single-cell RNA-seq (see section, “experi-
mental procedures”). Principal component analysis (PCA)
on the MN subset indicated the absence of any batch ef-
fects in terms of differentiation or bias in mapped reads,
number of detected genes, and mitochondrial genes (Fig-
ure S2D). Differential expression analysis identified 495 up-
regulated genes and 170 downregulated genes in SOD1
ipMNs at a p value <0.01 (adjusted for multiple hypothesis
correction) and fold change >2 (Figures 2A, 2B, and 2E). On
the other hand, analysis of SOD1 and control ipINs re-
vealed far fewer genes dysregulated in SOD1 ipINs
compared with SOD1 ipMNs at the same threshold (63
genes upregulated and 46 genes downregulated) (Figures
2C, 2D, and 2E). There was minimal, although significant,
overlap in the differentially expressed genes between
ipMNs and ipINs, with 30 genes shared in the upregulated
set and four genes shared in the downregulated set (Fig-
ure 2F). The differentially expressed genes in ipINs had a
similar distribution for the fold changes, but most genes
did not pass the p value threshold (Figure 2C). This could
be due to multiple interneuron subtypes present in the
population. Hence, we first decided to focus on MNs for
further analysis.

(H) Partition analysis shows the MN cluster 3 associating closely with IN clusters 4 and 5, while IN cluster 6 associates with non-neuronal

clusters 7and 8.

(I) UMAP plot showing classification of single cells into MNs, Ins, and non-neuronal cells based on marker expression.
(J) UMAP plot showing distribution of the identified cell types among the ALS SOD1 E100G (SOD1) and isogenic SOD1 E100E control

samples.
See also Figures S1 and S2.
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Figure 2. Differential expression analysis of SOD1 ipMNs and ipINs

(A and C) Volcano plots of differentially expressed genes (A) for ipMNs and (C) ipINs. Each dot represents a gene. Red, upregulated genes;
blue, downregulated genes; black, unchanged genes. Horizontal red line represents p value = 0.01. Vertical green lines represent an
absolute log? fold change of 1. Fold changes >10 or <—10 were set 10 and —10 respectively.

(B and D) p value histograms of the differentially expressed genes for (B) ipMNs and (D) ipINs.

(E) Number of genes up- or downregulated in SOD1 ipMNs (blue) compared with SOD1 ipINs (orange).

(F) Overlap between genes up- or downregulated between SOD1 ipMNs and ipINs. Significance was estimated using the hypergeometric

distribution.

(G) Enrichment analysis of likely pathogenic variants associated with different diseases in genes upregulated in SOD1 ipMNs. Vertical axis
shows terms used to search the ClinVar database to find associated pathogenic variants. PD, Parkinson disease; HD, Huntington disease;

CMT, Charcot-Marie-Tooth; SCA, spinocerebellar ataxia; MS, multiple

sclerosis; NDD, neurodevelopment disorder. The red and green dashed

lines indicate a p value threshold of 0.05. Values on the right side indicate enrichment in upregulated genes, while values on the left

indicate enrichment in downregulated genes.

(H) Pathways identified using GSEA in genes upregulated (left) or downregulated (right) in SOD1 ipMNs. p values were adjusted using the

Benjamini-Hochberg procedure.
See also Figure S2.

We observed that pathogenic variants associated with
ALS in the ClinVar (Landrum et al., 2020) database were
significantly enriched, specifically in genes upregulated in
the SOD1 ipMN:ss (Figure 2G). Gene set enrichment analysis

(GSEA) identified several pathways dysregulated in SOD1
ipMNs. The downregulated pathways included terms
related to synaptic function (“trans-synaptic signalling”
and “anterograde trans-synaptic signalling”) and
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mitochondrial function (“respiratory electron transport”
and “oxidative phosphorylation”) (Figure 2H). Addition-
ally, calcium homeostasis was also downregulated in
SOD1 ipMNs. Pathways enriched in the upregulated genes
included the mitotic cell cycle, protein targeting to the ER,
and RNA splicing (Figure 2H). The observed changes in
gene expression were not driven by differential cluster
membership of SOD1 and control ipMNs (Figures S2E-
S2H, Supplemental experimental procedures). Interest-
ingly, we observed that downregulation of the terms
“oxidative phosphorylation” and “respiratory electron
transport” were driven by nuclear-encoded as opposed to
mitochondrial-encoded genes (Figure S2I).

Co-regulated gene modules dysregulated in SOD1
compared with healthy neurons

To gain a systems-level understanding of the observed tran-
scriptional changes, we performed weighted gene coex-
pression network analysis (WGCNA) (Langfelder and Hor-
vath 2008). WGCNA identifies sets of genes that are highly
correlated (called gene modules) and links these modules
with specific phenotypic traits associated with each sam-
ple. However, since single-cell data are highly sparse, per-
forming correlation analysis on the read counts might
lead to spurious associations or false-negatives. Hence, we
implemented a k-nearest neighbors (k-NN) algorithm to
smooth the read counts (Wagner et al.,, 2018) (Supple-
mental experimental procedures). Further, we only re-
tained genes that were expressed in >20 cells. The smooth-
ened normalized count data across 189 neurons and 14,054
genes were used to construct modules using topological
overlap. WGCNA identified 26 gene modules comprising
81-1,444 genes (median = 449 genes) (Figure 3A). Using a
bootstrapping approach (Supplemental experimental pro-
cedures), we confirmed that 19 out of the 26 modules
had a stability score >70 (maximum 100), while only two
modules scored <60 (Figure S3A). We used the module ei-
gengene (the first principal component for all genes in a
given module) as a representative expression of that mod-
ule in a cell. By estimating the Pearson correlations of
each module eigengene with cell type or genotype, we
identified modules that were positively or negatively asso-
ciated with ipMNs, ipINs, or disease status.

Six modules (darkgrey, turquoise, darkslateblue, light-
cyanl, darkorange2, pink) were positively correlated while
one module (royal blue) was negatively correlated to SOD1
ipMNs (adjusted p value <0.01 and absolute correlation
>0.4) (Figures 3B and S3B). All seven modules associated
with SOD1 ipMNs had stability scores >60 (Figure S3A).
Gene ontology (GO) enrichment analysis of these modules
revealed association of each module with specific func-
tional categories (Figure 3C). Genes assigned to the roy-
alblue module were significantly enriched for synaptic

3024 Stem Cell Reports | Vol. 16 | 3020-3035 | December 14, 2021

function and signaling, axon structure, autophagy, and res-
piratory electron transport. The turquoise module was en-
riched in genes associated with mitotic cell cycle, TP53 acti-
vation, and chromatin remodeling. The darkslateblue
module was enriched in terms related to RNA processing,
including translation, splicing, and decay. The pink mod-
ule was enriched in the terms “coagulation” and “Signal-
ling by Wnt”. The darkgrey module showed enrichment
of terms related to catalytic activity that included chro-
matin remodeling enzymes. Interestingly, the royalblue
module associated significantly with healthy ipMNs
compared with healthy ipINs (Figure 3B), indicating that
genes involved in synaptic function and respiration are
highly expressed in ipMNs compared with ipINs, in accor-
dance with the high metabolic demands on MNs.

Network analysis using WGCNA has previously revealed
disruption of age-related modules and pathways in spo-
radic ALS MNs (Ho et al., 2016). For example, the expres-
sion of genes involved in translation decreased with age
but was upregulated in sporadic ALS MNs. We observed
that the module darkslateblue, which positively correlated
with SOD1 ipMNs, was enriched in genes with a role in
translation. This led us to question whether SOD1 ipMNs
displayed aberrant reactivation of developmental path-
ways. To test this hypothesis, we obtained gene expression
data over the time course of differentiation from neurome-
sodermal progenitors (NMPs; D0O) to MNs (D15) (Rayon
et al., 2019) as well as immature (D21) and mature (D35)
neurons (Hall et al., 2017; Luisier et al., 2018). DO to D8
genelists displayed progenitor-enriched genes at the top,
while D15, D21, and D35 genelists displayed neuron-en-
riched genes at the top (Supplemental experimental pro-
cedures). We used GSEA to quantify the enrichment of
the WGCNA modules in each sorted genelist (Figure 3D).
As hypothesized, module darkslateblue was significantly
enriched in the progenitor genelists DO to D8, indicating
that genes assigned to this module are highly active earlier
in motor neuron development. Modules turquoise and
lightcyanl, which were activated in SOD1 ipMNs, were
also enriched at earlier developmental time points.
Remarkably, genes in module royalblue that were downre-
gulated in SOD1 ipMNs were enriched in the D15, D21,
and D35 neuron-enriched genelists. This indicated that
SOD1 ipMNs display activation of genes highly enriched
in progenitors compared with mature neurons. Accord-
ingly, genes upregulated in SOD1 ipMNs were significantly
enriched in genelists DO to D8, while downregulated genes
were enriched in the neuronal genelists D15, D21, D35
(Figure 3E).

Next, we assessed module enrichment in genes upregu-
lated in published ALS datasets (Figure 3F; Tablel). The tur-
quoise module was enriched in the iPSC-derived SOD1 A4V
MNs, SOD1 mouse model (129Sv), C9ORF72 and VCP
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the reverse. Correlations with an adjusted p
value <0.01 were considered significant
(outlined in yellow).

(C) GO enrichment analysis of modules
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with SOD1 ALS ipMNs. p values shown were
adjusted using the Benjamini-Hochberg pro-
cedure. Module lightcyan1 did not yield any
significant GO terms and is not shown. The
red dashed line indicates a p value threshold
of 0.05.
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See also Figure S3.

iPSC-derived MNs, and the GEO: GSE18920 sporadic ALS
MN datasets. The darkslateblue module was also enriched
in the iPSC-derived SOD1 A4V, C9ORF72 and VCP iPSC-
derived MNs, and at the onset stage in both SOD1 mouse
models (129Sv and C57). Remarkably, both turquoise and
darkslateblue modules were upregulated in at least one of
the sporadic ALS datasets. This enrichment was observed
even after removal of genes involved in wound healing
for the GEO: GSE76220 dataset (Figure 3F). The royalblue
module was significantly downregulated in SOD1 and
VCP iPSC-derived MNs, mouse SOD1 MNs, and sporadic

ALS MNs. Surprisingly, the bulk SOD1 E100G dataset did
not show enrichment of the turquoise or darkslateblue
modules. This dataset is derived from bulk RNA-seq anal-
ysis without purifying MNs from the iPSC-derived
neuronal cultures, which could have reduced the sensi-
tivity of detection.

Master regulator analysis

We wanted to identify transcription factors (TFs) that were
main drivers (termed master regulators) of the molecular
changes in SOD1 ipMN:s. Since each cell can be considered
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Table 1. ALS gene expression datasets

Name

Description

Reference

Bulk SOD1 E100G

GEO: GSE54409

GEO: GSE46298-129Sv

GEO: GSE46298-C57

SOD1 E100G iPSC-derived MNs analyzed in
bulk

S0D1 A4V iPSC-derived MNs purified via flow
sorting

MN laser-capture micro-dissected from SOD1
G93A mouse model fast-progressing strain
129Sv. A, pre-symptomatic; B, onset; C,
symptomatic; D, end stage

MN laser-capture micro-dissected from SOD1
G93A mouse model slow-progressing strain

Bhinge et al. (2017)

Kiskinis et al. (2014)

Nardo et al. (2013)

Nardo et al. (2013)

C57. A, pre-symptomatic; B, onset; C,
symptomatic; D, end stage

Bulk C9ORF72
analyzed in bulk

GEO: GSE98290
butk

GEO: GSE76220

C90RF72 and isogenic iPSC-derived MNs

VCP and healthy iPSC-derived MNs analyzed in

MN laser-capture micro-dissected from

Selvaraj et al. (2018)

Hall et al. (2017)

Krach et al. (2018)

sporadic ALS spinal lumbar tissue

GEO: GSE76220-PC1

GEO: GSE76220 data were filtered for genes

Krach et al. (2018)

involved in wound healing

GEO: GSE18920
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an independent sample, we used our single-cell data to
build a context-relevant transcriptional network to identify
master regulators (Ikiz et al., 2015). We deployed the ARA-
CNE algorithm on the k-NN smoothened count data to
infer transcriptional networks (Basso et al., 2005; Fletcher
et al., 2013). After pre-filtering genes that displayed mini-
mal change in expression across the dataset, downstream
targets were identified for 1,137 TFs among 12,550 genes
expressed in neurons.

We deployed our network analysis to identify master reg-
ulators of SOD1 ipMN dysfunction (Figure S3C and S3D).
Genes differentially expressed between SOD1 and isogenic
control ipMNs were used to define a molecular phenotype
of the disease. Master regulators were identified based on
whether there was a statistically significant overlap be-
tween the positive and negative regulon of a TF and the
SOD1 molecular phenotype. For a given TF, if the positive
regulon was upregulated and the negative regulon was
downregulated in SOD1 ipMNs, the TF was deemed to be
activated. If the inverse was true, the TF was deemed to
be inhibited. The master regulator analysis (MRA) identi-
fied ~200 TFs at an FDR <0.01. To further filter the candi-
date regulators, we checked for concordance between the
expression change of a TF and its regulon, and filtered
out non-concordant TFs (i.e.,, where the direction of
change of the regulon expression and the TF expression is
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not the same). We also filtered out TFs that were not differ-
entially expressed in the SOD1 ipMNs compared with con-
trol. This identified a core set of 81 TFs (58 activated and 23
inhibited) that satisfied the following criteria: (1) the TFs
were differentially expressed in SOD1 ipMNs compared
with control, (2) the regulons of these TFs showed signifi-
cant association (positive or negative) with the SOD1
gene expression signature, (3) the TF and its regulon
expression was concordant (Figure 4A). The identified mas-
ter regulators included TP53, HMGB2, TGIF1, and ZFP36L1
as potential drivers of SOD1. All of these TFs have been
implicated as disease drivers in SOD1 ALS, validating our
approach (Bhinge et al., 2017; Ikiz et al., 2015).

To further investigate these regulators, we extracted sub-
networks of the activated and inhibited TFs and clustered
them on the basis of their mutual information scores (Fig-
ures 4B and 4C). The inhibited TFs formed two clusters
where the second cluster (highlighted in red) showed
higher co-regulation compared with the first cluster, indi-
cating that these TFs functioned in similar pathways (Fig-
ure 4B). This cluster included two HOX genes, HOXA1
and HOXDS8. HOX genes have important roles in defining
MN identity during development (Philippidou and Dasen
2013). Although HOX genes have been found to be ex-
pressed in adult human and mouse MNs (Nichterwitz
et al.,, 2016), their function in MNs post specification is
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unclear. This cluster also included the TFs MNX1 and ONE-
CUT1, which are known to be involved in MN homeosta-
sis. This suggested that master regulators of MN homeosta-
sis may be downregulated in degenerating SOD1 ipMN:s.
However, we noted that MNX1 was lowly expressed in
our dataset (read counts were <3 in 91 out of the 99
MNs), which can exaggerate the fold changes identified
by DESeq2. Nevertheless, our data indicate that MNX1
should be used with caution as a marker to identify MNs
while performing survival analyses.

For the activated TFs, clustering analysis broadly identi-
fied four clusters (Figure 4C). The second cluster (high-
lighted in red) included the TF SMAD2, a key mediator of
the transforming growth factor B (TGFB) signaling
pathway. This cluster also included other TFs known to
be involved in TGFp signaling (TGIF1, TGIF2), their down-
stream targets (ZFP36L1, SOX2), as well as EZHZ2, a member
of the PRC2 complex that works synergistically with the
TGFB pathway (Martin-Mateos et al.,, 2019; Massague
2012; Pastar et al., 2010; Weina et al., 2016). TGFp signaling
has previously been observed to be upregulated in spinal
astrocytes and muscle of transgenic SOD1 mouse models
of ALS (Endo et al., 2015; Siet al., 2015). Hence, we decided
to focus on the 18 TFs identified in cluster 2.

To investigate a link between the identified TFs and
WGCNA modules, we calculated the overlap between the
positive regulons and modules using a hypergeometric
test. We found several TFs whose targets showed significant
overlap with the seven modules (darkgrey, turquoise, dark-
slateblue, lightcyanl, darkorange2, pink, and royalblue)
associated with SOD1 ipMNs (Figures S4A and S$4B). Out

of the 18 TFs in cluster 2 in Figure 4C, the positive regulons
of 15 TFs showed a significant overlap, with the top three
modules (darkgrey, turquoise, and darkslateblue) deemed
to be upregulated in SOD1 ipMNs (Figure 4D left panel).
The SMAD?2 positive regulon displayed significant overlap
with both the turquoise and darkslateblue modules. The
negative regulons of 16 out the 18 TFs, including EZH2,
TGIF1, TGIF2, SOX2, and ZFP36L1, significantly overlap-
ped with the royalblue module, which was downregulated
in SOD1 ipMNs (Figure 4D right panel). This indicated that
the identified master regulators were driving specific gene
expression programs in SOD1 ipMNss.

Next, we assessed whether identified master regulators
were dysregulated in other ALS datasets using GSEA (Fig-
ure S4C; Table 1). The positive regulons of most of our acti-
vated master regulator TFs (56 out of 58) were activated in
at least one ALS dataset (Figure S4C). Regulons of TFs
related to MN homeostasis and identity such as MNXI,
ONECUT1, HOXA1, and HOXDS8 were downregulated in
sporadic ALS MNs and in the end-stage SOD1 G93A
129Sv MNs but not in MNs derived from ALS SOD1 iPSC
(Figure S4C). This suggested that downregulation of MN
homeostatic regulators could be a terminal event in dying
neurons.

TFs associated with TGFp signaling (SMAD2, TGIF1,
TGIF2, ZFP36L1, EZH2, HMGBI1, and SOX2) were activated
in familial ALS iPSC-derived MNs (SOD1, VCP, CO9ORF72),
SOD1 mouse models, and sporadic ALS MNs (Figure 4E).
Additionally, SMAD2 was activated in all ALS models,
including mouse SOD1 G93A MN:s at the onset stage (Fig-
ure 4E). Finally, we observed that the positive regulons of

Figure 4. MRA of SOD1 disease signature

(A) Volcano map showing differential expression of concordant TFs identified by the MRA. Each dot is a TF. Red indicates upregulation.
Blue indicates downregulation. Black indicates no significant change of expression. TFs previously associated with SOD1 MN degeneration
are highlighted in gray circles (TGIF1, HMGB2, TP53, ZFP36L1).

(B) Clustering of master regulators inhibited in SOD1 ipMNs based on their mutual information (MI) scores. Higher MI score indicates co-
regulation between TFs and is highlighted blue. Red square outlines a cluster of TFs that are highly co-regulated.

(C) Clustering of master regulators activated in SOD1 ipMNs based on their MI scores. Higher MI scores are indicated in blue. Red square
outlines a cluster of TFs associated with TGFp signaling (SMAD2, TGIF1, TGIF2, ZFP36L1, EZH2, HMGB1, and SOX2).

(D) Overlap analysis between regulons and WGCNA modules. (Left) Positive regulons of the 18 TFs highlighted in red in (C) were compared
with gene modules identified by WGCNA. Log-transformed p values were plotted as a heatmap. (Right) Same analysis performed using the
negative regulons of the displayed TFs.

(E) Heatmap showing the enrichment of the positive regulons of the 18 TFs highlighted in (C) in publicly available ALS datasets (Table 1).
Positive regulons of the TFs were used as gene sets for a GSEA performed on each dataset. Log-transformed p values were assigned the same
sign as the GSEA enrichment scores and plotted as a heatmap. Green, regulon was activated; yellow, regulon was downregulated in the
queried dataset.

(F) Enrichment of the positive regulons of the 18 TFs highlighted in (C) in genes differentially activated in progenitors and neurons.
Enrichment was estimated using a one-way GSEA where the positive regulons of each TF were used as gene sets. Heatmap shows log-
transformed p values.

(G) Enrichment of the TGFB signaling pathway in publicly available ALS MN datasets estimated by performing GSEA. TGFB pathway datasets
were derived from the MSigDB hallmark and KEGG databases, and were used as the input gene set. The red dashed line indicates a p value
threshold of 0.05.

See also Figure S3 and S4.
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Figure 5. TGFP signaling is a key driver of SOD1 MN degeneration

(A) Immunofluorescence analysis of phosphorylated SMAD2 (p-SMAD2) and ISL1 in SOD1 ALS (E100G) and isogenic control (E100E)
neuronal cultures. Nuclei were stained with Hoechst 33,342. p-SMAD2 intensities in ISL1+ nuclei were quantified across three independent
differentiations for the SOD1 and control cultures. Median intensity values per nuclei were estimated across at least 100 nuclei per
replicate and averaged. Values obtained for each replicate were normalized by the average values in the control neurons.

(B) Quantitative RT-PCR analysis of TGFB targets in SOD1 E100G ipMNs relative to isogenic controls. p values were estimated using one-
tailed Student’s t test.

(C) MN differentiated from FUS P525L and isogenic control iPSC. D30 ipMNs were immunostained for ISL1 and TUJ1. Nuclei were stained
with Hoechst 33342. FUS P525P indicates MNs differentiated from the isogenic corrected iPSCs.

(D) Quantitative RT-PCR analysis of TGF targets in FUS P525L ipMNs relative to isogenic controls. p values were estimated using one-tailed
Student’s t test.

(E) Quantitation of nuclei in SOD1 neuronal cultures after treatment with SB431542 at the indicated concentrations. Number of cells at day
40 were compared relative to day 30.

(F) Relative annexin V levels in day 40 SOD1 and isogenic control neuronal cultures after treatment with SB431542 10 uM. Annexin V levels
were normalized to those obtained in the DMS0-only control.

(G) (Left) D8 progenitors were immunostained with an antibody against the proliferation marker KI67. Strong nuclear signal seen in most
cells. (Middle) Representative image of KI67 immunostaining in day 40 SOD1 iPSC-derived neuronal cultures treated with SB431542.
Nuclei were stained using Hoechst 33342. (Right) Quantification of KI67+ cells in the SOD1 or control neuronal cultures treated with
SB431542 or DMSO at day 40. No KI67+ cells could be detected.

(legend continued on next page)
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several master regulators, including TFs activated by the
TGFp pathway (TGIF1, TGIF2, ZFP36L1, SOX2), were high-
ly enriched in progenitors (Figures 4F and S4D). This indi-
cated that transcriptional mediators of the TGFp pathway
may be responsible, at least in part, for reactivation of these
developmental programs.

Overall, these observations led us to hypothesize that the
TGFp pathway is activated in ALS MNs. We tested this hy-
pothesize by analyzing whether genes involved in TGFB
signaling are upregulated in ALS MNs. We used the TGFp
signaling datasets from the hallmark collection included
in the Molecular Signatures Database (MSigDB) (Liberzon
et al., 2015) as well as the Kyoto Encyclopedia of Genes
and Genomes (KEGG) database (Kanehisa and Goto
2000). Our analysis confirmed that the TGFp pathway is
indeed activated in SOD1 G93A mouse, SOD1 E100G
ALS, SOD1 A4V ALS, CO9ORF72, VCP, and sporadic ALS
MNs (Figure 4G).

TGFp activation causes phosphorylation and transloca-
tion of SMAD2 from the nucleus to the cytoplasm. Immu-
nostaining assays confirmed that SOD1 ipMNs displayed
higher levels of nuclear phosphorylated SMAD2 at day 30
relative to control ipMNs (Figure 5A). Further, we
confirmed upregulation of TGFB downstream target genes
in the SOD1 ipMN:s (Figure 5B), as well as in MNs differen-
tiated from FUS P525L iPSCs compared with their respec-
tive isogenic controls (Lenzi et al., 2015) (Figures 5C and
5D). Next, to ascertain whether TGFp activation contrib-
utes to neurodegeneration, we treated SOD1 ipMNs with
the TGFp inhibitor SB431542 at varying concentrations
from day 30 until day 40. Treatment with SB431542 signif-
icantly enhanced cell survival in a concentration-depen-
dent manner (Figure 5E). Additionally, inhibition of TGFB
signaling decreased apoptotic levels in the SOD1 neural
cultures, while isogenic cultures were unaffected (Fig-
ure SF). The increase in cell survival was not due to prolif-
eration of mitotic cells as evidenced by the absence of
any nuclear KI67 (MKI67) positive cells in the treated and
control cultures (Figure 5G). Conversely, treatment of
SOD1 neural cultures with TGFp from day 30 to day 40 re-
sulted in enhanced apoptosis (Figure 5H). In summary, our
results demonstrate that activation of TGFp signaling leads
to degeneration of SOD1 ipMNs and TGFR activation is a
shared event between familial and sporadic ALS MNs.

Analysis of SOD1 V1 ipINs
We investigated whether mutant SOD1 affects human spi-
nal ipINs similar to ipMNs, as shown recently in ALS mouse

models (Liu et al., 2020). We classified the 90 ipINs identi-
fied in our single-cell data into 49 V1 (26 SOD1 and 23
healthy), nine V2a (one SOD1 and eight healthy), and 21
V2b (16 SOD1 and five healthy) ipINs. The remaining 11
neurons could not be classified into a specific subtype.
The V2a and V2b ipIN numbers were skewed toward the
healthy and SOD1 genotypes, respectively. This is probably
due to under-sampling of the IN population while collect-
ing single cells. Hence, we focused on the V1 population for
further analysis. Spinal V1 INs are a diverse group of neu-
rons that show highly variable gene expression patterns.
The V1 neurons identified in our dataset displayed expres-
sion of expected V1 markers (Sweeney et al., 2018) (Figures
S5A and S5B). Differential expression analysis identified
only two genes as upregulated and seven genes to be down-
regulated in the SOD1 V1 population (Figure S5C). GSEA
did not reveal any enrichment of pathogenic variants asso-
ciated with ALS listed in the ClinVar database (Figure S5D).
Surprisingly, genes associated with neurodevelopmental
disorders were enriched in genes upregulated in the
SOD1 V1 ipINs (Figure SSD). GSEA identified GO terms
related to ER stress, mitotic cell cycle, RNA splicing, and
translation to be upregulated in SOD1 V1 ipINs, similar
to those found in SOD1 ipMNs but with lower enrichment
scores (Figure SS5E). On the other hand, genes involved in
synaptic signaling were downregulated, although to a
lower extent than observed in SOD1 ipMNs (Figure SSE).
However, terms related to oxidative phosphorylation or
respiratory electron transport were not observed to be
downregulated in SOD1 V1 ipINs, even when the p value
threshold was relaxed to 0.1. Out of the six modules found
to correlate positively with SOD1 ipMNs, five (darkgrey,
turquoise, darkslateblue, lightcyanl, and pink) were also
identified to correlate positively with SOD1 V1 ipINs (Fig-
ure SSF). However, the royalblue module (enriched in genes
involved in synaptic signaling and respiration) was not
deemed to be perturbed in SOD1 V1 ipINs (Figure S5F),
indicating that genes involved in oxidative phosphoryla-
tion are less affected in SOD1 V1 ipINs compared with
ipMN:s.

DISCUSSION

ALS patient-derived iPSCs have provided unprecedented
access to human diseased MNs, enabling researchers to
follow the course of degeneration in a dish. Our ipMNs
have a developmental age corresponding to 75-90 days

(H) Relative annexin V levels in day 40 SOD1 neuronal cultures after treatment with TGFB 100 ng/mL. Annexin V levels were normalized to

those obtained in the PBS-only control.

**p<0.01, *p <0.05, N = 3 independent differentiations performed for all experiments. Error bars indicate SEM. p values were estimated
using two-tailed Student’s t test unless stated otherwise. All scale bars represent 50 pm.
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post conception, similar to previous observations (Ho et al.,
2016; Steg et al., 2021). However, iPSC-derived neurons
display disease-related phenotypes and dysregulated mo-
lecular pathways induced by the underlying mutations
(Dafinca et al., 2020; Fujimori et al., 2018; Hall et al.,
2017; Mehta et al., 2021; Selvaraj et al., 2018). The advent
of single-cell genomics has allowed the analysis of individ-
ual neurons in mixed cultures (Wang et al., 2017). We have
applied this technology to analyze RNA expression in indi-
vidual neurons derived from SOD1 patient-derived iPSCs
and the corresponding isogenic controls. The total number
of cells captured in our study is less than typically seen in
droplet-based assays. However, we were able to sequence
each cell to a greater depth (1.5 million reads per cell).
This contrasts with droplet-based studies that result in
just 100,000 reads per cell (Ho et al., 2020). As a result,
our data identified almost thrice the number of genes per
cell than are typically seen in droplet-based experiments.
This allowed sensitive identification of differentially ex-
pressed genes and pathways. We observed a higher propor-
tion of reads mapping to mitochondrial genes compared
with those seen in droplet-based studies, possibly due to
our larger depth of sequencing, which would tend to
amplify reads from the most abundant transcripts preferen-
tially. Given their high energy demands, MNs can be ex-
pected to have higher numbers of mitochondria, thereby
contributing to the larger number of reads mapping to
mitochondrial transcripts. It is also likely that our SOD1
ipMNs display mitochondrial degeneration at day 44,
potentially releasing mitochondrial transcripts into the
cell lysate. Mitochondrial degeneration has been observed
in mouse MNs expressing mutant SOD1 (Kong and Xu
1998). However, we did not observe an increase in mito-
chondrial reads in the SOD1 dataset compared with the
control.

Defects in synaptic activity and axonal structure have
been observed before the onset of neurodegeneration in
ALS models (Fischer et al., 2004; Garone et al., 2021; Sel-
varaj et al., 2018). Synaptic collapse can be a downstream
effect of either impaired delivery or production of synaptic
proteins and mRNAs. Impaired delivery can occur second-
ary to inefficient axonal transport (Bilsland et al., 2010).
On the other hand, our data reveal inhibition of the synap-
tic genes at the transcriptional level, possibly due to dysre-
gulation of master regulator TFs in SOD1 ipMNs. Specif-
ically, our analysis implicates SMAD2-mediated TGEFB
signaling as a key driver of SOD1 MN dysfunction.

The phenotypic effect of TGFp activation on neurons
seems to be context dependent. For example, inhibiting
TGFp in mouse cortical neurons expressing amyloid-p re-
sulted in neurite degeneration (Tesseur et al., 2006). On
the other hand, stimulating TGFB in cultured mouse hip-
pocampal neurons led to defects in neuronal morphology

(Nakashima et al., 2018). This suggests that optimal levels
of TGFp are required to maintain neuronal homeostasis.
Our data confirmed that TGFp activation causes death in
SOD1 ALS ipMNs. We observed TGEFp activation in MNs
differentiated from iPSCs carrying ALS-associated muta-
tions in FUS (P525L), C9ORF72, and VCP as well as MNs
micro-dissected from sporadic ALS patients. This indicates
that an activated TGFp pathway may be a shared mecha-
nism of neurodegeneration in familial and sporadic ALS
MNs. In support of this hypothesis, sporadic ALS MNs
display elevated levels of phosphorylated SMAD?2 in their
nuclei compared with their healthy counterparts (Naka-
mura et al., 2008). Previous studies have postulated that
elevated levels of TGFp signaling arising from ALS astro-
cytes or muscle could drive MN death (Endo et al., 2015;
Gonzalez et al., 2017; Si et al., 2015). Our study indicates
that MNs themselves could be the source of TGFB. Whether
astrocytes secrete TGFP independently or in response to
MNs remains to be seen.

How does an activated TGFf contribute to MN dysfunc-
tion and death? Analysis of TFs associated with TGFf
signaling provide insights into the underlying mechanism.
The negative regulons of SMAD2, TGIF1, and TGIF2 were
enriched for genes involved in transmission across chemical
synapses (adjusted p value <0.01), while the positive regu-
lons of the TFs TGIF2 and ZFP36L1 were enriched for genes
involved in mitotic cell cycle (adjusted p value <0.01). Reac-
tivation of the cell cycle in post-mitotic neurons leads to
activation of apoptotic pathways (Kruman et al., 2004).
We observed upregulation of cell cycle genes in our SOD1
ipMN single-cell data, in accordance with our previous
study (Bhinge et al., 2017). It must be noted that activation
of cell cycle in our mitomycin-treated cultures could also
lead to apoptosis. Our experimental system cannot distin-
guish between the two possibilities. However, if this was
the case, we would expect to see a proportion of cells display
strong K167 nuclear signal. Absence of nuclear KI67 staining
cells makes this possibility unlikely. Additionally, our previ-
ous work showed that inhibition of the cell cycle pathway
does not lead to enhanced survival in our SOD1 ipMNs
(Bhinge et al., 2017). This suggests that, as opposed to a
full re-entry into mitosis, degenerating neurons display up-
regulation of cell cycle genes. The observed upregulation of
genes related to the cell cycle pathway could be a down-
stream effect of other processes that drive the observed neu-
rodegeneration. However, further experimentation would
be required to distinguish between the two possibilities.

Our network analysis indicates that developmental gene
expression programs may be reactivated and neuronal pro-
grams inhibited in SOD1 ipMN:s. A recent study found reac-
tivation of de-differentiation pathways and inhibition of
mature neuronal programs in neurons transdifferentiated
from Alzheimer disease patient fibroblasts (Mertens et al.,
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2021). Thus reactivation of developmental programs may
contribute to neuronal dysfunction in age-onset neurode-
generative disorders. This could contribute to downregula-
tion of synaptic genes in diseased MNs, eventually leading
to the synaptic collapse as well as drive upregulation of
cell-cycle-related genes in degenerating neurons. We also
observed activation of WNT signaling in the SOD1 ipMNs
(pink module in this study). Our previous study had shown
that an activated WNT pathway can drive neurodegenera-
tion in SOD1 ipMNs (Bhinge et al., 2017). WNT activation
is an early and essential event in the patterning of neural
progenitors toward an MN fate (Maury et al., 2015). Howev-
er, whether reactivation of developmental programs is the
cause or a downstream effect of TGFB or WNT activation
needs further investigation. A limitation of our study is the
analysis of the SOD1 neurons at a single time point, which
cannot distinguish between reactivation of developmental
programs or their failure to be completely suppressed.

Differential neuronal susceptibility has been recognized
in ALS, with oculomotor neurons being relatively resistant
to neurodegeneration (Hedlund et al.,, 2010). However,
whether spinal interneurons are equally susceptible to neu-
rodegeneration in ALS is unclear. Our results indicate that
our iPSC-derived SOD1 V1 ipINs share many of the dysregu-
lated pathways observed in the SOD1 ipMNs. However,
genes involved in oxidative phosphorylation or the respira-
tory electron transport seem to be unaffected in the SOD1
V1 ipINs, while these were significantly downregulated in
SOD1 ipMNs. Given the high metabolic demands of MNs,
perturbation of mitochondrial pathways could make these
neurons more susceptible to degeneration than V1 INs.
On the other hand, SOD1 V1 ipINs also display upregulation
of the same gene expression programs as observed in MNss,
although to a weaker extent. This would suggest that
SOD1 V1 ipINs might display survival deficits but may be
more resistant to degeneration than MNs.

Conclusions

The underlying cause of MN degeneration in ALS is very
likely to be multi-factorial with multiple drivers collabo-
rating to cause MN demise. We have identified that dysre-
gulation of TFs that disrupt MN homeostasis are major con-
tributors to death in SOD1 ALS ipMNs. Our results display
the power of applying network analysis with single-cell
transcriptomics to iPSC-based neurodegenerative models
to uncover drivers of MN degeneration in ALS.

EXPERIMENTAL PROCEDURES

Human iPSC culture

ALS patient-derived iPSCs bearing SOD1 E100G/+ (ND35662) mu-
tation and the genome edited isogenic control iPSCs were main-
tained as colonies on human embryonic stem cell-qualified Matri-
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gel (Corning) in mTeSR (StemCell Technologies). Colonies were
routinely passaged in a 1:6 split using Dispase. Mycoplasma testing
was conducted regularly to rule out mycoplasma contamination of
cultures.

Differential gene expression analysis

We used DESeq2 with parameters optimized for single-cell data
analysis using the command: DESeq (dds, test = "Wald", sfType =
"poscounts", minReplicatesForReplace = Inf, useT = T, minmu =
1 x 107%). The design used for the analysis was batch + sample,
where batch indicated the replicate and sample indicated the

genotype.

WGCNA

k-NN smoothened normalized read counts were used to build a co-
expression network. The coexpression network was constructed
with WGCNA using a soft thresholding power of 6 using the
signed-hybrid approach. Modules in the network were identified
using the cutTreeDynamic function with a minimum module
size of 50. Modules were merged if their eigengene correlation co-
efficients were >0.75. Pearson’s correlation was used to assess asso-
ciations between module eigengenes and disease state or neuronal
subtypes. p values were corrected using the method of Benjamini
and Hochberg, and correlations with an adjusted p value <0.01
were deemed significant. GO enrichment analysis of disease asso-
ciated modules was carried out using the anRichment R package.

MRA
The RTN package was used to implement the ARACNE algorithm.
Details are provided in Supplemental experimental procedures.

Data and code availability
The raw data have been submitted to ArrayExpress with accession
number E-MTAB-7353.
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Supplementary methods

Differentiation of iPSC into spinal motor neurons

iPSC were plated as colonies onto matrigel and differentiated by treatment with neuronal
differentiation media (DMEM/F12:Neurobasal in a 1:1 ratio, HEPES 10mM, N2 supplement
1%, B27 supplement 1%, L-glutamine 1%, ascorbic acid 5uM, insulin 20ug/ml) supplemented
with SB431542 (40uM), CHIR9921 (3uM) and LDN8312 (0.2uM) from day o till day 4. Cells
were caudalized by treatment with 0.1uM retinoic acid starting at day 2 and ventralized with
1uM purmorphamine starting at day 4 and continued till day 10. At day 10, progenitors were
re-plated onto poly-D-lysine/laminin coated wells and differentiated by treating the cells with
N2B27 media supplemented with BDNF 20ug/ml, GDNF 10ug/ml and DAPT 10uM. DAPT
treatment was stopped at day 14 and neuronal cultures were pulsed with mitomycin at a dose
of 10ug/ml for 1 hour to prevent further proliferation of any undifferentiated progenitors.

Neuronal cultures were maintained by changing media every other day.
Immunofluorescence

Cells were fixed with 4% paraformaldehyde, permeabilized with ice-cold methanol for 5
minutes and washed with PBS containing 10% serum for 1 hour at room temperature. Cells
were incubated with primary antibodies (Table S1) diluted into PBS containing 10% serum
and incubated overnight at 4°C. Next day, cells were washed and incubated with Alexa-fluor
conjugated secondary antibodies (Molecular probes) for 45 minutes at room temperature and
nuclei were stained with Hoechst 33542 (Molecular probes). Images were obtained in an
automated fashion on the ImageXpress Pico (Molecular devices). ISL1+ nuclei identification
and p-SMAD2 nuclear signal was quantified in an automated fashion using the imageXpress

software. Threshold intensities were maintained the same across wells.
Quantitative RT-PCR

Total RNA was extracted with the miRNeasy kit (Qiagen) and reverse transcribed using

random hexamers and the HighCapacity reverse transcription system from Applied



Biosystems. Quantitative PCR was performed using the SYBR GREEN PCR Master Mix from
Applied Biosystems. The target gene mRNA expression was normalized to the expression of
two housekeeping genes (HPRT1 and RPL13), and relative mRNA fold changes were calculated

by the AACt method. Primer sequences are included in Table S2.
MN survival assay

MNs were differentiated from SOD1 E100G and the isogenic control iPSC as described above
in 96-well optically clear tissue culture plates. Day 30 cultures were fixed and stained for ISL1
to assess MN counts. A separate plate cultured under the same condition was allowed to
proceed till day 44, when it was fixed and stained for ISL1. Nuclei were stained using Hoechst
33342. MN counts at day 40 were compared with day 30 to assess MN survival. We performed
three independent differentiations with two technical wells used per replicate. Data from the

technical wells was pooled to generate counts for each replicate.
Cell survival assays in response to TGFf3 perturbation

We found that the process of immunostaining occasionally resulted in neuronal detachment
leading to underestimates of neuronal counts. Hence, cultures that showed neuronal
detachment were discarded. We realized that a better approach was to treat live neurons with
the cell-permeable nuclear dye Hoechst 33342 and image the same well at different time
points. Given that almost 80% of the cells in culture were motor neurons, nuclei counts were
expected to closely approximate MN counts. Neuronal cultures at day 30 were treated with
Hoechst 33542 (0.25 ug/ml) for 45 minutes and media was replaced with standard neuronal
culture media as described above. Nuclear stained cultures were analysed by live imaging in
the DAPI channel at day 30 and again at day 40. This allowed us to assess nuclear counts for
the same well at the two different time points. Day 40 counts were compared with day 30
counts to assess percentage loss of neurons using 3 independent differentiations with two
wells as technical replicates per treatment per differentiation. SB431542 was dissolved in
DMSO. Hence, a DMSO only treatment was used as control for the TGF[ inhibition

experiments. The final concentration of DMSO was maintained at 0.1%. TGFp1 was



resuspended in PBS and we used neurons treated with PBS as control. Apoptosis was
estimated in independent neuronal cultures using the Promega RealTime Glo apoptosis assay

according to the manufacturer’s instructions.

Single-cell capture and library preparation

Single cells were captured using standard protocol of Ci1 single-cell auto prep system
(Fluidigm). Two independent differentiations were set up a few days apart. At day 44,
differentiated neuronal cultures were dissociated into single cells by Accutase and loaded onto
the C1 chip. We used one chip per genotype per differentiation. Chips for each replicate (one
for the SOD1 E100G and the other for the isogenic control) were loaded in parallel into two
separate machines. We used a total of four chips labelled A, B, C and D. Chips A and B captured
the isogenic control MNs while chips C and D captured the SOD1 E100G MNs. Post cell
capture, each well of the chip was manually inspected to identify wells bearing single cells.
Next, lysis, reverse transcription and PCR amplification of the ¢cDNA was perform in an
automated fashion within the C1 instrument. To prepare single-cell libraries, cDNA products
from each single cell were harvested from Ci chip followed by concentration and
quantification using PicoGreen dsDNA Assay kit. Sequencing libraries were generated using

INlumina Nextera XT library preparation kit.

Read processing, mapping and quality control

Fastq files were processed using Salmon with a partial decoy index for human gene annotation
GENCODE release 19 (Harrow et al. 2012). Transcript level counts were collapsed to generate
read counts per gene using the tximport R package. This yielded 33,000 transcripts across 365
libraries. Only libraries deemed to be single cells were retained for further analysis (332 cells).
A gene was deemed to be poorly expressed if it was present in less than 10 cells at a read count
threshold of 2. The filtering process yielded 332 single cells and 14774 genes for further
analysis. To remove poorly amplified RNA libraries, single cell libraries were subjected to a set

of quality control criteria that included: 1) total mapped reads, 2) percentage mapped reads,



3) percentage of mitochondrial reads, 4) number of genes expressed. To identify cells that were
outliers, we performed a PCA using these criteria (Fig. S1a). The PC1 vs PC2 map identified
cells that were outliers with respect to the number and percentage of mapped reads while PC3
identified cells that displayed low number of expressed genes and high levels of mitochondrial
reads (Fig. S1a). Cells deemed as outliers were removed from further analysis. After quality
filtering, we retained a total of 323 high quality cells (163 cells for SOD1 and 160 cells for the
control). Next, we removed lowly expressed genes (counts < 2) that were expressed in less than
10 cells. In summary, we obtained 323 cells that expressed 14774 genes in total with SOD1 cells
expressing on average 7170 genes while the control dataset expressed 7745 genes with the
overall distribution of the number of genes being similar between the two datasets (Fig. Sib).
Additionally, other quality controls metrics including total number of reads, proportion of
mapped reads, proportion of mitochondrial reads, duplicated sequences and GC content were
similar across the SOD1 and isogenic control datasets (Fig. Sib). Differences between the
isogenic control and ALS datasets for the proportion of mapped reads, mitochondrial reads
and duplication rates were deemed significant by a t.test (Fig. S1b). However, the magnitude
of the differences was small (0.68 vs 0.73 for the proportion of mapped reads, 21.7% vs 14.5%
for the % mitochondrial mapped reads, 54.4% vs 58.8% for the duplication rate). We noted
that the isogenic control cells from the replicate 2 displayed significantly higher percentage of
mitochondrial mapped reads than replicate 1. Hence, it was deemed appropriate to control for
this potential batch effect in the differential expression analysis. Each gene was classified
based on whether it was protein coding, long non-coding, pseudogene or small
nuclear/nucleolar RNA. We did not find any systematic difference in distribution of the gene
classes expressed between the SOD1 and controls datasets (Fig. Sic). Further, principal
component analysis using all expressed genes confirmed that our data did not show any batch
effects arising from the independent differentiations or the capture plates (Fig. S1d). Finally,
the PCA did not reveal any bias towards any specific dataset for the number of mapped reads,

number of detected genes or mitochondrial genes (Fig. S1e).



Identifying genes affected by ambient RNA

Single cell dissociation and harvest protocols lead to lysis of cells that release their cellular
mRNA into the mixture. This RNA termed “ambient mRNA” is released from dying cells and
has been observed in the absence of cell capture in droplet based platforms(Angelidis et al.
2019). The ambient mRNAs typically arise from genes expressed at high levels. We observed
that some of the microfluidic chambers that were marked as empty had generated RNA reads
that mapped to human transcripts. It is possible that these chambers contained a cell that was
missed by the human observer. But we decided to treat transcript counts arising from empty
chambers as ambient mRNA. For each plate, we summed up the counts per gene across the
empty chambers and estimated counts per million (cpm) reads for each gene. Next, we
averaged the cpm values per gene across the two replicates plates for the healthy and ALS
samples separately. We marked all genes at a cpm threshold above 100 as being affected by
ambient RNA expression. We performed this filtering for the healthy and ALS samples
individually to avoid excluding genes that were lowly expressed in either the healthy or the
ALS samples. This resulted in a total of 1120 genes being marked as affected by the ambient
mRNA. The ambient geneset was excluded from the clustering analysis to identify neural
subtypes. Additionally, we excluded these genes from the sorted differentially expressed
geneset used in the master regulator analysis (see below). This genelist has been included as
Supplementary data file S1.

Identifying classifier genes

Neuron vs glia classifier gene set

We first identified genes differentially expressed between neurons and glia using a recently
published gene expression dataset on purified human neurons, astrocytes and
oligodendrocytes from frozen brain tissue(Zhang et al. 2016). Genes that displayed a fold
change of at least 20 between neurons and astrocytes or oligodendrocytes were included for
future analysis. Differential gene expression analysis identified 707 genes as differentially
regulated between neurons versus glial cells. Gene ontology using DAVID(Huang da et al.

2009) on the differentially expressed gene set showed enrichment of specific functional



categories related to neuronal physiology. Categories related to neuron development such as
GABAergic synapse and postsynaptic cell membrane were enriched in the neuron-activated
genes while cell cycle and glial differentiation terms were deemed to be enriched in the
downregulated genes confirming that our identified gene set was able to distinguish neurons
and glia (Fig. S2a). Out of the 707 genes, 682 genes were expressed in our filtered single cell
dataset. This list of genes was termed neuron_vs_nonneuron.

MN vs IN classifier gene set

To identify genesets that can differentiate between MNs and INs, we used the “knowledge
matrix” defined previously to classify neurons isolated from embryonic mouse spinal cord into
specific subtypes (Delile et al. 2019). This a binary matrix mined from published literature on
key genes expressed in specific neuronal subtypes. We updated this matrix to include the
following genes that are highly expressed in glial cells and progenitors: S100B, SOX9, PAX6,
MKI67 and REST (Supplementary data file S2). In total, the matrix comprised of 52 genes and
14 cell types. Next, we extracted the expression data for the 52 genes from our single cell read
counts for the healthy cells and binarized the counts for each gene using K-means clustering.
We performed this analysis only on the healthy cells to avoid including any influence of the
SOD1 mutation on marker gene expression. Our goal was to use this initial set of 52 genes to
extract a wider gene set that can be used to classify the SOD1 and healthy data sets. The
expression profile for each gene across the healthy cells was clustered using k=2 that separated
the profile into low and high expression clusters. The high expression cluster was used to
estimate a threshold for binarizing the gene expression vector (Methods). This resulted in a
binary profile for the 52 markers gene for each cell. Each cell was now compared with each of
the cell types in the knowledge matrix by estimating a jaccard coefficient (JC), which was used
to classify a cell as a MN or IN. Due to the low number of cells, we did not distinguish between
IN subtypes at this stage. To validate our classifier, we used it to identify cell types in an
external dataset that include gene expression profiles of MNs, INs and progenitors purified
using FACS from embryonic mouse spinal cord(Amin et al. 2015). We were able to classify all

profiled cell types correctly into three main classes, namely MNs, INs, and non-neuronal cells



(Fig. S2b). We deployed our classifier to identify the top 25 cells (based on the JC) classified
as MN or IN in our dataset. Gene expression of markers indicated that the classification was
accurate (Fig. S2c). These cells were used to generate a differential expression list that could
be used to distinguish MNs from INs based on their expression profile. This set of 600 genes,
termed the MN_vs_IN geneset, was combined with our neuron_vs_nonneuron list described
above. After filtering for genes affected by ambient RNA expression (Methods), we generated

a list of 1060 unique classifier genes.

Differential expression analysis of MN sub-clusters

We noted that cluster 2 in Fig. 1f had lower number of SOD1 MNs compared to the isogenic
controls. To ascertain that differences in the membership of SOD1 and control neurons was
not driving the observed changes, we performed differential gene expression analysis of
clusters 1 and 2 separately. We identified 129 genes as downregulated and 471 genes as
upregulated in SOD1 ipMNss in cluster 1 at a p-value threshold of 0.01. Out of the 129 genes,
55 were also downregulated in the full dataset while the 305 genes overlapped between the
upregulated genesets (Fig. S2e). Due to the low number of cells in the SOD1 set in cluster 2,
we identified only 2 genes as significantly downregulated and o genes as upregulated in SOD1
ipMNs at an adjusted p-value threshold of 0.01. Applying a less stringent p-value threshold of
0.1 identified 137 genes as downregulated in SOD1 ipMNs, a number comparable with the 170
genes downregulated using all the ipMNs. Only 14 of the 137 genes overlapped with the
downregulated genes identified using the full dataset though the overlap was statistically
significant (Fig. S2f). At the p-value threshold of 0.1, only 8 genes were identified as
upregulated in the cluster 2 set (Fig. S2f). Next, we performed pathway enrichment analysis
of differentially expressed genesets in clusters 1 and 2 using GSEA (Fig. S2g, S2h). GSEA
revealed downregulation of gene sets pertaining to mitochondrial gene expression in cluster 1
SOD1 MNs while mitochondrial respiratory transport and oxidative phosphorylation gene sets
were downregulated in cluster 2 SOD1 MNs. Lowering the adjusted p-value threshold

stringency of the GSEA to 0.1 revealed gene sets pertaining to axon guidance, neuron



projection and anterograde trans-synaptic transmission as downregulated in SOD1 MNs from
the cluster 1 dataset but not in the cluster 2 dataset. Both datasets showed upregulation of the
cell cycle pathway while terms related to mitosis, nonsense mediated decay and ribosome were
upregulated in the cluster 1 MNs (Fig. S2g, S2h). These results indicate that differential
membership in cluster 2 was not driving the observed differential expression in the full

dataset.

kNN smoothing of single cell read counts

We adapted the algorithm described by Wagner et al(Wagner et al. 2018). Briefly, the read
count smoothing algorithm worked as follows: 1) We started with a matrix of N cells X m genes
where N=189 and m=14774 2) Count data was variance stabilized by taking the logarithm of
the counts after adding 1 for each value in the single cell matrix. This was because, for our
dataset, the log transformation worked better than the Freeman Tukey transform used in the
original study. 3) Log transformed read counts were quantile normalized. 4) Euclidean
distances between the cells were calculated using the first 8 principal components. The
threshold of 8 was determined empirically using a scree plot. 4) For each cell, we calculated a
weighted average of the read counts per gene between that cell and its k neighbours. The
weights for the averaging are assigned as the inverse square root of the Euclidean distance
between the cell and its neighbour. This ensured that neighbours that were far away in
Euclidean space did not contribute as much to the final smoothened count than the nearest
neigbours. The value of k is iteratively increased starting from 1 according to the following
equation: k = min(2str — 1, kmax); kmax = sqrt(N); step = 1:max_steps; max_steps =
floor(log2(kmax + 1)); For example, in our study, for N=189, we get kmax=14 and
max_steps=3.0. This results in 3 iterations where the value if k equals 1, 3 and 7 in each
iteration successively. The final output is a matrix of counts that are quantile normalized and

log transformed.

Estimating WGCNA module robustness



We estimated module robustness using a method detailed by Shannon et al(Shannon et al.
2016). The 189 neurons were sampled 50 times with replacement and modules were identified
using the smoothened gene expression profiles for each sampling. The number of modules
obtained per iteration ranged from 24-33 with a median of 29, which was close to the number
obtained using all 189 neurons (26 modules). Each module in the original set of 26 modules
identified using all 189 neurons was compared with all modules obtained in each iteration.
Similarity between two modules A and B was defined as (4 N B)/min (4, B) where AN B
indicates the number of genes common to A and B, while min(A,B) indicates the size of the
smaller module between A and B(Shannon et al. 2016). We retained the maximum similarity
score for each of the 26 modules per iteration. The final stability scores for each module were

calculated as the average similarity scores across the 50 simulations.

Master regulator analysis

Smoothened counts for 189 neurons were used as input to the ARACNE algorithm to build a
transcriptional network for 1137 TFs present in the dataset. TF annotations were obtained
from AnimalTFDB. P-values for network edges were estimated from a pooled null distribution
using 1000 permutations. Since we were asking ARACNE to evaluate interactions between
1137 TFs and 12550 target genes, a p-value threshold of 5e-8 would result in < 1
(1137*12550%*5e-8) false positive edges to be included in the final network. At a p-value
threshold of 5e-8, we identified a total of 1,255,493 edges between 1137 TFs and 12550 target
genes with an average of 987 targets predicted per TF. The predicted targets of each TF were
termed as the regulon. The regulon for each TF was classed as positive or negative based on
the Pearson correlations. To identify master regulators, the differential gene expression
between SOD1 and control ipMNs (after removing the ambient geneset) was used as a
phenotype and sorted from most upregulated to most downregulated. The RTN package was
used to conduct a GSEA like analysis to identify whether a TF regulon (positive or negative)

was enriched towards one end of the sorted list of differentially expressed genes. P-values were



estimated based on 1000 permutations of the dataset and adjusted using the Benjamini
Hochberg method. GO analysis of the regulons was carried out using the anRichment R

package.

Analysis of publicly available ALS datasets

Normalized read count data for GSE54409 (human SOD1 A4V iPSC derived MNs purified
using flow sorting based on the HB9 reporter)(Kiskinis et al. 2014) were downloaded from the
gene expression omnibus(GEO). P-values were estimated by performing a t.test per gene.
Read counts were averaged across replicates per gene and log2 transformed. Fold changes
were estimated by subtracting the log2 counts for the ALS and isogenic controls: log2(ALS) —
log2(control). Microarray expression values for GSE46298 (laser-capture microdissected
MNss from spinal tissue obtained from the mouse SOD1 G93A ALS model)(Nardo et al. 2013)
and GSE18920 (laser-capture microdissected MNs from spinal tissue obtained from sporadic
ALS patients post-mortem)(Rabin et al. 2010) were downloaded from the gene expression
omnibus. Expression values were background subtracted, normalized and log transformed
using RMA from the affy R package(Gautier et al. 2004). Only genes with median expression
values above background were included in the analysis. Probes mapping to the same gene
were collapsed. Differential expression analysis was performed using the limma package in
R(Ritchie et al. 2015). Differentially expressed genes for GSE76220 (laser-capture
microdissected MNs from spinal tissue obtained from sporadic ALS patients post-mortem)
(Krach et al. 2018) were obtained from the supplementary data for that study. This study had
removed genes activated by the wound healing response by excluding genes with the highest
principal component (PC1) eigengene values. We obtained both, the full (all genes) and the
filtered (PC1 adjusted genes) datasets. Count data for GSE98920 (VCP R191Q, R155C) was
obtained from GEO(Hall et al. 2017) while counts for the bulk C9QORF72 datasets were
requested from the authors(Selvaraj et al. 2018). Both sequencing datasets were analyzed

using DESeq2. For GSE98288, we only used counts from the control iPSC differentiations. P-



values for all datasets were corrected for multiple hypotheses using the Benjamini Hochberg
procedure. Differentially expressed genes identified from our bulk RNA-seq analysis of SOD1
E100G iPSC derived MNs were obtained as described previously(Bhinge et al. 2017).

Count data for GSE140747(Rayon et al. 2019) (motor neuron development gene expression:
Do-D15) and GSE98288(Hall et al. 2017; Luisier et al. 2018) (D21, D35 vs iPSC) was
downloaded from the gene expression omnibus. We used DESeq2 to generate a list of genes
differentially expressed between Do neuromesodermal progenitors (NMPs) and D15 MNs.
This list was sorted such that genes most upregulated in the NMPs were at the top while genes
most downregulated in the NMPs were at the bottom. This process was repeated for time
points D1 to D8 generating a set of differentially expressed ranked genelists for neural
progenitors. By reversing the genelist D7 vs D15, we generated an additional ranked list of
genes that had neuron-specific genes at the top of the list. Additionally, we also generated
ranked gene expression profiles in immature (D21) and mature (D35) MNs differentiated from
healthy iPSCs(Hall et al. 2017; Luisier et al. 2018). To sort genes, each gene was assigned a
score = -1*log10(p-value) * sign(fold change). Genes were sorted based on this score in a
decreasing manner so that the most significantly up regulated genes were assigned to the top

of the list.
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Fig. S1. Quality check of the single cell data



a) PCA plots displaying the different quality metrics used to filter cells. Each dot represents a
cell. The black ellipses mark cells classified as outliers. Overall, nine cells were identified as
outliers. b) Boxplots showing number of mapped reads, proportion of mapped reads, number
of expressed genes, proportion of mitochondrial genes, percentage duplication and GC content
in control and SOD1 datasets after removing outlier cells. P-values were estimated using a two-
tailed Students’s t.test by comparing the isogenic control dataset (cells from plates A, B) with
the SOD1 dataset (cells from plates C, D). ¢) Pie chart showing the distribution of the expressed
genes in different classes. d) PCA plots generated using all expressed genes show there is no
batch effect between the datasets. Each dot represents a cell. Left panel: cells have been
coloured based on the replicates. Middle panel: cells have been coloured based on which C1
fluidigm plate they were captured in. A: Control replicate 1, B: Control replicate 2, C: SOD1
replicate 1, D: SOD1 replicate 2. Right panel: Cells have been coloured based on genotype (i.e,
isogenic control or ALS SOD1 E100G). e€) PCA plots generated using all expressed genes
showing distribution of mapped reads, proportion of mapped reads and number of

mitochondrial genes detected.
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Fig. S2. Classification and differential gene expression of single cell data



a) GO enrichment analysis of neuronal vs glial classifier gene set. b) Validation of the
classification process using an independent dataset (GSE75599). The classifier correctly
identifies the three key classes: MNs, INs and non-neuronal cells. ¢) Classification of cells as
MNs, INs, and non-neuronal cells based on the external dataset of marker genes. Normalized
mean expression of neural markers across the three classes. Pan Neu: pan neuronal markers,
Non Neu: non-neuronal markers. d) PCA plots generated using all expressed genes for the MN
subset showing distribution of batch, plate, genotype, mapped reads, proportion of mapped
reads and number of mitochondrial genes detected. e,f) Overlap between genes up or
downregulated in SOD1 ipMNss in cluster 1 (e) or cluster 2 (f) and all ipMNs. Significance was
estimated using the hypergeometric distribution. g,h) Pathways identified using gene set
enrichment analysis (GSEA) on genes up (blue bars) or down (orange bars) regulated in SOD1
ipMNs in cluster 1 (g) and cluster 2 (h). p-values were adjusted using the Benjamini Hochberg
procedure. i) Leading edge analysis reveals the core set of genes driving the observed
enrichment scores in the GSEA for the terms “oxidative phosphorylation” and “respiratory
electron transport chain”. The identified genes are nuclear-encoded mitochondrial

transcripts. Color indicates log2 fold changes of SOD1 ipMNs vs control ipMNs.
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a) Bar plot showing stability scores for each module. Scores were estimated as described in

Supplementary methods. b) Module eigengenes (the first principal component of the




expression of genes assigned to a module) were used to represent the overall expression of the
module. Boxplots show the distribution of the module eigengene values between SOD1 and
Control (CTR) ipMNs for the modules identified to be significantly associated with SOD1
ipMNs. Positively associated modules: darkgrey, turquoise, darkslateblue, lightcyani,
darkorange2, pink. Negatively associated module: royalblue. c) Generating a transcriptional
network using ARACNE. The algorithm estimates pairwise mutual information (MI) scores
between TFs and potential target genes, and estimates a significance threshold (p-value) based
on a null distribution of scores. MI scores that pass this threshold are deemed valid TF-target
pairs. The MI scores do not have a direction i.e. they are always positive. To estimate
directionality of regulation, ARACNE estimates correlation between the TF and its target. A
positive correlation indicates the TF activates the target while a negative correlation indicates
that the TF represses the target. The positive targets of a TF are termed as the positive regulon
while the negative targets are deemed the negative regulon. d) Master regulator analysis to
identify drivers of SOD1 ipMN dysregulation. Genes differentially expressed in SOD1 ipMNs
are sorted from most upregulated to most downregulated. The algorithm then estimates the
enrichment of the positive and negative regulons of each TF across the sorted gene expression
dataset. For a given TF, if the positive regulon is enriched in the upregulated end of the sorted
genelist and the negative regulon is enriched in the downregulated end, the TF is assigned a
positive score. If the inverse is true, the TF is assigned a negative score. TFs with significant
positive scores are deemed to be activated in SOD1 ipMNs and are most likely to drive the
SOD1 ipMN gene expression. On the other hand, TFs with significant negative scores are
deemed to be inhibited in SOD1 ipMNs. The significance of a score is estimated using random

simulations.
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a,b) Overlap between regulons of the 81 TFs identified as master regulators of SOD1 ipMN
gene dysregulation and WGCNA modules. (a) analysis using the positive regulons of the TFs.
(b) analysis using the negative regulons of the TFs. Significance of the overlap was estimated
using a hypergeometric distribution. P-values were adjusted using the Benjamini Hochberg
procedure, log transformed and plotted as a heatmap. ¢) Enrichment of the positive regulons
of the 81 master regulator TFs in publicly available ALS datasets. The datasets are as described
in Table 1. Positive regulons were used as input genesets for a GSEA performed on each
dataset. Log transformed P-values were assigned the same sign as the GSEA enrichment scores
and plotted as a heatmap. Green indicates that the regulon was activated while yellow indicates
that the regulon was inhibited in the queried dataset of differentially expressed genes. d)
Progenitor gene expression programs are reactivated in ALS MN. Enrichment of the positive
regulons of the 81 master regulators identified by the MRA. Enrichment was estimated using
a one-way GSEA where the positive regulons of each TF were used as genesets. The
differentially expressed sorted progenitor and MN genelists were the same as those used in

figure 3. Heatmap shows log transformed p-values.
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Fig. S5. Differential gene expression analysis of SOD1 V1 INs

a) Violin plot showing log2 transformed expression values of genes known to be expressed in
V1 ipINs. b) Normalized mean expression of V1 markers between V1 ipINs and ipMNs. c)
Volcano plot of genes differentially expressed in SOD1 V1 ipINs. Each dot represents a gene.
Red: upregulated, blue: downregulated, black: unchanged genes. Horizontal red line indicates
a p-value of 0.01. Vertical green lines indicate a log2(fold change) = 1. Fold changes >10 or <-
10 were set 10 and -10 respectively. All p-values were adjusted using the Benjamini Hochberg
procedure. d) Enrichment analysis of likely pathogenic variants associated with different
diseases in genes upregulated in SOD1 V1 ipINs. Vertical axis shows terms used to search the
ClinVar database to find associated pathogenic variants. ALS: Amyotrophic Lateral Sclerosis,

MN: Motor neuron, AD: Alzheimers disease, PD: Parkinsons disease, HD: Huntingtons



disease, CMT: Charcot Marie Tooth, SCA: Spinocerebellar Ataxia, MS: Multiple Sclerosis,
NDD: Neurodevelopment disorder. The red and green dashed lines indicate a p-value
threshold of 0.05. Values on the right side of the axis indicate enrichment in upregulated genes
while values on the left indicate enrichment in downregulated genes. e) Enrichment of GO
terms in genes upregulated (blue bars) or downregulated (orange bars) in SOD1 V1 ipINs. The
red dashed line indicates a p-value threshold of 0.01. f) Correlation analysis of WGCNA
module eigengenes SOD1 V1 ipINs and ipMNs. Red: positive correlation, blue: negative

correlation.

Table S1. Primary antibodies used for immunofluorescence. Related figures 1,5.



Target Source Catalog number Dilution
ISL1 Abcam ab8650 1:500
ISL1 Abcam ab109517 1:500

MAP2 Abcam ab11267 1:1000
NF-H Sigma N4142 1:1000
Phospho- Cell signalling technology 18338 1:200
SMAD2
KI-67 Cell signalling technology 9449 1:200

Table S2: Primer sequences used for qPCR analysis. Related to figure 5.

Gene Forward primer Reverse primer

TGIF1 GGATTGGCTGTATGAGCACCGT GCCATCCTTTCTCAGCATGTCAG
TGIF2 CTGAGCCTTTCTGGACAGACCA GGTCTTTGCCATCCTTCCGAAG
HMGA2 GAAGCCACTGGAGAAAAACGGC GGCAGACTCTTGTGAGGATGTC
VIM AGGCAAAGCAGGAGTCCACTGA ATCTGGCGTTCCAGGGACTCAT
MYO10 CACTCTGCCGTATTTCCACAGC TTTGTGGAGCCAGCCTTGCTTG
MEGF10 TGACTGCTTGCCTGGCTTCACA GTTACAGGTTCCGTTGTTGGTGC
HES1 GGAAATGACAGTGAAGCACCTCC GAAGCGGGTCACCTCGTTCATG
ITGA5 GCCGATTCACATCGCTCTCAAC GTCTTCTCCACAGTCCAGCAAG
TGFBI GGACATGCTCACTATCAACGGG CTGTGGACACATCAGACTCTGC
TGFB1 GTGAGGTCCACGGAAACTGT TGGCTGGTGCAAAGACATAG
ZFP36L1 CAGGATTCTCTCTCGGACCAG CAGGCGTCTTGAGTTGTCCA
HPRT1 TGCTCGAGATGTGATGAAGG AATCCAGCAGGTCAGCAAAG
RPL13 CCTGGAGGAGAAGAGGAAAGAGA TTGAGGACCTCTGTGTATTTGTCAA

Supplementary datafile S1.xls

Genes affected by ambient expression.

Supplementary datafile S2.xls

Marker expression matrix to classify cell types.
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