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Reviewers' comments:
Reviewer #1 (Remarks to the Author):

Here Ziff et al perform transcriptome analysis of 429 iPSC-derived MN lines (323 ALS and 106
controls) including lines carrying 10 monogenic causes of ALS; follow up analysis is carried out in
RNAseq data from 153 ALS and 80 control postmortem spinal cord samples. Transcriptome datasets
were not generated by the authors but are publicly available. The major conclusion was that 'DNA
damage response', and 'p53-signalling' genes are differentially expressed in ALS patients compared
to controls.

The positioning of p53 as a driver of ALS-associated neurodegeneration is not new. A key paper from
the Gitler group (PMID 33482083) was published in 2021 although this was not cited in this study.

The major limitation of this study is that there is no attempt to assign causation, even between the
changes in p53-pathway genes and DNA damage genes. Whether transcriptome changes are up or
downstream in the cascade of pathogenesis is not explored. There are also certain inconsistencies in
the application of the analysis methods and I believe the experiment to measure consequences of
DNA damage is flawed in design (see below).

Points:

- The functional enrichment analysis of gene expression changes is key to the implication of the p53
signalling and the DNA damage response which is the main message of the manuscript. It is not clear
that a multiple testing correction applied to the enrichment analysis which is crucial. The use of
statistical tests should be consistent; the NES test is used most often, could this be reported
throughout? Also, please include the test statistics for each result referring to DNA damage/p53-
signalling in the main text, rather than only referring to extended data.

- The perturbation PROGENYy analysis is in effect a further enrichment analysis using a database of
perturbation experiments which are not MN specific. These limitations should be described.

- Post mortem transcriptome analysis identifies >10,000 differentially expressed genes which seems
excessive (compared to ~20) in the iPSN analyses and makes the likelihood of false positive results
more likely. Can the authors comment on this? Here p53-signalling gene expression changes are
reported for genetic subgroups but it should be made clear that the FUS result is not statistically
significant.

- The splicing analysis is misleading. It appears that p53-signalling/DNA damage genes were not
statistically enriched within differentially spliced genes. This should be made clear. The authors
postulate that intron retention events may be a cause of DNA damage but not provide evidence for
this.

- The authors measure numbers of SNVs and gene fusion events within expressed RNAs in
AnswerALS iPSN and use an excessive number of variants to argue for excessive DNA damage in
ALS. In my opinion the logic here is flawed; DNA damage causing sequence changes would be
expected to produce somatic heterogeneity within the CNS. It is difficult to interpret these changes in
neurons derived from peripheral cells.

- Was the meta-analysis applied to the analysis of specific genetic-subtypes or was the RUVg used to
correct for batch effects in these analyses? This is not clear in the methods.

Reviewer #2 (Remarks to the Author):

The manuscript by Ziff et al is a large scale meta-analysis of multiple publically available RNAseq

datasets for ALS. This includes data from Answer ALS and NeuroLINCS as well as data from an ALS
postmortem spinal cord cohort. The authors find that p53 activation is observed in multiple



subgroups of ALS and that DNA damage responses are also enriched as key mechanisms in both
familial and sporadic ALS, beginning early and persisting into later stages of disease. The authors
also highlight genomic instability via splicing alterations, single nucleotide variants, insertions,
deletions and gene fusions. There is a good rationale and a lot of data used, which is a major
positive.

While the analysis is reasonable and informative, this manuscript has significant weaknesses and
novelty to warrant publication in Nat Comm. First, the work is not entirely novel given the previous
publication in Cell (2021) that p53 is central to c9 ALS. Second, there would need to have some
additional validation of the DNA damage deficits in iPSCs and/or ALS tissues, validate protein levels
for DEGs (especially for p53 and DNA damage genes), and validate R loop formation. There is an
overall lack of mechanism discussed in the paper in that p53 is more of a consequence versus
mechanism. Should discuss how p53 activation and DDR would impact the neurons or disease.

Other points:

3. The authors cite that OCT4 was significantly downregulated. Could this be an artifact of the iPSC
modeling? Undifferentiated iPSCs? Or persistent OCT4 expression. Would need to discuss.
Upregulation/activation of MAPK and p53, along with OCT4 expression may indicate a proliferating
progenitor population. OCT4 also comes up quite significantly in the sALS vs control comparison.
Could this set of samples be confounding? The authors should consider accounting for co-variates or
filtering out specific markers.

2. Correlation values are very low and it is not clear if these are significant. Perhaps this is indicated
in the extended data but should show p-value in text.

3. The base sub data is confusing. The authors indicate an increase number of C>T in ALS then
repeats this info with a lower pvalue. And then suggest C>T is lower in ALS relative to control.
Potentially typos?

4. Was the analysis for gene fusions events somehow normalized by sample size, considering there
were many more ALS samples then control?

5. There is not discussion of sex as a variable

Reviewer #3 (Remarks to the Author):

Ziff et al. combined the huge datasets of ALS, unifying them to investigate the pathological
mechanisms of ALS. The research direction of integrating patient samples and data sets to explore
the ALS pathology is an interesting approach that should coincide with current trends. The problem
with such an approach is the difficulty in integrating various data-sets, obtained by various methods,
and with appropriate correction for bias. In addition, this reviewer is also concerned that there is no
axis to evaluate the appropriateness for correcting bias, and there are limited clues to justify the
results of integrated analysis. In this study, the authors pointed out the activation of p53 in ALS
samples from different datasets, and confirmed a similar trend of p53 activation by using autopsy
specimens of spinal cords. However, the reviewers and the readership will face a considerable
difficulty in judging the scientific validity of results from the integrated data-sets of this paper. In
particular, the activation of p53, which the authors have pointed out, is a phenomenon commonly
observed in a wide variety of pathological conditions, and is unfortunately not new. This pathway also
includes many genes that tend to be identified as a “statistically significant” pathway. This reviewer
believes that more specific gene sets and specific signaling pathways may have hidden molecular
clues that will lead to understanding of the pathology and the development of therapeutic methods.
Therefore, it would be more important to use the presented methodology for finding a specific
pathway such as a screening step, and to verify the identified results by another modality. This
reviewer thinks that the presented methodology in the paper is extremely important for the scientific
field, and believes that the following points, as described below, need to be revised in order to
maximize the value of this paper and ensure that the method will be widely accepted in the future.

Major points

1) The authors combined the deposited datasets from several studies for metanalysis. However, the
differentiation characteristics of iPSC-derived motor neurons, evaluated by the expression of motor
neuron markers like CHAT, MNX1, ISL1, FOXP1, etc., vary among different studies in extended data



figures 4 and 5. The homogeneity of the differentiation quality is the most important factor in the
discussion of disease phenotypes. Can the authors correct the gene expression status, or set a
stricter threshold for selecting the datasets? These steps might help to identify a more specific
pathway that is related to the motor neurons of ALS. Variation in the proportion of astrocytes in the
culture dish can also be expected to cause noise in the analysis.

2) The datasets used were iPSC-derived samples obtained from different differentiation stages and
different culture conditions, and were too crude to be analyzed on the same platform. Correction with
appropriate intrinsic controls is also challenging. A meta-analysis of the results found in each dataset
might be acceptable.

3) As mentioned in the above comments, this reviewer believes that the reproducibility of the results
of such meta-analyses, based on datasets collected from different platforms, should be confirmed by
other methods. Since the relationship between p53 and ALS is a known phenomenon that has already
been reported elsewhere, this reviewer believes that this point has been clarified. On the flip side, the
identified results can be considered as a result without novelty. Can the authors direct more focus
toward new pathways, identified only by the present meta-analysis?

4) In figure 3, the authors point out that the p53 pathology is common in different ALS subtypes.
This reviewer believes that it is also important to take advantage of the different ALS subtypes that
are being addressed in this study. Can the authors classify the characteristics of the pathology and
the signaling pathways for each ALS subtype? For example, searching for ALS with TDP43 pathology
and others, and their characteristic pathways, would be a new focus for this meta-analysis?

5) In figure 4, the authors showed the altered splicing or SNVs in ALS iPSNs. To confirm the
reproducibility of the findings, the authors should show the similar alteration in the other cohort,
independent of the presented meta-analysis.

6) Although the meta-analysis with multiple data sets may be novel, the p53 pathway found as a
result of this study has already been reported in ALS and is not novel.

Minor points

1) In the extended data of figures 4 and 5, it is unclear what “variance stabilized gene counts” mean,
and what the range of variance is as described by the blue/red color?

2) The authors used “iPSNs” as the abbreviation for induced pluripotent stem cell-derived motor
neurons. iPSC-derived motor neurons or iPSMNs etc. might be more appropriate and helpful for the
readership in order to understand that this study focuses on the pathology of motor neurons with
ALS.

3) As commented as major points, the correction among different batches of RNAseq and/or single-
cell RNAseq analysis is important and must be quite challenging even in the unified experimental
method or condition. The authors should show how the authors corrected the noise among different
platforms and evaluated the corrected quality to justify the usage of these datasets.

4) The authors excluded the samples and datasets of Lee et al. and NeuroLINCS. This reviewer can
intuitively understand that these samples are outliers when compared with other datasets, but this
reviewer believes that the authors should clarify the threshold criteria to maintain reproducibility.

5) The title seems slightly exaggerated, and it should be revised by focusing on the methodology.

Reviewer #4 (Remarks to the Author):

I have read with interest the work by Ziff et al., titled "Genome instability underlies an augmented
DNA damage response in familial and sporadic ALS human iPSC- derived motor neurons”, dealing
with the bioinformatics analysis of deep transcriptome data from ALS human induced pluripotent
stem cell-derived motor neurons (iPSNs). The authors collected RNAseq data from 429 donors
spanning 10 ALS mutations and sporadic ALS. They found an increase in the DNA damage response,
which is characterized by the activation of p53 signalling.

All data were initially checked and low-quality samples were filtered out, leaving 323 ALS samples
and 106 controls. Comparing these two groups revealed only 43 DE genes. In my opinion, this
specific comparison is biologically questionable. Indeed, it has been performed by mixing
heterogeneous RNAseq data from heterogeneous genetic backgrounds. Comparing transcriptomes
from different genetic backgrounds should provide misleading results.

Additionally, the effect of the differentiation protocol has not been taken into account. It could really
impact the detection of DE genes.



Regarding the identification of aberrant splicing, the authors compared again all ALS samples versus
control iPSNs. I don't think different genetic backgrounds should be mixed.

About SNVs, statistics are based on the number of variants. It is not correct because the number of
variants per sample is strongly connected with the coverage depth.

Although the idea is quite interesting and the results are promising, I see methodological issues that
need to be addressed. Additionally, the p53 signalling pathway includes many genes. A punctual
study of this pathway has to be performed and validated in independent cohorts.



Reviewer 1

Comment 1

Here Ziff et al perform transcriptome analysis of 429 iPSC-derived MN lines (323 ALS and
106 controls) including lines carrying 10 monogenic causes of ALS; follow up analysis is
carried out in RNAseq data from 153 ALS and 50 control postmortem spinal cord samples.
Transcriptome datasets were not generated by the authors but are publicly available. The
major conclusion was that 'DNA damage response’, and 'p53-signalling’ genes are
differentially expressed in ALS patients compared to controls. The positioning of p53 as a
driver of ALS-associated neurodegeneration is not new. A key paper from the Gitler group
(PMID 33482083) was published in 2021 although this was not cited in this study.

Author Response

We thank the reviewer for these comments. Whilst we agree that p53 activation has been
previously described in ALS, these have been limited to mutant forms of ALS predominantly
with C9orf72'=. Previous reports have also been restricted in sample size usually < 10
patients in total. Conversely, this is the first study with sufficient power to demonstrate
genome instability across ALS subtypes in both iPSMNs and post-mortem. This is
especially novel in sporadic ALS, which accounts for 90% of cases 1%2°, The scale of this
resource also enables us to compare the magnitude of p53 activation between ALS
subgroups for the first time, exposing that TDP-43 pathology cases show substantially
greater p53 activation than non-TDP-43 ALS cases - see response to Reviewer 3, Comment
6. Furthermore, this is the first study to show increased somatic mutations and gene
fusions in both ALS iPSMNs and post-mortem.

We apologise for accidentally omitting the excellent paper from the Gitler group . \We note
however that it predominantly used mouse neurons and was restricted to C9orf72 poly(PR)
treatment. It did not examine other ALS subgroups. Other ALS iPSMN studies examining
DNA damage have been restricted to very small sample sizes and mutant forms of ALS, e.g.
Lopez-Gonzalez et al 2016 studied only 3 C9orf72 mutant iPSMNs 3. Likewise, post-mortem
studies reporting p53 upregulation have been limited to only a handful of patients, e.g. Farg et
al 2016 in 10 C9orf72 patients 2.

The novelty of this resource is that it provides the largest catalogue of human ALS
associated gene alterations to date, obtained by characterising 429 human ALS iPSMN and
271 post-mortem transcriptomes. The unbiased genome-wide approach used reveals multiple
novel targets in ALS beyond p53 e.g. RNAse L expression, MAPK signalling, CNOT3
splicing. It also provides the largest study of splicing changes in ALS iPSMNSs, not only
revealing TDP-43 regulated events (e.g. POLDIP3,CAMK2B, CEP290) but also revealing
new splicing events shared between ALS subgroups (e.g. CNOT3, SRSF10, DNAJC17).
Thus, this paper offers substantial advances in the understanding of changes across ALS




subtypes, which is crucial for identifying therapeutic targets.
Author Changes

To make clearer the novelty of this resource we have now shown the composition of the
iIPSMN and postmortem cohorts in Figure 1 Schematic sections 4 & 5:

Fig. 1: Study overview

Schematic summarising our analytic framework using iPSC-derived motor neurons
(iPSMNss) and postmortem tissue to interrogate perturbations across the spectrum
of ALS.

e We cite the mentioned paper from the Gitler group as well as other ALS studies of
DNA damage, and clarify the novelty regarding DNA damage in this study:
Our findings support previous, smaller studies showing p53 activation in ALS,
particularly with C9orf72 repeat expansions 1>20-23, However, the novelty in this
study is the finding of p53 activation, together with increased somatic mutations and
gene fusions, across diverse ALS subgroups, not only in iPSMNs but also in post-

mortem spinal cord tissue. We identified the greatest increase in p53 activity in



C9orf72 mutants, consistent with reports that the C9orf72 repeat expansion induces
DNA damage, likely mediated by dipeptide repeat proteins and the formation of R
loops and G quadruplexes!=. However, we also found p53 to be strongly and
significantly activated in TARDBP and sporadic subgroups. This finding in sporadic
cases is particularly striking since they represent 90% of ALS but have the least prior

evidence for p53 activation.

Comment 2

The major limitation of this study is that there is no attempt to assign causation, even between
the changes in p53-pathway genes and DNA damage genes. Whether transcriptome changes
are up or downstream in the cascade of pathogenesis is not explored.

Author Response

We thank the reviewer for this comment. The finding of increased somatic mutations and
gene fusions in both ALS iPSMNs and post-mortem, provides an explanation for the DNA
damage response upregulation as these DNA sequence changes are upstream to the
transcriptome DNA damage response.

Author Changes

By adding somatic mutation and gene fusion analyses to the postmortem spinal cord tissue,
we have further provided evidence for genome instability causing the DNA damage response
in ALS - please see our response to Reviewer 1, Comment 10.

We have added a new analysis comparing TDP-43 ALS to non-TDP-43 ALS, revealing
that TDP-43 ALS shows significantly greater p53 activation than non-TDP-43 ALS in both
iPSMNSs and post-mortem.

To examine for a functional link between TDP-43 nuclear depletion and p53 activation,
we have now examined RNA-seq from neuronal nuclei depleted of TDP-43 from patients’
brains © as well as integrating 7 RNA-seq datasets from human cultured cells with TDP-43
knockdown via shRNA, siRNA, or CRISPR/Cas9-mediated inhibition -2, Both neuronal
nuclei depleted of TDP-43 and cells with TDP-43 knockdown show significant upregulation
of p53 signaling, indicating that TDP-43 nuclear loss contributes to p53 activation.

Results text:



TDP-43 pathology contributes to the DNA damage response

Although TDP-43 pathology (characterised by neuronal nuclear depletion and
cytoplasmic accumulation) is observed in 97% of ALS, it is absent in SOD1 and
FUS mutant cases (termed non-TDP-43 ALS) 24?5, Interestingly, SOD1 and FUS
mutants displayed the weakest p53 upregulation of the genetic subtypes in both
iPSMNs and post-mortem. To identify the degree to which genotypes linked to TDP-
43 pathology contribute to p53 upregulation in the pan-ALS analyses, we classified
ALS samples based on whether their genetic background is associated with TDP-43
pathology. In iPSMNs, whilst non-TDP-43 ALS (SOD1 and FUS mutant) iPSMNs
showed only a modest, non-significant increase in p53 (NES = +2.0, p = 0.25), TDP-
43 ALS iPSMNs exhibited strong and significant p53 upregulation (p53 NES =
+14.2, p <0.001). Likewise, in non-TDP-43 ALS iPSMNs the TP53 TF was mildly
decreased in activity (NES =-1.6, p = 0.12), whereas TDP-43 ALS iPSMNs showed
TP53 was the most strongly upregulated TF (NES + 7.4, p < 0.001; Extended Data
Fig. 15a,b). We found a similar pattern in post-mortem samples, with non-TDP-43
ALS showing smaller increases in p53 signaling and TP53 TF activity (p53: NES
+3.6, p = 0.03; TP53: NES +3.3, p = 0.01) as compared to TDP-43 ALS (p53: NES
+5.2,p<0.001; TP53: NES +2.0, p = 0.5; Extended Data Fig. 15c,d). These findings
suggest that the p53 signature from the pan-ALS analysis is largely driven by genetic
backgrounds associated with TDP-43 proteinopathy.

To discover whether p53 signalling changes are regulated by TDP-43, we next
examined RNA-seq from FACS sorted neuronal nuclei into those with and without
TDP-43 pathology from FTD-ALS postmortem brain tissue 8. We found that
neuronal nuclei depleted of TDP-43 showed significant upregulation of p53
signalling (NES +0.4, p = 0.02) and non-signficant upregulation of TP53 TF as
compared to neuronal nuclei retaining TDP-43 (NES +0.7, p = 0.26; Extended Data
Fig. 15e,f).

To determine whether TDP-43 depletion directly promotes p53 activation, we
integrated seven RNA-seq datasets from human cells that have underwent TDP-43
knockdown with ShRNA, siRNA, or CRISPR/Cas9 (Table S8)"3. In support of a
direct role for TDP-43 regulation of p53 signalling, we discovered significant
upregulation of both p53 signalling (NES +5.5, p =0.02) and TP53 TF activity (NES
+3.5, p = 0.02) upon TDP-43 knockdown (Extended Data Fig. 15e,f).



Extended Data Figure 15 TDP-43 loss of function contributes to p53 signaling activation

PROGENY signalling pathway barcharts (left) and DoRothEA transcription factor activities
volcano plot (right) in (a-b) non-TDP-43 ALS (i.e. SOD1 and FUS mutant) and TDP-43 ALS
iPSMNSs; (c-d) non-TDP-43 ALS (i.e. SOD1 and FUS mutant) and TDP-43 ALS post-mortem;
(e-f) FACS sorted neuronal nuclei depleted of TDP-43 and TDP-43 knockdown cell models.

Discussion text:

Although we found p53 activation in ALS cases that lack TDP-43 pathology (FUS
and SOD1 mutants), the magnitude of activation was substantially weaker than in
TDP-43 ALS cases, raising the possibility that TDP-43 contributes to the DNA
damage response. In support of this, we found significant p53 upregulation in
neuronal nuclei depleted of TDP-43, as well as TDP-43 knockdown models. TDP-
43 has an established role in DNA repair and TDP-43 depletion results in the



accumulation of DNA damage 2326, Conversely, TDP-43 overexpression in iPSC-
derived neurons led to a pro-apoptotic phenotype, which was partially rescued by
p53 inhibition 2%, Other studies of p53 inhibition in TDP-43A315T iPSC-derived
neurons has also demonstrated a partial phenotypic rescue 272°, Together, this
suggests that TDP-43 pathology exacerbates the DNA damage response, and the
subsequent p53 activation may promote motor neuron death in ALS.

New discussion text clarifying how p53 activation lies downstream of somatic mutations and
gene fusions and how p53 activation may lead to motor neuron death:

The increased somatic mutational burden amongst ALS iPSMNs and post-mortem
tissue supports the possibility that p53 activation is a reactive change to genomic
instability. This begs the question of what drives genomic damage in ALS. Although
many of the genetic causes of ALS are linked to defective DNA repair (FUS,
TARDBP, SOD1, C9orf72, NEK1, SETX, VCP), the mechanism of genome
instability in sporadic patients remains enigmatic *. In sporadic cases, DNA damage
is possibly a consequence of other ALS pathogenic mechanisms such as
mitochondrial dysfunction, autophagy, and TDP-43 mislocalisation 3.

We have further examined the p53 and DNA damage pathway genes by performing GSEA on
all their daughter Gene Ontology processes - please see our response to Reviewer 3, Comment
3.

Comment 3

The functional enrichment analysis of gene expression changes is key to the implication of
the p53 signalling and the DNA damage response which is the main message of the
manuscript. It is not clear that a multiple testing correction applied to the enrichment analysis
which is crucial.

Author Response

The reported p-value is from the hypergeometric test after correction for multiple testing,
which is performed by the gprofiler2 gost function using Bonferroni correction.

Author Changes
We have made clearer in the methods text the multiple testing correction:

g:Profiler2 reports the hypergeometric test p-value with an adjustment for multiple
testing using the Bonferoni correction.



e In all the functional over-representation bar charts, on the x-axis label, we change the p-value
to false discovery rate (FDR) e.g.

Comment 4

The use of statistical tests should be consistent; the NES test is used most often, could this be
reported throughout? Also, please include the test statistics for each result referring to DNA
damage/p53-signalling in the main text, rather than only referring to extended data.

Author Response

e We thank the reviewer for highlighting this. Whilst the normalised enrichment score (NES)
are reported for all gene set enrichment analyses (GSEA) results, for all over-representation
analyses we report the adjusted p-value from the hypergeometric distribution. Whilst this
also gives other metrics of over-representation (e.g. precision, recall), it does not provide a
NES.

Author Changes

e We use gprofiler2 to perform the over-representation analyses, which invokes the
hypergeometric test. To make this clearer we change the use of “enrichment” to “over-
representation”.

e We have ensured that the hypergeometric adjusted p-value is reported in the main text when
referring to functional over-represented terms and have explicitly stated FDR rather than p-
value, for example:

Using functional over-representation analysis, we found that upregulated genes in
ALS were enriched in the DNA damage response (hypergeometric FDR = 2.2x107;



SESN1, RRM2B, TNFRSF10B) and p53 signalling (FDR = 2.7x10°; CDKN1A,
TP53TG3E, FBX022) whereas downregulated genes were overrepresented by
DNA-binding transcription factor activity (FDR = 0.003; MYOG, TBX5, POU5F1
[Oct4]) and ventral spinal cord development (FDR =0.004; LMO4, OLIG2, FOXN4;
Fig. 2b).

Comment 5

The perturbation PROGENY analysis is in effect a further enrichment analysis using a
database of perturbation experiments which are not MN specific. These limitations should be
described.

Author Changes

We have now noted this limitation in the text:

PROGENy and DoRothEA weights are based on perturbation experiments that are
not specific to motor neurons. Their signalling pathways may activate diverse
downstream gene expression programmes depending on the cell type and perturbing
agent utilised 2.

Comment 6

Post mortem transcriptome analysis identifies >10,000 differentially expressed genes which
seems excessive (compared to ~20) in the iPSN analyses and makes the likelihood of false
positive results more likely. Can the authors comment on this?

Author Changes

We thank the reviewer for raising this interesting point. We have now commented on the
difference in the number of differentially expressed genes between iPSMNs and postmortem:

Despite the large sample size, we found relatively few differentially expressed genes
across the ALS spectrum in iPSMNSs, consistent with reports that the iPSMN model
shows only mild differential gene expression signatures 33. However, this likely also
reflects the heterogeneity between ALS genetic backgrounds and the rather
conservative strategy utilised. Even within genetic subgroups, there is substantial
heterogeneity and none more so than in the sporadic subgroup, which despite being
the most well-powered, representing two-thirds of all ALS iPSMNSs, had only 4
differentially expressed genes, reminiscent of what we found in sporadic ALS iPSC-



derived astrocytes8. Sporadic ALS represents a heterogeneous group with diverse
genetic susceptibilities and also likely includes patients carrying as yet unknown
pathogenic gene mutations®*. Additionally, environmental risk factors play an
important role in ALS aetiology particularly in patients without a highly penetrant
mutation3>-3°, Whilst the iPSC model is an elegant approach to model sporadic ALS,
a notable limitation is that it does not reproduce the patients’ environmental
exposures. In contrast to iPSMNs, post-mortem spinal cord exhibited thousands of
ALS differentially expressed genes and ALS subgroups showed strongly correlated
gene expression changes. This supports previous ALS post-mortem studies reporting
widespread reactive gliosis and extensive neuroinflammation 74942, However,
spatial and single-cell transcriptomics as well as cell-type deconvolution analyses on
post-mortem samples have revealed that the motor neuron signal is largely masked
by glial cell types 404347,

Results text comparing postmortem genetic subgroups:

In contrast to iPSMNs, comparing genetic subgroups from post-mortem spinal cord
tissue revealed highly correlated gene expression changes (R range +0.68 to +0.9)
with 1,750 overlapping differentially expressed genes between sporadic, C9orf72,
SOD1, and FUS subgroups (Fig. 4h, Extended Data Fig. 14a-j).

Comment 7

Here [in postmortem] p53-signalling gene expression changes are reported for genetic
subgroups but it should be made clear that the FUS result is not statistically significant.

Author Response

We thank the reviewer for this point that FUS mutants did not show significant p53
upregulation in post-mortem. Indeed, in both iPSMNs and post-mortem tissue, SOD1 and
FUS mutants showed weaker p53 activation than the TDP-43 ALS subgroups.

Author Changes

We have made clear that SOD1 and FUS are not significant for postmortem p53 signalling
activation:

Examining signalling pathways and transcription factors in each genetic subgroup
revealed that p53 signalling and TP53 TF activity were significantly increased in
both in sporadic (n = 161; p53: NES +5.0, p < 0.001; TP53 NES +2.9, p = 0.05) and
C9orf72 (n = 36; NES +5.3, p < 0.001; TP53 NES +4.7, p < 0.001) and non



significantly increased in SOD1 (n = 5; NES +3.3, p = 0.05; TP53 NES +1.2, p =
0.1) and FUS (n = 2; NES +2.9, p = 0.28; TP53 NES +2.9, p = 0.29; Fig. 4g-h,
Extended Data Fig. 14l,m).

We have now added a new section comparing TDP-43 ALS with non-TDP-43 ALS - please
see our response to Reviewer 1, Comment 2.

Comment 8

The splicing analysis is misleading. It appears that p53-signalling/DNA damage genes were
not statistically enriched within differentially spliced genes. This should be made clear.

Author Changes

We have now added a one-sided Fisher exact test overlapping differentially spliced genes with
p53 genes and confirmed a significant overlap:

Amongst the genes exhibiting differential splicing in ALS were a significant number
of genes involved with p53 and DNA repair (including POLM, METTL22, HUWEL,
HDAC1, MTAL, PMS1, ZSWIM7; Fisher exact test p = 2.3x108). Likewise, there
was a greater number of RBPs amongst differentially spliced genes than expected
by chance (e.g. YTHDC2, THOC1, PRR3, STAU2, PTBP3, SREK1, POLDIP3; p =
6.8x10°%8; Fig. 5c).

We also add a new analysis of splicing in TDP-43 depleted cells (neuronal nuclei and TDP-43
knockdown) and find overlapping events with ALS iPSMNSs.

By examining splicing changes in neuronal nuclei depleted of TDP-43¢, we found
12 overlapping differentially spliced genes (encompassing 17 splicing events) with
ALS iPSMN (including POLDIP3, PPP6R3, CAMK2B, CEP290; Table S8)°.
Similarly, comparing splicing changes upon TDP-43 knockdown with ALS iPSMNs
revealed 4 overlapping genes containing 6 splicing events (POLDIP3, CAMK2B,
HERC2P3, CEP290; Table S8). Interestingly, the multi-exon skipping splicing event
in POLDIP3 was precisely the same event that occurs in both TDP-43 neuronal
nuclei depletion and TDP-43 knockdown (Extended Data Fig. 15a-c)®%. This
indicates that TDP-43 nuclear loss of function may contribute to splicing changes in
ALS iPSMNSs.



Comment 9

The authors postulate that intron retention events may be a cause of DNA damage but not
provide evidence for this.

Author Response

We thank the reviewer for this comment. In this integrative analysis of 429 iPSMNs, we find
hundreds of splicing changes and discuss the connection between DNA damage and splicing.
Whilst we appreciate we have not shown causality between splicing changes and DNA
damage, there already exists extensive evidence in the literature that splicing defects,
particularly intron retention, cause DNA damage through RNA:DNA cotranscriptional
hybrids (R-loops), even within iPSMNs 4958,

To show convincing evidence that intron retention causes DNA damage in ALS, we would
require well-powered numbers of samples of iPSMNs and postmortem spanning each of the
ALS subgroups, using a novel approach to assess R loops, such as DRIP-seq 4*54. Therefore,
it is beyond the scope of this integrative bioinformatics study to examine the causation
between intron retention per se and DNA damage in ALS.

Author Changes

We have now removed the suggestion that intron retention may cause DNA damage.

Comment 10

The authors measure numbers of SNVs and gene fusion events within expressed RNAS in
AnswerALS iPSN and use an excessive number of variants to argue for excessive DNA
damage in ALS. In my opinion the logic here is flawed; DNA damage causing sequence
changes would be expected to produce somatic heterogeneity within the CNS. It is difficult to
interpret these changes in neurons derived from peripheral cells.

Author Changes

We thank the reviewer for raising this. To address this we have now examined somatic
mutations and gene fusions in ALS postmortem spinal cord.

As iPSMNSs are derived from peripheral cell types and the reprogramming process
itself can induce somatic mutations®®, genome instability in iPSMNs may not be
representative of cell types in the central nervous system. To address this, we next
examined ALS post-mortem spinal cord tissue for genome instability using the
GATK variant discovery pipeline. After removing RNA editing sites and adjusting
for sequencing depth, sequencing instrument, and age at death, we found a



significantly greater number of somatic mutations in ALS compared to control post-
mortem spinal cord (p = 4.6x10-!; Fig. 6¢). Examining the variant types revealed
that although there were less SNVs in ALS compared to control post-mortem (p =
0.007), there were significantly greater numbers of insertions (p < 2x10¢) and
deletions (p = 3.8x107) in ALS (Table S11). Examining base substitutions in post-
mortem tissue revealed significant increases in the number of T>A (p < 3x107°) and
T>C (p < 2x107%6) base substitutions in ALS relative to controls (Extended Data Fig.
18b). By assessing each genetic background independently, we found that for
sporadic and C9orf72 subgroups there were significant increases in insertions (both
p < 2x107%) and deletions (sporadic p = 3.2x10%, C9orf72 p = 0.036), however
SOD1 mutants showed significant increases in SNVs (p < 2x10%6) as well as
insertions (p = 1.1x107'?), and deletions (p = 1.1x10°; Fig. 6d). These findings
implicate a role for de novo mutations and defects in DNA damage repair in ALS.

To identify whether ALS post-mortem tissue also displays increased gene fusions,
we performed fusion discovery on post-mortem spinal cord. There were a total of
177 unique gene fusions in ALS and 96 in control post-mortem, with 71 shared.
Comparing unique gene fusions between iPSMNs and post-mortem revealed 55 in
ALS iPSMNSs and post-mortem, of which 27 were also present in CTRLs (Extended
Data Fig. 178c). Burden analysis identified 13 gene fusions with a significantly
greater burden in ALS post-mortem tissue (Table S12). As with iPSMNs, these
mostly involved IncRNAs and the fusion with the greatest burden in ALS post-
mortem was a gene neighbour fusion between the IncRNA AL353138.1 and
PTCHD4 (OR 4.2, 95% CI 2.3-Inf, Fisher’s p 1.1x10%). After adjusting for read
coverage, sequencing instrument, and age at death in a generalised linear model, we
identified significantly greater numbers of gene fusions in ALS compared to controls
(p = 7.2x10°®; Fig. 6g). Comparing the frequencies of each type of gene fusion
between ALS with control post-mortem, revealed significantly increased numbers
in ALS for gene neighbours (p = 1.4x104) and local rearrangements (p = 0.02), as
well as nonsignificant increases in overlapping neighbours (p = 0.6), distant intra-
chromosomal (p = 0.12), and inter-chromosomal fusions (p = 0.8; Extended Data
Fig. 17e). Comparing the number of gene fusions per post-mortem sample in each
ALS genetic group with controls, revealed significantly greater numbers of gene
fusions in sporadic ALS (p = 8.2x106), C9orf72 (p = 0.03) and SOD1 mutant
subgroups (p = 0.0009; Fig. 6h).



Fig. 6: ALS iPSMNs and post-mortem tissue accumulate somatic mutations
and gene fusions.

a, Violin plots showing the numbers of somatic mutations, adjusted for age and read depth,
identified in Answer ALS iPSMNs in ALS (red) and CTRL (blue) samples for all mutation types,
single-nucleotide Variant (SNV), Insertions, and Deletions. b, Forest plot showing the point
estimate and 95% confidence interval of changes in mutation types (SNV, blue; Insertion, red;
Deletion, green) in ALS genetic subgroups versus controls. Vertical dashed line indicates no
difference, to the right of the dashed line indicates increase in ALS. c-d, As for a-b except in post-
mortem spinal cord. e, Violin plots showing the adjusted number of gene fusions in CTRL (blue)
and ALS (red) in iPSMNs. f, Forest plot showing the point estimate and 95% confidence interval
changes in each genetic subtype versus controls. To the right of the dashed line indicates an increase
in ALS subtypes. g-h, As for e-f except in post-mortem. **** represents Wald test P < 0.0001, ***
P <0.001, ** P <0.01, * P <0.05, after adjusting for read coverage, age, and dataset covariates.






Extended Data Figure 18 Somatic mutations and fusion types in genetic subgroups

a-b, Adjusted number of SNVs classified according to their base substitution type in ALS (red)
and CTRL (blue) in (a) iPSMNs and (b) postmortem. ¢, UpSet plot depicting overlapping
unique gene fusions in iPSMNs and postmortem ALS and CTRL samples. d-e, Adjusted
numbers of each type of gene fusion events per sample in ALS (red) and CTRL (blue) samples
in (d) iPSMNs and (e) postmortem. A generalised linear model with Poisson distribution was
fit to compare ALS with control, adjusting for coverage, age, and dataset.
Plotted values represent the partial residuals after adjusting for dataset batches, read depth and
age and statistics are from the generalised linear model Wald test accounting for dataset
batches, age, and read coverage. **** p < 0.0001, *** p < 0.001, ** p <0.01, * p < 0.05.

Methods text:

For post-mortem tissue, the spinal cord samples from the NYGC dataset were
included, although within NYGC there exists two sequencing batches (NovoSeq
6000 with 200 bp read lengths [n=186]; HiSeq 2500 with 250 bp reads [n=85]).

The numbers of SNVs was recently reported in Nature in neurons from individuals with
Alzheimer's Disease *®. In Fig 1d-h, age was shown to influence the number of variants and so
we have now adjusted for age in both the variant and fusion generalised linear models and for
both iPSMNs and postmortem:

After adjusting for sequencing depth and donor age, across all filtered variant types,
we found significantly greater numbers of somatic mutations per iPSMN in ALS
compared to control (Wald test p < 2x10°%; Fig. 6a).

Since gene fusion discovery is also sensitive to differences in read coverage and age,
we adjusted for the read coverage, the donor age, and dataset batch effects in a
generalised linear model.

To compare the number of somatic mutations per sample in ALS versus CTRL
groups, a generalised linear model was fit specifying a Poisson distribution adjusting
for differences in read coverage per sample and donor age using a spline:
variant count ~ condition + rcs(read depth,3) + rcs(age,3). For post-
mortem tissue we included an additional term to adjust for the sequencing batch:
variant count ~ condition + batch + rcs(read depth,3) + rcs(age, 3).

To compare the number of fusions per sample in ALS versus CTRL groups, a
generalised linear model was fit specifying a Poisson distribution adjusting for
differences in read coverage per sample and donor age and batch effects between



datasets: fusion count ~ condition + dataset + rcs(read depth, 3) +
rcs(age, 3). For post-mortem tissue we included an additional term to adjust for
the sequencing batch: fusion count ~ condition + batch +
rcs(read depth, 3) + res(age, 3).

For the violin plots, instead of displaying the raw observed number of variants and fusion
(which can be misleading), we have now plotted the normalised counts for read depth and age
using partial residuals as per the_jtools vignette. The partial residuals allow us to remove the
variation due to read depth and age, but leave in the residual variation due to ALS vs control,
thus offering the best visual representation of the modelled data.

In the violin plots, the observed number of variants and fusions were adjusted for
read depth and donor age by using the partial residuals from the generalised linear
model, which was performed using the partialize function from the jtools package.

For genetic subgroups, we utilise forest plots in Figure 6 to depict the results from the
generalised linear models, showing the point estimate and 95% confidence interval.

For genetic subgroups, forest plots were generated using the plot_summs function,
which depict the regression coefficient results from the generalised linear model
showing the point estimate and 95% confidence interval.

Comment 11

Was the meta-analysis applied to the analysis of specific genetic-subtypes or was the RUVg
used to correct for batch effects in these analyses? This is not clear in the methods.

Author Response

We thank the reviewer for raising this. RUVg was not used to correct for batch effects, only
to assess for batch effects. For the genetic subtype analyses, as with the pan-ALS integrated
analysis, we combined all relevant samples for each genetic background and accounted for
dataset batch effects as a covariate in the linear model. Batch effects were then corrected for
using the DESeq2 design ~gender + dataset + genetic_group.

Author Changes

We have made clearer that we used the the DESeq2 design, rather than RUVg in the genetic
subgroups

We orthogonally estimated technical variation using the RUVg method that takes
empirically defined negative control genes to estimate low-rank technical variation



in the data, specifying 5 RUV factors®’. To examine the effect of each ALS genetic
background on gene expression-a-skwnHarapproach-was-used, we compared ALS

versus control samples using the DESeq2 design formula ~gender + dataset +
genetic_group. For these genetic subgroup analyses, control samples from each
dataset were only utilised if the dataset also exhibited the relevant ALS genetic
background.

Describing this study as a meta-analysis is partly misleading and was a mistake on our part.
Whilst a meta-analysis does combine multiple studies, it is a synthesis of their pre-analysed
results. With respect to differential gene expression, meta-analysis typically refers to
combining each individual study gene p-values, for example using the metaRNAseq package.
However, the approach we have taken of integrating the raw sequencing data from the
component datasets, and calculating gene expression changes based on each sample gene
counts is substantially more robust at addressing batch effects between datasets. To make this
clearer we now replace the use of “meta-analysis” with “integrative analysis”.

Reviewer 2

Comment 1

The manuscript by Ziff et al is a large scale meta-analysis of multiple publically available
RNAseq datasets for ALS. This includes data from Answer ALS and NeuroLINCS as well as
data from an ALS postmortem spinal cord cohort. The authors find that p53 activation is
observed in multiple subgroups of ALS and that DNA damage responses are also enriched as
key mechanisms in both familial and sporadic ALS, beginning early and persisting into later
stages of disease. The authors also highlight genomic instability via splicing alterations,
single nucleotide variants, insertions, deletions and gene fusions. There is a good rationale
and a lot of data used, which is a major positive.

We thank the reviewer for these comments.

Comment 2

While the analysis is reasonable and informative, this manuscript has significant weaknesses
and novelty to warrant publication in Nat Comm. First, the work is not entirely novel given
the previous publication in Cell (2021) that p53 is central to c9 ALS.

Author Response

We thank the reviewer for mentioning this publication which was also mentioned by
Reviewer 1, Comment 1. Whilst we agree that p53 activation has been previously described



in ALS, these have been limited to mutant forms of ALS predominantly in C9orf72°.
Previous reports have also been restricted in sample size usually < 10 patients in total.
Converesely, this is the first study with sufficient power to demonstrate genome instability
across ALS subtypes in both iPSMNs and post-mortem. This is especially noteworthy in
sporadic ALS, which accounts for 90% of cases but has the least prior evidence for
increased p53 1%2%, The scale of this resource also enables us to compare the magnitude of
p53 activation between ALS subgroups for the first time, exposing that TDP-43 pathology
cases show substantially greater p53 activation than non-TDP-43 ALS cases - see response to
Reviewer 3, Comment 6. Furthermore, this is the first study to show increased somatic
mutations and gene fusions in both ALS iPSMNs and post-mortem.

Whilst the paper from the Gitler group * is an excellent paper, there are important differences
with ours. Most notably, they predominantly used mouse neurons and as noted by the
reviewer it was restricted to C9orf72 poly(PR) treatment. It did not examine other ALS
subgroups. Other ALS iPSMN studies examining DNA damage have been restricted to very
small sample sizes and mutant forms of ALS, e.g. Lopez-Gonzalez et al 2016 studied only 3
C9orf72 mutant iPSMNs 3. Likewise, post-mortem studies reporting p53 upregulation have
been limited to only a handful of patients, e.g. Farg et al 2016 in 10 C9orf72 patients 2.

The novelty of our resource is that it provides the largest catalogue of human ALS associated
gene alterations to date, obtained by characterising 429 human ALS iPSMN and 271 post-
mortem transcriptomes. The unbiased genome-wide approach used reveals multiple novel
targets in ALS beyond p53 e.g. RNAse L expression, MAPK signalling, CNOT3 splicing. It
also provides the largest study of splicing changes in ALS iPSMNSs, not only revealing
TDP-43 regulated events (e.g. POLDIP3,CAMK2B, CEP290) but also revealing new splicing
events shared between ALS subgroups (e.g. CNOT3, SRSF10, DNAJC17). Thus, this paper
offers substantial advances in the understanding of changes across ALS subtypes, which is
crucial for identifying therapeutic targets.

Author Changes

We add discussion of other previous DNA damage papers in ALS, and clarify the novelty in
this study:

Our findings support previous, smaller studies showing p53 activation in ALS,
particularly with C9orf72 repeat expansions 1-520-23, However, the novelty in this
study is the finding of p53 activation, together with increased somatic mutations and
gene fusions, across diverse ALS subgroups, not only in iPSMNSs but also in post-
mortem spinal cord tissue. We identified the greatest increase in p53 activity in
C9o0rf72 mutants, consistent with reports that the C9orf72 repeat expansion induces
DNA damage, likely mediated by dipeptide repeat proteins and the formation of R
loops and G quadruplexes. However, we also found p53 to be strongly and
significantly activated in TARDBP and sporadic subgroups. This finding in sporadic



cases is particularly striking since they represent 90% of ALS but have the least prior
evidence for p53 activation.

Comment 3

Second, there would need to have some additional validation of the DNA damage deficits in
iPSCs and/or ALS tissues, validate protein levels for DEGs (especially for p53 and DNA
damage genes), and validate R loop formation.

Author Response

We thank the reviewer for raising these helpful suggestions. In this integrative analysis of
400+ iPSMNs, we find hundreds of splicing changes and discuss the connection between
DNA damage and splicing. Whilst we appreciate we have not shown direct causality between
splicing changes and DNA damage, there already exists extensive evidence in the literature
that splicing defects, particularly intron retention, cause DNA damage through RNA:DNA
cotranscriptional hybrids (R-loops), even within iPSMNs 4958,

To show convincing evidence that intron retention causes DNA damage in ALS, we would
require well-powered numbers of samples of iPSMNs and postmortem spanning each of the
ALS subgroups, using a novel approach to assess R loops, such as DRIP-seq %54, Therefore,
it is beyond the scope of this integrative bioinformatics study to examine the causation
between intron retention and DNA damage in ALS.

Author Changes

The postmortem spinal cord dataset has been updated to include the most recent releases
from NYGC and Target ALS. This brings the total number of postmortem spinal cord samples
to 271 (ALS n = 214, CTRL n = 57), up from 203 previously (ALS 153, CTRL 50). This
additional data has boosted p53 activation, notably in sporadic ALS, and the postmortem results
are now included in a new main figure. We have also added a new somatic mutation and gene
fusion analysis in postmortem spinal cord, demonstrating that ALS samples show greater
numbers of insertion and deletion mutation and gene fusions.



Fig. 4: Postmortem spinal cord shows p53 activation

a, Volcano plot of differential gene expression in ALS versus control postmortem spinal cord. b,
Functionally enriched terms in up-regulated (red) and down-regulated (blue) differentially
expressed genes. ¢, GSEA for signal transduction by p53 in ALS versus control postmortem
spinal cord. NES, normalized enrichment score. d, PROGENYy signalling pathway activities in
ALS versus control postmortem tissue. Pathways increased in ALS are red and pathways
decreased are blue. *** represents P < 0.0001 and * P < 0.05. e, Expression changes of p53
signalling pathway genes in ALS versus control according to their PROGENYy weights. Genes in
ALS increasing p53 activity are red and genes decreasing p53 activity are blue. f, Activities of
429 transcription factors in DoRothEA inferred from their regulon expression changes in ALS
versus control postmortem tissue. g, Scatterplot of ALS vs control gene expression changes in
iPSMNs (x-axis) against postmortem tissue (y-axis). h, PROGENy p53 signalling pathway (left)
and DoRothEA TP53 transcription factor regulon activity (right) amongst each of the genetic
backgrounds in postmortem tissue. i, Heatmap of Pearson correlation coefficients for
transcriptome-wide changes between iPSMNSs (columns) and postmortem (rows) for each genetic
background.



e To validate the existence of genomic instability in ALS CNS tissue, we have now examined
somatic mutations and gene fusions in postmortem samples - please see our response to
Reviewer 1, Comment 10.

e We have now added a proteome-wide analysis using the mass spectrometry of AnswerALS
iPSMNSs to the results:

Results:

To identify how gene expression changes relate to protein expression changes in
ALS iPSMNs we interrogated mass spectrometry data in AnswerALS, which
includes 204 iPSMNs (ALS n = 171, Controls n = 33). Across the whole proteome,
no proteins were significant at FDR < 0.05 in ALS compared to control, however,
276 were significantly different at unadjusted P < 0.05 (Extended Data Fig. 11a;
Table S5). Amongst these were 46 RBPs (e.g. RRBP1, RPS29, EIF1, UBA),
amyloid precursor protein (APP) as well as the p53 pathway components RBBP7,
CSNK2B, PRMT1, CNOT?9 - the latter of which were all increased in ALS iPSMN:S.
Functional over-representation analysis revealed that proteins increased in ALS
were enriched in protein metabolism (e.g. PSDMD9, NAE1l, PSMB5), RNA
metabolism (e.g. APP, CSTF1, CIRBP, SNRPD2), protein binding (e.g. RRBP1,
RPS29, EIF1) as well as other processes established in ALS pathophysiology (stress
response, cholesterol synthesis, nucleocytoplasmic transport) whilst proteins
decreased in ALS were enriched in golgi transport (Extended Data Fig. 11b).
Enrichment analysis of the p53 pathway protein set revealed this to be increased in
ALS iPSMNs, albeit nonsignificantly (NES +0.98, p = 0.5; Extended Data Fig. 11c).
Comparing changes in mRNA with protein expression revealed overlapping
differentially expressed genes and a weak inverse correlation (R = -0.13; Extended
Data Fig. 11d), consistent with previous reports that mRNA and protein correlations
are poor 5859,



Extended Data Figure 11 Mass spectrometry of iPSMNSs in AnswerALS

a: Volcano plot showing differential protein expression changes in ALS versus control iPSMNs
from Answer ALS mass spectrometry data. There were no significant proteins at FDR < 0.05
and a more lenient threshold of P value < 0.05 is used to colour significantly changed genes.
b: Gene Ontology terms enriched in up-regulated (red) and down-regulated (blue) differentially

expressed proteins in ALS Versus control iPSMNs.
c: Protein set enrichment analysis of signal transduction by p53 (G0O:0072331, n = 103) in ALS
Versus control. NES, normalized enrichment score.

d: Scatterplot of gene expression changes (test statistic; x-axis) against protein expression
changes (y-axis) in ALS versus control iPSMNs. Overlapping differentially genes/proteins are
coloured red. The solid blue line represents the linear correlation and Pearson correlation R =
-0.07.



Methods text:

For analysis of protein changes in iPSMNSs, processed proteomic data (.csv matrix
of peptide intensities) was downloaded from the AnswerALS data portal. Mass
spectrometry was performed and processed as reported in AnswerALS 8. Peptide
intensities were processed following the LIMMA Peptide tutorial instructions using
log2 transformation and specifying a contrast of ALS versus healthy control iPSMNs
61 Quality control of peptide intensities across samples before and after log2
transformation was performed. Outlier samples were identified using sample-sample
distances with the MDS plot and outlier peptides were detected using the mean-
variance relationship. As no differentially expressed proteins were identified using
FDR < 0.05, to identify more subtle changes in ALS versus control a more lenient
threshold of p-value < 0.05 was utilised.

As we do not validate that R loop formation causes DNA damage in ALS, we have now
removed the suggestion that intron retention may cause DNA damage.

Comment 4

There is an overall lack of mechanism discussed in the paper in that p53 is more of a
consequence versus mechanism. Should discuss how p53 activation and DDR would impact
the neurons or disease.

Author Changes

We thank the reviewer for this suggestion. To examine for a functional link between TDP-
43 nuclear depletion and p53 activation, we have now examined RNA-seq from neuronal
nuclei depleted of TDP-43 from patients’ brains ® as well as integrating 7 RNA-seq datasets
from human cultured cells that have undergone TDP-43 knockdown with sShRNA, siRNA, or
CRISPR inhibition ™2, Both neuronal nuclei depleted of TDP-43 and cells undergoing TDP-
43 knockdown show significant upregulation of p53 signaling, indicating that TDP-43
nuclear loss contributes to p53 activation. Please see our response to Reviewer 1, Comment
2.

We have added a discussion of how somatic mutations and gene fusions may contribute to
p53 activation as well as p53 activation could play a role in ALS and in motor neuron death:

Although we found p53 activation in non-TDP-43 ALS (FUS and SOD1 mutants),
the magnitude of activation was substantially weaker than in TDP-43 ALS cases,
raising the possibility that TDP-43 contributes to the DNA damage response. In
support of this, we found significant p53 upregulation in neuronal nuclei depleted of
TDP-43, as well as TDP-43 knockdown models. TDP-43 has an established role in



DNA repair and TDP-43 depletion results in the accumulation of DNA damage 2325,
Conversely, TDP-43 overexpression in iPSC-derived neurons led to a pro-apoptotic
phenotype, which was partially rescued by p53 inhibition 2728, Other studies of p53
inhibition in TDP-43315T iPSC-derived neurons have also demonstrated a partial
phenotypic rescue 2"?°. Together, this suggests that TDP-43 pathology contributes
to heightened DNA damage, and the subsequent p53 activation may promote motor
neuron death in ALS.

The observed relative hypermutation rate in ALS iPSMNs and post-mortem tissue
supports the possibility that p53 activation is a reactive change to genomic
instability. This begs the question of what drives genomic damage in ALS. Although
many of the genetic causes of ALS are linked to defective DNA repair (FUS,
TARDBP, SOD1, C9orf72, NEK1, SETX, VCP), the mechanism of genome
instability in sporadic patients remains enigmatic *°. In sporadic cases, DNA damage
is possibly a consequence of other ALS pathogenic mechanisms such as
mitochondrial dysfunction, autophagy, accelerated aging, and TDP-43
mislocalisation 3L,

Comment 5

The authors cite that OCT4 was significantly downregulated. Could this be an artifact of the
iPSC modeling? Undifferentiated iPSCs? Or persistent OCT4 expression. Would need to
discuss. Upregulation/activation of MAPK and p53, along with OCT4 expression may
indicate a proliferating progenitor population. OCT4 also comes up quite significantly in the
SALS vs control comparison. Could this set of samples be confounding? The authors should
consider accounting for co-variates or filtering out specific markers.

We thank the reviewer for raising this and for noting that the OCT4 (POU5F1) decrease in
ALS iPSMNs is also observed independently in the sporadic ALS subgroup comparison.
Examining OCT4 normalised gene expression (transcripts per million, TPM) in each sample
shows that, whilst the majority of samples have no detectable OCT4 expression, there are a
handful of control samples lowly expressing OCT4. Rather than a differentiation issue with
the sporadic ALS samples, there are ~20 CTRL samples with weak OCT4 expression driving
the differential gene expression. Using the NeuroLINCS undifferentiated iPSCs for
comparison, we can see that OCT4 expression in undifferentiated iPSCs is ~50x higher with
TPM values 1500 - 2000:



e Reassuringly, all the 28 iPSMNs with > 5 TPM OCT4 expression showed minimal
expression of other undifferentiated pluripotency markers (NANOG, ZFP42, ESRG, CNMD,
SFRP2). There was mild SOX2 expression, however this is also a neural marker and so its
expression in iPSMNSs is expected 2. Conversely, NeuroLINCS undifferentiated iPSCs
showed strong expression of all undifferentiated pluripotency markers:

e OCT4 (POUS5F1) is a transcription factor and the level of the mRNA encoding a transcription
factor (TF) is a relatively crude indicator of its overall activity. To more accurately infer the
TF activity we examined the expression of the TFs entire regulon using DoRothEA. OCT4
and NANOG TF regulons exhibited consistently low activity across all iPSMNs (including
those with OCT4 mRNA levels >5 TPM). SOX2 was active across iPSMN samples, but as
already noted, this is expected as it is also a recognized neural marker. Additionally, the
transcription factor FOXP1, which promotes lateral motor column motor neuron identity, was



active in all iPSMNs. Thus, despite the weak OCT4 mRNA expression in a small number of
iIPSMNS, it is highly unlikely that these represent undifferentiated iPSCs.

e To further confirm that the small number of lowly expressing OCT4 iPSMNSs did not have a
substantial effect on the results, we performed a sensitivity analysis, removing the 28

iIPSMNs with OCT4 expression > 5 TPM. This confirmed that the overall results were largely
unaffected:



Author Changes

e To more thoroughly display the differentiation state we have added to Extended Data
Fig 5 Heatmap markers of undifferentiated pluripotent stem cells (including NANOG,
POUS5F1 [OCT4], SOX2, ALPL, ESRG, CNMD, SFRP2), neural precursors, neural
progenitors, floor plate, roof plate, neural crest and dorsal progenitors. For
comparison, we also add the undifferentiated iPSCs from NeuroLINCS. Reassuringly,
this confirms that throughout all iPSMNs, OCT4 (POUF51) as well as the other
pluripotent undifferentiated markers are lowly expressed.



Extended Data Figure 5 Motor neuron differentiation state

Heatmap depicting normalised gene counts of undifferentiated stem cells, neural precursors,
neural progenitors, floor plate, roof plate, neural crest and dorsal progenitors, and neuronal
markers (columns) across the iPSC-derived spinal motor neuron datasets (rows). Blue
represents low gene expression and red represents high expression. To improve the
visualisation of all datasets, for AnswerALS only 100 samples are plotted. Lee dataset is
removed from the integrated analysis because of inadequate neuronal marker expression. The



NeuroLINCS iPSC batch (bottom block) are not included in the integrated analysis and are
only included in this heatmap to enable comparison of iIPSMNs with undifferentiated
pluripotent iPSCs.

Comment 6

Correlation values are very low and it is not clear if these are significant. Perhaps this is
indicated in the extended data but should show p-value in text.

We thank the reviewer for this point and agree that many of the correlations between genetic
backgrounds reported are weak (R ranges from 0.01 to 0.39). We believe this is an important
finding since it confirms the suspected heterogeneity between genetic subgroups. We should
note that when correlating 40,000+ genes correlation p-values are usually tiny and do not
reflect the correlation strength, which is depicted in the R value. Indeed, despite weak
correlations, many of our transcriptome-wide correlations have P < 2x107%°.

Author Changes

We have now added the p-value to all scatterplots and text throughout the manuscript
and extended data, e.g.:

Correlating transcriptome-wide gene expression changes between ALS genetic
backgrounds revealed weak associations, with the strongest correlation between
SOD1 and sALS lines (Pearson R = +0.38, p < 2.2x107%%) and the weakest between
SOD1 and TARDBP (R =-0.14, p < 2.2x10°%5; Fig. 3f, Extended Data Fig. 10a).



Comment 7

The base sub data is confusing. The authors indicate an increase number of C>T in ALS then
repeats this info with a lower pvalue. And then suggest C>T is lower in ALS relative to
control. Potentially typos?

We thank the reviewer for raising this potentially confusing point. Although this is not a typo,
we can see what this reviewer means. In Fig 5¢ we showed the number of each type of base
substitution in ALS and CTRLs. Whereas in Ext Data Fig 13a we reported the relative
proportion of each type of base substitution.

Author Changes

Since the relative proportions of variants add little compared to the total number of variants,
and at the cost of confusing the reader by showing both, we have now removed the old Ext
Data Fig 13a showing the relative proportions.



Comment 8

Was the analysis for gene fusions events somehow normalized by sample size, considering
there were many more ALS samples then control?

We thank the reviewer for raising this point, which applies to all analyses throughout the
study and not just gene fusions. Comparing two groups of unequal sample sizes are
accounted for within the statistical test, which incorporates both groups equitably and the
estimate of standard errors of the effect size is calculated using all samples irrespective of the
condition. Thus, unequal sample sizes between the two groups does not require any further
normalisation. For further statistical explanation, please see the nice explanation by Jan
VVanHove https://janhove.github.io/design/2015/11/02/unequal-sample-sized

Comment 9

There is not discussion of sex as a variable

Thank you. To remove unwanted variation due to sex, we included gender as a covariate in
the statistical design, which helps ensure that variation in gene expression due to gender is
adjusted for.

Methods text:

Gender was confirmed by examining the expression of the X chromosome gene XIST
(female) and Y chromosome genes KDM5D, DDX37, RP54Y1 and EIFAY (male).

The integrated analysis results of ALS iPSMNs were generated by comparing the
ALS versus control groups using the Wald test, controlling for sex differences and
dataset variation with the design formula ~gender + dataset + condition.

Author Changes
e \We have now added to the results text that we adjust for gender.

To identify pan-ALS transcriptomic changes we performed an integrated analysis
comparing all 323 ALS versus 106 control iPSMNSs, accounting for batch effects
between datasets and gender (see Methods).



Reviewer 3

Comment 1

Ziff et al. combined the huge datasets of ALS, unifying them to investigate the pathological
mechanisms of ALS. The research direction of integrating patient samples and data sets to
explore the ALS pathology is an interesting approach that should coincide with current
trends. The problem with such an approach is the difficulty in integrating various data-sets,
obtained by various methods, and with appropriate correction for bias. In addition, this
reviewer is also concerned that there is no axis to evaluate the appropriateness for correcting
bias, and there are limited clues to justify the results of integrated analysis. In this study, the
authors pointed out the activation of p53 in ALS samples from different datasets, and
confirmed a similar trend of p53 activation by using autopsy specimens of spinal cords.
However, the reviewers and the readership will face a considerable difficulty in judging the
scientific validity of results from the integrated data-sets of this paper.

e We thank the reviewer for these comments and for acknowledging the challenges of dataset
integration. The decision to combine datasets needs careful assessment of the benefits and
risks. Whilst the key risks have been outlined by the reviewer the benefits are twofold:

1. Increase the power to detect true positive changes and avoid false negative changes
(i.e. increased sensitivity).

2. Increase the variety of cases (and controls) to avoid false positive changes (and detect
true negative changes; i.e. increased specificity).

e Because of the cost of generating iPSMN lines, iPSMN studies have been greatly
underpowered with many limited to only 2-3 patients, meaning that the sensitivity and
specificity of their findings are limited. This is a major problem in ALS research because of
the substantial genetic, pathological, and clinical heterogeneity. Combining RNAseq from
300+ ALS and 100+ control iPSMNs addresses this. Hence, the benefits of integrating the
datasets largely outweigh the risks, many of which can be minimised with detailed QC and
appropriately designed statistical tests. Indeed, we have gone to great depths to attempt to
minimise these risks by:

1. Quality control checks: sequencing metrics (Table S2), unbiased transcriptome-wide
PCA clustering (Ext Data Fig 2-3), and cell type identity and differentiation markers
(Ext Dat Fig 4-7).

2. Using a statistical design in generalised linear models that includes covariates to
remove unwanted variation due to dataset batch effects, including variations in
differentiation protocols, library preparation, and sequencing instrument.

3. Sensitivity analyses examining potential sources of unwanted variation, including
RNA library preparations (total and polyA), datasets independently (see below), and
different ALS subgroups.

e There is precedence for integration of next-generation sequencing genome and transcriptome
datasets from cancer, where multiple distinct cancer type datasets have been successfully



integrated in pan-cancer analyses, for example, Drews et al Nature 20224 Liu et al Nature
2022'° Litchfield et al Cell 2021 PCAWG Group Nature 2020%. Furthermore, we have
previously published this approach of integrating RNA-seq datasets of iPSC-derived
astrocytes: Ziff et al. Genome Research 2021 8

Author Changes

To further address the concern of integrating datasets, we have now added an analysis of each
dataset independently.

We further investigated changes between ALS and control samples in each dataset
separately. This revealed substantial heterogeneity between datasets in ALS versus
control gene expression changes (Extended Data Fig. 10a-b). Despite this, both TP53
transcription factor and p53 signalling were independently upregulated in ALS
iIPSMNs in 11 of 17 datasets (Extended Data Fig. 10c-d). This indicates that neither
library preparation nor dataset batch effects were responsible for the DNA damage
response gene expression changes observed in ALS iPSMNSs.



Extended Data Figure 10 Analysis of each iPSMN dataset separately

a: Volcano plots showing log, fold change in differential gene expression in ALS compared to control
iPSMNs in each dataset. Red genes are significantly (FDR < 0.05) increased and blue is decreased in
ALS. b: Heatmap showing the Pearson’s correlation coefficient for transcriptome-wide changes
between each dataset. ¢ p53 signalling pathway activity showing ALS versus control iPSMNs
normalised enrichment scores (y-axis) in each dataset. Pathways that are increased in ALS are coloured
red whilst pathways decreased are coloured blue. * represents enrichment p-value < 0.05, ** p < 0.01,
*** n < 0.001, **** p <0.0001. d: TP3 transcription factor activity in ALS versus control iPSMNs in
each dataset. Normalised enrichment in ALS versus control (x-axis) is plotted for each dataset (y-axis).



Comment 2

In particular, the activation of p53, which the authors have pointed out, is a phenomenon
commonly observed in a wide variety of pathological conditions, and is unfortunately not
new. Although the meta-analysis with multiple data sets may be novel, the p53 pathway
found as a result of this study has already been reported in ALS and is not novel.

We thank the reviewer for these comments. Whilst we agree that p53 activation has been
previously described in ALS, these have been limited to mutant forms of ALS,
predominantly with C9orf72 mutations!=. Previous reports have also been underpowered,
for example, ALS iPSMN studies examining DNA damage have been restricted to very small
sample sizes and mutant forms of ALS, e.g. Lopez-Gonzalez et al 2016 studied only 3
C9orf72 mutant iPSMNs 3. Likewise, post-mortem studies reporting p53 upregulation have
been limited to only a handful of patients, e.g. Farg et al 2016 in 10 C9orf72 patients 2.
Conversely, this is the first study with sufficient power to demonstrate genome instability
across ALS subtypes in both iPSMNs and post-mortem. This is especially noteworthy in
sporadic ALS, which accounts for 90% of cases but has the least prior evidence for increased
p53 1920 The scale of this resource also enables us to compare the magnitude of p53
activation between ALS subgroups for the first time, exposing that TDP-43 pathology cases
show substantially greater p53 activation than non-TDP-43 ALS cases - see response to
Reviewer 3, Comment 6. Furthermore, this is the first study to show increased somatic
mutations and gene fusions in both ALS iPSMNs and post-mortem.

The novelty of this resource is that it provides the largest catalogue of human ALS associated
gene alterations to date, obtained by characterising 429 human ALS iPSMN and 271 post-
mortem transcriptomes. The unbiased genome-wide approach used reveals multiple novel
targets in ALS beyond p53 e.g. RNAse L expression, MAPK signalling, CNOT3 splicing. It
also provides the largest study of splicing changes in ALS iPSMNs, not only revealing TDP-
43 regulated events (e.g. POLDIP3,CAMK2B, CEP290) but also revealing new splicing
events shared between ALS subgroups (e.g. CNOT3, SRSF10, DNAJC17). Thus, this paper
offers substantial advances in the understanding of changes across ALS subtypes, which is
crucial for identifying therapeutic targets.

Author Changes

We discuss other ALS studies of DNA damage, and clarify the novelty regarding DNA
damage in this study:

Our findings support previous, smaller studies showing p53 activation in ALS,
particularly with C9orf72 repeat expansions 1->20-23, However, the novelty in this
study is the finding of p53 activation, together with increased somatic mutations and
gene fusions, across diverse ALS subgroups, not only in iPSMNs but also in post-
mortem spinal cord tissue. We identified the greatest increase in p53 activity in
C9o0rf72 mutants, consistent with reports that the C9orf72 repeat expansion induces



DNA damage, likely mediated by dipeptide repeat proteins and the formation of R
loops and G quadruplexes!=. However, we also found p53 to be strongly and
significantly activated in TARDBP and sporadic subgroups. This finding in sporadic
cases is particularly striking since they represent 90% of ALS but have the least prior
evidence for p53 activation.

Comment 3

This [p53] pathway also includes many genes that tend to be identified as a “statistically
significant” pathway. This reviewer believes that more specific gene sets and specific
signaling pathways may have hidden molecular clues that will lead to understanding of the
pathology and the development of therapeutic methods. Therefore, it would be more
important to use the presented methodology for finding a specific pathway such as a
screening step, and to verify the identified results by another modality. This reviewer thinks
that the presented methodology in the paper is extremely important for the scientific field,
and believes that the following points, as described below, need to be revised in order to
maximize the value of this paper and ensure that the method will be widely accepted in the
future.

We thank the reviewer for the positive comments and the suggestion to investigate more
specific gene sets and use orthogonal modalities.

We have addressed the point regarding the screening step followed by orthogonal validation.
The screening step is the over-representation analysis (ORA) of differentially expressed
genes (using gprofiler2 to screen Gene Ontology, KEGG, Reactome, and WikiPathways). We
then use Gene Set Enrichment Analysis (GSEA) for validation to identify changes across the
entire gene set. Combining ORA with GSEA of functionally enriched pathways is an
effective dual-pronged approach to expose individual genes changing where the difference is
large (ORA of differentially expressed genes) and sets of related genes that change in a
coordinated way but each gene changes by a small amount (GSEA of gene set) - explained in
more detail at https://yulab-smu.top/biomedical-knowledge-mining-book/enrichment-
overview.html#gsea-algorithm. \We also further investigate transcription factor and signalling
pathway activities using a distinct method with decoupleR (PROGENYy and DoRothEA),
which allows us to account for the sign and weight of each gene within the network. For
example with p53, we expose the individual genes with the greatest positive weighting,
driving the p53 term enrichment in ALS - CDKN1A, SESN1, RRM2B:




Author Changes

To assess more specific gene sets, we have performed a GSEA on the daughter terms of the
p53 signalling pathway and DNA damage response:

Since p53 signalling and DNA damage response are large pathways, we next
explored more specific gene sets by examining their daughter pathways. This
revealed strong upregulation of genes involved with the mitotic G1 DNA damage
checkpoint and intrinsic apoptosis signalling (Extended Data Fig. 8).



Extended Data Figure 8 Gene set enrichment analysis of DNA damage daughter terms

Daughter terms of DNA damage pathway upregulated in ALS are red (to the right) and those
decreased in ALS iPSMNs are blue (left). **** p < 0.0001, *** p < 0.001, ** p < 0.01, *
adjusted p < 0.05 from GSEA enrichment test.

As with iPSMNs, we have added PROGENy weights for each gene in the p53
pathway in ALS postmortem spinal cord (Fig. 4e):



Exploring individual genes in the p53 pathway according to their PROGENy
weights revealed that the top genes driving p53 activity in ALS post-mortem include
FAS, RRM2B, CSTA, ZMAT3, TP5313, and CDKN1A (Fig. 4e). CDKN1A is a cyclin-
dependent kinase inhibitor and its upregulation in both ALS iPSMNs and post-
mortem tissue may represent a possible cell cycle block through cyclin-dependent
kinase inhibition.

Fig. 4e: Expression changes of p53 signalling pathway genes in postmortem spinal cord ALS
versus control according to their PROGENYy weights. Genes increasing p53 activity in ALS
are red whilst genes decreasing p53 activity in ALS are blue.

Comment 4

The authors combined the deposited datasets from several studies for metanalysis. However,
the differentiation characteristics of iPSC-derived motor neurons, evaluated by the expression
of motor neuron markers like CHAT, MNX1, ISL1, FOXP1, etc., vary among different
studies in extended data figures 4 and 5. The homogeneity of the differentiation quality is the
most important factor in the discussion of disease phenotypes. Can the authors correct the
gene expression status, or set a stricter threshold for selecting the datasets? These steps might
help to identify a more specific pathway that is related to the motor neurons of ALS.
Variation in the proportion of astrocytes in the culture dish can also be expected to cause
noise in the analysis. The datasets used were iPSC-derived samples obtained from different
differentiation stages and different culture conditions, and were too crude to be analyzed on
the same platform. Correction with appropriate intrinsic controls is also challenging. A meta-
analysis of the results found in each dataset might be acceptable.

As commented as major points, the correction among different batches of RNAseq and/or
single-cell RNAseq analysis is important and must be quite challenging even in the unified



experimental method or condition. The authors should show how the authors corrected the
noise among different platforms and evaluated the corrected quality to justify the usage of
these datasets.

We thank the reviewer for these astute points regarding dataset integration. We agree that the
expression of motor neuron markers between iPSMN datasets is variable - this is a key aspect
of this study that is made possible by the systematic QC and comparison of iPSMN datasets.
We have corrected for the variation in gene expression between datasets by including dataset
as a covariate in the DESeq?2 differential expression design model: ~gender + dataset +
condition. When contrasting ALS versus control, gender and dataset are treated as
unwanted batch effects, which effectively ensures that variation in gene expression due to
gender or dataset differences is corrected for, increasing the specificity for finding differences
due to ALS. This model favours genes that have a homogeneous and consistent magnitude of
ALS vs. CTRL effect across the datasets, whilst allowing for differences in baseline
expression between datasets. This approach safeguards samples within datasets, helping to
ensure that controls and ALS are treated similarly. A detailed explanation of how this is
performed statistically is explained at
http://bioconductor.org/packages/devel/bioc/vignettes/DESeq2/inst/doc/DESeq2.html (search
for “batch” within this webpage).

To visualise the effect of removing dataset batch effects on motor neuron marker expression,
here we have replotted the Ext Dat Fig 4 heatmap after applying the removeBatchEffect
function from limma:




To clarify, single-cell RNAseq is not used in this study, which is based on bulk RNAseq.
This is an important distinction since the integration of single-cell RNAseq datasets is a
substantially more challenging problem than with bulk RNAseq - primarily due to the
shallow sequencing depth and large variance between individual cells in single-cell RNAseq.

Author Changes

Describing this study as a meta-analysis is a mistake on our part. Whilst a meta-analysis does
combine multiple studies, it is typically a synthesis of their pre-analysed results, for example,
combining each individual study p-values using the metaRNAseq package. However, the
approach we have taken of integrating the raw sequencing data from the component datasets,
and performing de-novo differential expression analysis, is substantially more robust at being
able to identify and remove batch effects between datasets. To make this clearer we replace
the use of “meta-analysis” with “integrative analysis”.

e \We have noted the variability in motor neuron marker expression in the discussion:



In our compendium of iPSMNs, we highlight how the expression of rostro-caudal
and dorso-ventral spinal cord markers vary between differentiation protocols (Table
S1, Extended Data Fig. 4-7). While there were no clear links between differentiation
protocols and the expression of MN domain markers, these findings should guide
the field in optimising in vitro culturing strategies to promote the maturation of
iPSMNs 3,

To ensure readers are aware that only bulk RNAseq datasets were included, and that single-
cell RNAseq and single-nuclear RNAseq were excluded, we have made this explicit in the
text:

Our search strategy of databases identified 16 ALS iPSMN datasets that had
undergone bulk RNA-sequencing (RNA-seq; Fig. 1, Extended Data Fig. 1).

Single-cell and single-nuclear RNA-seq datasets were excluded.

To address the point regarding thresholds for selection of datasets, we have made clearer the
inclusion and exclusion criteria - please see the response to Reviewer 3, Comment 10.

We have now added an analysis of each dataset independently as noted in the response to
Reviewer 3, Comment 1.

Comment 5

As mentioned in the above comments, this reviewer believes that the reproducibility of the
results of such meta-analyses, based on datasets collected from different platforms, should be
confirmed by other methods. Since the relationship between p53 and ALS is a known
phenomenon that has already been reported elsewhere, this reviewer believes that this point
has been clarified. On the flip side, the identified results can be considered as a result without
novelty. Can the authors direct more focus toward new pathways, identified only by the
present meta-analysis?

We thank the reviewer for these comments. We have highlighted the novelty of this study in
the response to Reviewer 3, Comment 2 (sample size, across ALS subtypes, iPSMN and post-
mortem, TDP-43 contribution, somatic mutations and gene fusions).

As the reviewer points out, the unbiased transcriptome-wide approach used reveals multiple
novel targets in ALS beyond p53. Among these are the RNAse L gene expression change,
MAPK signalling pathway, CNOT3 splicing event. It also provides the largest study of
splicing changes in ALS iPSMNs, not only revealing TDP-43 regulated events (e.g.
POLDIP3,CAMK2B, CEP290) but also revealing new splicing events shared between ALS
subgroups (e.g. CNOT3, SRSF10, DNAJC17).

Author Changes



We have now added an analysis of each dataset independently - please see the response to
Reviewer 3, Comment 1.

We have now added TDP-43 subgroup analyses and an integrative analysis of TDP-43
knockdown datasets - please see the response to Reviewer 3, Comment 6.

Comment 6

In figure 3, the authors point out that the p53 pathology is common in different ALS
subtypes. This reviewer believes that it is also important to take advantage of the different
ALS subtypes that are being addressed in this study. Can the authors classify the
characteristics of the pathology and the signaling pathways for each ALS subtype? For
example, searching for ALS with TDP43 pathology and others, and their characteristic
pathways, would be a new focus for this meta-analysis?

We greatly thank the reviewer for this suggestion to compare the different ALS subtypes,
particularly based on TDP-43 pathology.
Examining each ALS subtype for iPSMNs are shown in Extended Data Figures 12-13.

Author Changes

We have now added a more extensive comparison of each ALS subtype for postmortem
tissue:

In contrast to iIPSMNs, comparing genetic subgroups from post-mortem spinal cord
tissue revealed strongly correlated gene expression changes (R range +0.68 to +0.9)
with 1,750 overlapping differentially expressed genes between sporadic, C9orf72,
SOD1, and FUS subgroups (Fig. 4h, Extended Data Fig. 14a-j). In each subgroup,
upregulated differentially expressed genes were consistently over-represented by the
stress response, cell death, and protein metabolism, while downregulated genes were
enriched in protein binding and neuronal terms (Extended Data Fig. 14e-h).
Examining signalling pathways and transcription factors in each genetic subgroup
revealed that p53 signalling and TP53 TF activity were significantly increased in
both in sporadic (n = 161; p53: NES +5.0, p < 0.001; TP53 NES +2.9, p = 0.05) and
C9orf72 (n = 36; NES +5.3, p < 0.001; TP53 NES +4.7, p < 0.001) and non
significantly increased in SOD1 (n = 5; NES +3.3, p = 0.05; TP53 NES +1.2, p =
0.1)and FUS (n=2; NES +2.9, p =0.28; TP53 NES +2.9, p = 0.29; Fig. 4i, Extended
Data Fig. 14l,m).



Extended Data Figure 14 Postmortem spinal cord gene expression changes between
genetic backgrounds

a-d, Volcano plots comparing ALS to control post-mortem tissue in each ALS genetic
background. Genes coloured red are significantly increased in the ALS subgroup, and genes
coloured blue are decreased in the ALS subgroup. e-f, Upset plots showing overlapping (j)
upregulated and (k) downregulated differentially expressed genes (FDR < 0.05) between each
genetic subgroup. g-j, Functional enrichment terms enriched in (e) Sporadic, (f) C90rf72, (g)
SOD1, and (h) FUS. Upregulated terms are coloured red and downregulated are blue. k-1,
normalised enrichment scores in the distinct ALS genetic subgroups versus controls for (I)
PROGENYy signalling pathways and (m) DoRothEA transcription factor activities.



e We have added a new analysis comparing TDP-43 ALS to non-TDP-43 ALS cases,
revealing that TDP-43 ALS shows significantly greater p53 activation than non-TDP-43 ALS
in both iPSMNs and post-mortem.

e To examine for a functional link between TDP-43 nuclear depletion and p53 activation,
we have now examined RNA-seq from neuronal nuclei depleted of TDP-43 from patients’
brains © as well as integrating 7 RNA-seq datasets from human cultured cells that have
undergone TDP-43 knockdown with sShRNA, siRNA, or CRISPR/Cas9 mediated
inhibition "3, Both neuronal nuclei depleted of TDP-43 and cells undergoing TDP-43
knockdown show significant upregulation of p53 signaling, indicating that TDP-43 nuclear
loss contributes to p53 activation.

Results text:

TDP-43 pathology contributes to the DNA damage response

Although TDP-43 pathology (characterised by neuronal nuclear depletion and
cytoplasmic accumulation) is observed in 97% of ALS, it is absent in SOD1 and
FUS mutant cases (non-TDP-43 ALS) 242, Interestingly, SOD1 and FUS mutants
displayed the weakest p53 upregulation of the genetic subtypes in both iPSMNSs and
post-mortem. To identify the degree to which genotypes linked to TDP-43 pathology
contribute to p53 upregulation in the pan-ALS analyses, we classified ALS samples
based on whether their genetic background is associated with TDP-43 pathology. In
iIPSMNSs, whilst non-TDP-43 ALS (SOD1 and FUS mutant) iPSMNs showed only a
modest, non-significant increase in p53 (NES = +2.0, p = 0.25), TDP-43 ALS
iIPSMNs exhibited strong and significant p53 upregulation (p53 NES = +14.2, p <
0.001). Likewise, in non-TDP-43 ALS iPSMNSs the TP53 TF was mildly decreased
in activity (NES =-1.6, p = 0.12), whereas TDP-43 ALS iPSMNs showed TP53 was
the most strongly upregulated TF (NES + 7.4, p < 0.001; Extended Data Fig. 15a,b).
We found a similar pattern in post-mortem samples, with non-TDP-43 ALS showing
smaller increases in p53 signaling and TP53 TF activity (p53: NES +3.6, p = 0.03;
TP53: NES +3.3, p =0.01) as compared to TDP-43 ALS (p53: NES +5.2, p <0.001;
TP53: NES +2.0, p = 0.5; Extended Data Fig. 15¢,d). These findings suggest that the
p53 signature from the pan-ALS analysis is largely driven by genetic backgrounds
associated with TDP-43 proteinopathy.

To discover whether p53 signalling changes are regulated by TDP-43, we next
examined RNA-seq from FACS sorted neuronal nuclei into those with and without
TDP-43 pathology from FTD-ALS postmortem brain tissue 8. We found that
neuronal nuclei depleted of TDP-43 showed significant upregulation of p53
signalling (NES +0.4, p = 0.02) and non-signficant upregulation of TP53 TF as



compared to neuronal nuclei retaining TDP-43 (NES +0.7, p = 0.26; Extended Data
Fig. 15e,f).

To determine whether TDP-43 depletion directly promotes p53 activation, we
integrated seven RNA-seq datasets from human cells that have underwent TDP-43
knockdown with ShRNA, siRNA, or CRISPR inhibition (Table S8)"*2. In support
of a direct role for TDP-43 regulation of p53 signalling, we discovered significant
upregulation of both p53 signalling (NES +5.5, p =0.02) and TP53 TF activity (NES
+3.5, p = 0.02) upon TDP-43 knockdown (Extended Data Fig. 15e,f).

Extended Data Figure 15 TDP-43 loss of function contributes to p53 signaling activation

PROGENYy signalling pathway barcharts (left) and DoRothEA transcription factor activities
volcano plot (right) in (a-b) non-TDP-43 ALS (i.e. SOD1 and FUS mutant) and TDP-43 ALS
iPSMNSs; (c-d) non-TDP-43 ALS (i.e. SOD1 and FUS mutant) and TDP-43 ALS post-mortem;
(e-f) FACS sorted neuronal nuclei depleted of TDP-43 and TDP-43 knockdown cell models.



Discussion text:

Our findings support previous, smaller studies showing p53 activation in ALS,
particularly with C9orf72 repeat expansions 1->20-23, However, the novelty in this
study is the finding of p53 activation, together with increased somatic mutations and
gene fusions, across diverse ALS subgroups. This finding, not only in iPSMNSs but
also in post-mortem spinal cord tissue, indicates that the DNA damage response in
ALS begins early and persists into the later stages of the disease. We identified the
greatest increase in p53 activity in C9orf72 mutants, consistent with reports that the
C9orf72 repeat expansion induces DNA damage, likely mediated by dipeptide repeat
proteins and the formation of R loops and G quadruplexest>. However, we also
found p53 to be strongly and significantly activated in TARDBP and sporadic
subgroups. This finding in sporadic cases is particularly striking since they represent
90% of ALS but have the least prior evidence for p53 activation.

Although we found p53 activation in non-TDP-43 ALS (FUS and SOD1 mutants),
the magnitude of activation was substantially weaker than in TDP-43 ALS cases,
raising the possibility that TDP-43 contributes to the DNA damage response. In
support of this, we found significant p53 upregulation in neuronal nuclei depleted of
TDP-43, as well as TDP-43 knockdown models. TDP-43 has an established role in
DNA repair and TDP-43 depletion results in the accumulation of DNA damage 226,
Conversely, TDP-43 overexpression in iPSC-derived neurons led to a pro-apoptotic
phenotype, which was partially rescued by p53 inhibition 2728, Other studies of p53
inhibition in TDP-43A315T iPSC-derived neurons has also demonstrated a partial
phenotypic rescue 272°, Together, this suggests that TDP-43 pathology contributes
to heightened DNA damage, and the subsequent p53 activation may promote motor
neuron death in ALS.

Abstract text:

The strongest p53 activation was observed with C9orf72 repeat expansions but was
also found in sporadic ALS, which accounts for 90% of cases. Conversely, non-
TDP-43 ALS cases due to SOD1 and FUS mutations 242, showed weaker p53
activation than TDP-43 ALS. Loss of TDP-43 was found to potentiate p53
activation, both in neuronal nuclei of patients’ brains and in cultured cells, providing
a functional link between p53 activation and loss of TDP-43 function.

We now examine splicing in TDP-43 knockdown and TDP-43 FACS sorted
neuronal nuclei and compare these events to ALS iPSMNSs.



By examining splicing changes in neuronal nuclei depleted of TDP-438, we found
12 overlapping differentially spliced genes (encompassing 17 splicing events) with
ALS iPSMN (including POLDIP3, PPP6R3, CAMK2B, CEP290; Table S8)°.
Similarly, comparing splicing changes upon TDP-43 knockdown with ALS iPSMNs
revealed 4 overlapping genes containing 6 splicing events (POLDIP3, CAMK2B,
HERC2P3, CEP290; Table S8). Interestingly, the multi-exon skipping splicing event
in POLDIP3 was precisely the same event that occurs in both TDP-43 neuronal
nuclei depletion and TDP-43 knockdown (Extended Data Fig. 15a-c)®%. This
indicates that TDP-43 nuclear loss of function may contribute to splicing changes in
ALS iPSMNSs.

Methods text:

TDP-43 depletion

The post-mortem brain TDP-43 FACS sorted neuronal nuclei RNA-seq dataset was
acquired from accession GSE126543 and processed using the same pipeline
described above. Only NeuN positive samples were utilised. Differential expression
results were calculated by comparing TDP-43 negative versus TDP-43 positive
samples.

For analysis of artificially TDP-43 depleted human cells, we searched RNA-seq
databases for TDP-43 knockdown datasets. We found 8 datasets 134, of which one
had low TARDBP expression in controls and did not achieve >60% TARDBP
reduction with depletion and was excluded (Table S8) 4. Differential expression
results were calculated by comparing TDP-43 depleted versus control samples,
accounting for dataset batch effects in the design with the formula ~ dataset +
gender + condition.



Extended Data Figure 16 POLDIP3 splicing event in ALS iPSMNs, TDP-43 depleted
neuronal nuclei, and TDP43 knockdown iNeurons

MAJIQ voila view of POLDIP3 multi-exon skipping event (coordinates start 42,602,768 and
end 42,603,160) in (a) ALS versus control iPSMNs (using heterogen function), (b) TDP-43



positive versus TDP-43 negative FACS sorted neuronal nuclei from Liu et al 2019, and (c)
TDP-43 knockdown versus control iNeurons from Leigh-Brown et al 2022 (using deltaPSI
function). In the splice graphs, it is the green exon skipping event (coordinates 42,602,056-
42,602,770) that is increased in ALS iPSMN, TDP-43 neuronal nuclei depletion, and TDP-43
knockdown compared to their respective controls. Conversely, the blue exon skipping event
is decreased in ALS iPSMN, TDP-43 neuronal nuclei depletion, and TDP-43 knockdown
compared to their respective controls.

Comment 7

In figure 4, the authors showed the altered splicing or SNVs in ALS iPSNs. To confirm the
reproducibility of the findings, the authors should show the similar alteration in the other
cohort, independent of the presented meta-analysis.

We thank the reviewer for this suggestion. We are not clear what is meant by “the other cohort”
but we assume this refers to either genetic subgroups or postmortem tissue.

Author Changes
We have added splicing analyses on each genetic cohort independently:

We next investigated alternative splicing in each ALS genetic subgroup separately.
Whilst there were no sporadic ALS iPSMNSs that had undergone poly(A) selection,
there were 23 C9orf72, 9 FUS, 9 TARDBP and 4 SOD1 mutant poly(A) samples.
Compared to controls, TARDBP mutants showed the greatest number of differential
splicing events (1,435), followed by FUS (1,099), C9orf72 (429) and SOD1 (256;
Extended Data Fig. 17a-d). Functional over-representation analysis in each mutant
group revealed that genes exhibiting differential splicing were involved with protein
binding, neuronal structures, and RNA processing (Extended Data Fig. 17e-h). Exon
skipping was the most common splicing type in TARDBP, FUS and C9orf72
subgroups, however, in SOD1 mutants, intron retention was the most frequent
(Extended Data Fig. 17i). Correlation of alternative splicing changes between
genetic subgroups revealed weak associations with the strongest correlation between
FUS and C9orf72 mutations (R = +0.09) and the weakest correlation between SOD1
and TARDBP (R = -0.1; Extended Data Fig. 17j). Intersecting significant splicing
events between genetic backgrounds revealed that none were common to each
genetic group, but that 33 were shared amongst two mutant groups (Extended Data
Fig. 17k-I; Table S9). Amongst these were the p53 signalling and RBP gene CNOT3
as well as other RBPs including SRSF10, DNAJC17, SRRM1, SIDT2, SREKL.



Extended Data Figure 17 Splicing changes in distinct ALS genetic backgrounds

a-d: Volcano plots showing splicing changes in ALS versus control iPSMNs (delta PSI (x-axis)
against -logao test statistic for (a) TARDBP mutant, (b) FUS mutant, (c) SOD1 mutant, and (d)
C9orf72 mutant iPSMNSs. Splice events significantly increased in ALS are coloured red, and
those significantly decreased are coloured blue.
e-h: Functionally enriched terms amongst differential splice events in () TARDBP mutant, (f)
FUS mutant, (g) SOD1 mutant, and (h) C9orf72 mutant iIPSMNs.
i: Barchart showing proportions of each splicing type in significant splice events in SOD1,
TARDBP, FUS, and C9orf72 mutant iPSMNSs. Labels depict the numbers and percent of splice

events for the most common splicing types.
J: Heatmap showing the Pearson’s correlation coefficient for transcriptome-wide splicing
changes between each mutant group.

k-I: UpSet plots showing the numbers of overlapping splice events (k) increased and (I)
decreased between mutations.



Regarding splicing in postmortem tissue, NYGC uses total ribo-zero libraries (rather than
polyA) and so we are unable to examine and compare splicing like for like between iPSMNs
and postmortem.

We have now added analysis of somatic mutations and gene fusions in postmortem tissue -
please see our response to Reviewer 1, Comment 10.

Comment 8

In the extended data of figures 4 and 5, it is unclear what *“variance stabilized gene counts”
mean, and what the range of variance is as described by the blue/red color?

We thank the reviewer for raising this. Variance-stabilised gene counts are gene counts that
have been normalised using variance stabilizing transformation (VST), which is a log-like
transformation that helps to ensure that lowly and highly expressed genes have similar
expected variances. VST is the preferred choice of count data transformation as it avoids
dependence on the variance of the mean. VST normalises counts for library size and other
normalisation factors on a log. scale. Further details can be found at:
http://bioconductor.org/packages/devel/bioc/vignettes/DESeq2/inst/doc/DESeq?2.html#count-
data-transformations

In all the heatmaps blue represents low expression and red represents high expression, where
0 (dark blue) represents undetectable gene expression, and the maximum (dark red)
represents the greatest gene expression detected across all genes and samples plotted. The
actual numbers are somewhat irrelevant as these vary depending on the samples and genes
included - more important are the relative differences between genes and samples. There is
no centering or scaling used, so normalised gene expression can be directly compared both
between samples (rows) and genes (columns).

Author Changes

For simplicity and to avoid confusing readers not familiar with VST, in the heatmap legends
we refer to variance stabilised gene counts as normalised gene counts e.g.:

Heatmap of normalised gene counts for astrocytes, endothelial cells, ...
The methods section still explains that gene counts were normalised using VST:

Gene counts were normalised for library size and other normalisation factors and
transformed on a logz scale using the variance stabilizing transformation function in
DESeq2.

We have explained the heatmap range of colour in the figure legends:



Blue represents low gene expression and red represents high expression, where 0 (dark blue)
represents undetectable gene expression, and the maximum (dark red) represents the greatest
gene expression detected across all genes and samples plotted.

Comment 9

The authors used “iPSNs” as the abbreviation for induced pluripotent stem cell-derived motor
neurons. iPSC-derived motor neurons or iPSMNs etc. might be more appropriate and helpful
for the readership in order to understand that this study focuses on the pathology of motor
neurons with ALS.

Author Changes

Thank you. We have changed iPSN to iPSMN throughout the manuscript text and figures.

Comment 10

The authors excluded the samples and datasets of Lee et al. and NeuroLINCS. This reviewer
can intuitively understand that these samples are outliers when compared with other datasets,
but this reviewer believes that the authors should clarify the threshold criteria to maintain
reproducibility.

Author Changes

We thank the reviewer for raising this important point and acknowledge that the inclusion
and exclusion criteria could be clearer. To address this, we have now clarified these criteria in
a new dedicated methods section:

Eligibility criteria

We evaluated all human iPSMN datasets that had undergone short-read bulk RNA-
sequencing (RNA-seq) that examined iPSMNs from individuals with ALS and non-
ALS controls (healthy individuals or isogenic correction), regardless of the RNA
extraction kit (e.g. Qiagen RNeasy mini kit, Invitrogen TRIZol), library preparation
(polyA or ribo-zero), short-read lengths (range 50-150 base pairs), read sequencing
(single or paired-end), sequencing instrument (e.g. lllumina NovoSeq 6000, HiSeq
2500), or sequencing depth (Table S1). All ALS subtypes were included, and the
definition of ALS used by each dataset was accepted. In datasets with multiple time
points through motor neuron differentiation only the final most terminally
differentiated time point was utilised®.



We excluded datasets that (i) had not undergone an accepted spinal motor neuron
differentiation protocol using the steps detailed in Sances et al &, (ii) failed RNA-
seq quality control measures (Table S2), (iii) failed spinal motor neuron identity
based on the expression of established spinal cord dorso-ventral and rostro-caudal
markers (Extended Data Fig. 4-7), or (iv) exhibited unadjustable batch effects
between ALS and control samples (e.g. different RNA library strategies or
sequencing platforms). Long-read sequencing as well as single-cell and single-
nuclear RNA-seq datasets were excluded.

Comment 11

The title seems slightly exaggerated, and it should be revised by focusing on the
methodology.

Author Changes

We thank the reviewer for this suggestion and have changed the title to address the dataset
integration. We also remove iPSC-MN from the title as we have now shown genome
instability in ALS postmortem tissue. We now add TDP-43 pathology to the title, given the
new findings outlined in Reviewer 3, Comment 6.

Integrated analysis of ALS links genome instability to TDP-43 pathology

Reviewer 4

Comment 1

I have read with interest the work by Ziff et al., titled “Genome instability underlies an
augmented DNA damage response in familial and sporadic ALS human iPSC- derived motor
neurons”, dealing with the bioinformatics analysis of deep transcriptome data from ALS
human induced pluripotent stem cell-derived motor neurons (iPSNs). The authors collected
RNAseq data from 429 donors spanning 10 ALS mutations and sporadic ALS. They found an
increase in the DNA damage response, which is characterized by the activation of p53
signalling.

All data were initially checked and low-quality samples were filtered out, leaving 323 ALS
samples and 106 controls. Comparing these two groups revealed only 43 DE genes. In my
opinion, this specific comparison is biologically questionable. Indeed, it has been performed
by mixing heterogeneous RNAseq data from heterogeneous genetic backgrounds. Comparing
transcriptomes from different genetic backgrounds should provide misleading results.



e We thank the reviewer for these comments and for raising the important issues around dataset
integration. The decision to combine datasets needs careful assessment of the benefits and
risks. Whilst the key risks have been outlined by the reviewer the benefits are twofold:

a. Increase the power to detect true positive changes and avoid false negative changes (i.e.
increased sensitivity).

b. Increase the variety of cases (and controls) to avoid false positive changes (and detect
true negative changes; i.e. increased specificity).

e Because of the cost of generating iPSMN lines, iPSMN studies have been greatly
underpowered with many limited to only 2-3 patients, meaning that the sensitivity and
specificity of their findings are limited. This is a major problem in ALS research because of
the substantial genetic, pathological, and clinical heterogeneity. Combining RNAseq from
300+ ALS and 100+ control iPSMNSs addresses this. Hence, the benefits of integrating the
datasets largely outweigh the risks, many of which can be minimised with detailed QC and
appropriately designed statistical tests. Indeed, we have gone to great depths to attempt to
minimise these risks by:

a. Quality control checks: sequencing metrics (Table S2), unbiased transcriptome-wide
PCA clustering (Ext Data Fig 2-3), and cell type identity and differentiation markers (Ext
Dat Fig 4-7).

b. Using a statistical design in generalised linear models that includes covariates to remove
unwanted variation due to dataset batch effects, including variations in differentiation
protocols, library preparation, and sequencing instrument.

c. Sensitivity analyses examining potential sources of unwanted variation, including RNA
library preparations (total and polyA), datasets independently (see below), and different
ALS subgroups.

e There is precedence for integration of next-generation sequencing genome and transcriptome
datasets from cancer, where multiple distinct cancer type datasets have been successfully
integrated in pan-cancer analyses, for example, Drews et al Nature 20224 Liu et al Nature
2022% Litchfield et al Cell 2021 PCAWG Group Nature 20207, Furthermore, we have
previously published this approach of integrating RNA-seq datasets of iPSC-derived
astrocytes: Ziff et al. Genome Research 2021 8

Author Changes

e To further address the concern of integrating datasets, we have now added an analysis of each
dataset independently.

We further investigated changes between ALS and control samples in each dataset
separately. This revealed substantial heterogeneity between datasets in ALS versus
control gene expression changes (Extended Data Fig. 10a-b). Despite this, both TP53
transcription factor and p53 signalling were independently upregulated in ALS
iIPSMNs in 11 of 17 datasets (Extended Data Fig. 10c-d). This indicates that neither
library preparation nor dataset batch effects were responsible for the DNA damage
response gene expression changes observed in ALS iPSMNSs.



Extended Data Figure 10 Analysis of each iPSMN dataset separately

a: Volcano plots showing log, fold change in differential gene expression in ALS compared to
control iPSMNSs in each dataset. Red genes are significantly (FDR < 0.05) increased and blue

is decreased in ALS.
b: Heatmap showing the Pearson’s correlation coefficient for transcriptome-wide changes
between each dataset.

¢ p53 signalling pathway activity showing ALS versus control iPSMNs normalised enrichment



scores (y-axis) in each dataset. Pathways that are increased in ALS are coloured red whilst
pathways decreased are coloured blue. * represents enrichment p-value < 0.05, ** p < 0.01,
il p < 0.001, Fkx p < 0.0001.
d: TP3 transcription factor activity in ALS versus control iPSMNSs in each dataset. Normalised
enrichment in ALS versus control (x-axis) is plotted for each dataset (y-axis).

Comment 2

Additionally, the effect of the differentiation protocol has not been taken into account. It
could really impact the detection of DE genes.

We thank the reviewer for raising this point. We have corrected for the variation in gene
expression between differentiation protocols by including dataset as a covariate in the
DESeq?2 differential expression design model: ~gender + dataset + condition. The
differentiation protocol is nested within the dataset covariate, and so the differentiation
protocol has been taken into account in the differential expression analyses. Also nested
within dataset, are other covariates e.g. RNA library and sequencing technology, that are also
taken into account.

When contrasting ALS versus control, gender and dataset are treated as unwanted batch
effects, which effectively ensures that variation in gene expression due to gender or
differentiation protocol differences is corrected for, increasing the specificity for finding
differences due to ALS. This model favours genes that have a homogeneous and consistent
magnitude of ALS vs. CTRL effect across the datasets, whilst allowing for differences in
baseline expression between datasets. This approach safeguards samples within datasets,
helping to ensure that controls and ALS are treated similarly. A detailed explanation of how
this is performed statistically is explained at
http://bioconductor.org/packages/devel/bioc/vignettes/DESeq2/inst/doc/DESeg2.html (search
for “batch” within this webpage).

To visualise the effect of removing dataset batch effects on motor neuron marker expression,
here we have replotted the Ext Dat Fig 4 heatmap after applying the removeBatchEffect
function from limma:




Author Changes

We have now added an analysis of each dataset independently as noted in the response to
Reviewer 4, Comment 1.

Comment 3

Regarding the identification of aberrant splicing, the authors compared again all ALS
samples versus control iPSNs. | don’t think different genetic backgrounds should be mixed.

We thank the reviewer for raising this suggestion to evaluate splicing in each genetic
background separately. We agree that, as for gene expression, a subgroup analysis of each ALS
genetic subgroup for alternative splicing may expose therapeutically relevant heterogeneity.
Nonetheless, because of the possibility of identifying common signatures across ALS genetic



backgrounds combined with greater statistical power, we feel the benefits outweigh the
potential risks of integrating genetic backgrounds.

Author Changes

We have added splicing analyses on each genetic cohort independently:

We next investigated alternative splicing in each ALS genetic subgroup separately.
Whilst there were no sporadic ALS iPSMNSs that had undergone poly(A) selection,
there were 23 C9orf72, 9 FUS, 9 TARDBP and 4 SOD1 mutant poly(A) samples.
Compared to controls, TARDBP mutants showed the greatest number of differential
splicing events (1,435), followed by FUS (1,099), C9orf72 (429) and SOD1 (256;
Extended Data Fig. 17a-d). Functional over-representation analysis in each mutant
group revealed that genes exhibiting differential splicing were involved with protein
binding, neuronal structures, and RNA processing (Extended Data Fig. 17e-h). Exon
skipping was the most common splicing type in TARDBP, FUS and C9orf72
subgroups, however, in SOD1 mutants, intron retention was the most frequent
(Extended Data Fig. 17i). Correlation of alternative splicing changes between
genetic subgroups revealed weak associations with the strongest correlation between
FUS and C9orf72 mutations (R = +0.09) and the weakest correlation between SOD1
and TARDBP (R = -0.1; Extended Data Fig. 17j). Intersecting significant splicing
events between genetic backgrounds revealed that none were common to each
genetic group, but that 33 were shared amongst two mutant groups (Extended Data
Fig. 17k-I; Table S9). Amongst these were the p53 signalling and RBP gene CNOT3
as well as other RBPs including SRSF10, DNAJC17, SRRM1, SIDT2, SREKL.



Extended Data Figure 17 Splicing changes in distinct ALS genetic backgrounds

a-d: Volcano plots showing splicing changes in ALS versus control iPSMNs (delta PSI (x-axis)
against -logao test statistic for (a) TARDBP mutant, (b) FUS mutant, (c) SOD1 mutant, and (d)
C9orf72 mutant iPSMNSs. Splice events significantly increased in ALS are coloured red, and
those significantly decreased are coloured blue.
e-h: Functionally enriched terms amongst differential splice events in (€) TARDBP mutant, (f)
FUS mutant, (g) SOD1 mutant, and (h) C9orf72 mutant iIPSMNs.
i: Barchart showing proportions of each splicing type in significant splice events in SOD1,
TARDBP, FUS, and C9orf72 mutant iPSMNSs. Labels depict the numbers and percent of splice

events for the most common splicing types.
J: Heatmap showing the Pearson’s correlation coefficient for transcriptome-wide splicing
changes between each mutant group.

k-I: UpSet plots showing the numbers of overlapping splice events (k) increased and (I)
decreased between mutations.



Regarding splicing in postmortem tissue, NYGC uses total ribo-zero libraries (rather than
polyA) and so we are unable to examine and compare splicing like for like between iPSMNs
and postmortem.

Comment 4

About SNVs, statistics are based on the number of variants. It is not correct because the
number of variants per sample is strongly connected with the coverage depth.

We thank the reviewer for this point and agree that there is a correlation between the number
of variants detected and read depth. However, we have already addressed this issue by (i)
restricting the variant analysis to only the AnswerALS dataset (the largest iPSMN dataset,
representing over half of all samples) and (ii) adjusting for the read coverage in the
generalised linear model statistical design. Thus, we are confident that the variant results are
not confounded by read depth.

Author Changes

We have now examined somatic mutations and gene fusions in ALS postmortem spinal cord -
please see our response to Reviewer 1, Comment 10.

For the violin plots in Fig 6, instead of displaying the raw observed number of somatic
mutations and fusion (which can be misleading), we have now plotted the normalised counts
for read depth and age using partial residuals as per the_jtools vignette. The partial residuals
allow us to remove the variation due to read depth and age, but leave in the residual variation
due to ALS vs control, thus offering the best visual representation of the modelled data.

Methods text:

In the violin plots, the observed number of variants and fusions were adjusted for
read depth and donor age by using the partial residuals from the generalised linear
model, which was performed using the partialize function from the jtools package.

For genetic subgroups, forest plots were generated, which depict the regression coefficient
results from the generalised linear model showing the point estimate and 95% confidence
interval.



Fig. 6: ALS iPSMNs and post-mortem tissue accumulate somatic mutations
and gene fusions.

a, Violin plots showing the numbers of somatic mutations, adjusted for age and read depth,
identified in Answer ALS iPSMNs in ALS (red) and CTRL (blue) samples for all variant types,
single-nucleotide Variant (SNV), Insertions, and Deletions. b, Forest plot showing the point
estimate and 95% confidence interval of changes in variant types (SNV, blue; Insertion, red;
Deletion, green) in ALS genetic subgroups versus controls. Vertical dashed line indicates no
difference, to the right of the dashed line indicates increase in ALS. c-d, As for a-b except in post-
mortem spinal cord. e, Violin plots showing the adjusted number of gene fusions in CTRL (blue)
and ALS (red) in iPSMNs. f, Forest plot showing the point estimate and 95% confidence interval
changes in each genetic subtype versus controls. To the right of the dashed line indicates an increase
in ALS subtypes. g-h, As for e-f except in post-mortem. **** represents Wald test P < 0.0001, ***
P <0.001, ** P <0.01, * P <0.05, after adjusting for read coverage, age, and dataset covariates.

The numbers of SNVs was recently reported in Nature in neurons from individuals with
Alzheimer's Disease *®. In their Fig 1d-h, age was shown to influence the number of variants
and so we have now adjusted for age in both the variant and fusion generalised linear models
and for both iPSMNs and postmortem:



After adjusting for sequencing depth and donor age, across all filtered variant types,
we found significantly greater numbers of somatic mutations per iPSMN in ALS
compared to control (Wald test p < 2x10°%6; Fig. 6a).

Since gene fusion discovery is also sensitive to differences in read coverage and age,
we adjusted for the read coverage, the donor age, and dataset batch effects in a
generalised linear model.

To compare the number of somatic mutations per sample in ALS versus CTRL
groups, a generalised linear model was fit specifying a Poisson distribution adjusting
for differences in read coverage per sample and donor age using a spline:
variant count ~ condition + rcs(read depth,3) + rcs(age,3). For post-
mortem tissue we included an additional term to adjust for the sequencing batch:
variant count ~ condition + batch + rcs(read depth,3) + rcs(age, 3).

To compare the number of fusions per sample in ALS versus CTRL groups, a
generalised linear model was fit specifying a Poisson distribution adjusting for
differences in read coverage per sample and donor age and batch effects between
datasets: fusion count ~ condition + dataset + rcs(read depth, 3) +
rcs(age, 3). For post-mortem tissue we included an additional term to adjust for
the sequencing batch: fusion count ~ condition + batch +
rcs(read depth, 3) + res(age, 3).

Comment 5

Although the idea is quite interesting and the results are promising, | see methodological
issues that need to be addressed. Additionally, the p53 signalling pathway includes many
genes. A punctual study of this pathway has to be performed and validated in independent
cohorts.

We thank the reviewer for the positive comments and the suggestion to investigate the p53
pathway in independent cohorts. We have investigated the individual genes within the p53
signalling pathway using decoupleR (PROGENYy), which allows us to account for the sign
and weight of each gene within the network. We expose the individual genes with the greatest
positive weighting, driving the p53 term enrichment in ALS - CDKN1A, SESN1, RRM2B:



We have examined p53 signalling in independent cohorts:

a. poly(A) & total RNA samples separately

b. Genetic backgrounds separately: C9orf72, TARDBP, Sporadic ALS, and FUS separately
c. IPSMN & postmortem spinal cord separately

d. TDP-43 ALS and non-TDP-43 ALS pathology subgroups separately

Author Changes

To assess more specific gene sets, we have performed a GSEA on the daughter terms
of the p53 signalling pathway and DNA damage response:

Since p53 signalling and DNA damage response are large pathways, we next
explored more specific gene sets by examining their daughter pathways. This
revealed strong upregulation of genes involved with the mitotic G1 DNA damage
checkpoint and intrinsic apoptosis signalling (Extended Data Fig. 8).



Extended Data Figure 8 Gene set enrichment analysis of DNA damage daughter terms

Daughter terms of DNA damage pathway upregulated in ALS are red (to the right) and those
decreased in ALS iPSMNs are blue (left). **** p < 0.0001, *** p < 0.001, ** p < 0.01, *
adjusted p < 0.05 from GSEA enrichment test.

As with iPSMNs, we have added PROGENy weights for each gene in the p53
pathway in ALS postmortem spinal cord (Fig. 4e):



Exploring individual genes in the p53 pathway according to their PROGENy
weights revealed that the top genes driving p53 activity in ALS post-mortem include
FAS, RRM2B, CSTA, ZMAT3, TP5313, and CDKN1A (Fig. 4e). CDKN1A is a cyclin-
dependent kinase inhibitor and its upregulation in both ALS iPSMNs and post-
mortem tissue may represent a possible cell cycle block through cyclin-dependent
kinase inhibition.

Fig. 4e: Expression changes of p53 signalling pathway genes in postmortem spinal cord ALS
versus control according to their PROGENYy weights. Genes increasing p53 activity in ALS
are red whilst genes decreasing p53 activity in ALS are blue.

We have now added an analysis of p53 signalling each dataset independently - please see the
response to Reviewer 4 Comment 1.
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Reviewers' comments:
Reviewer #1 (Remarks to the Author):

In response to Reviewer comments the authors have added significant new analyses however the
work is still largely descriptive which (in my opinion) makes the impact below Nature Communications.

The major issue is whether or not the expression, splicing and somatic mutations identified by the
authors are causal in the pathogenesis of ALS or whether they represent downstream consequences of
disease. The authors attempt to address this in 2 ways in the revised manuscript:

1. The authors claim that somatic mutations present within RNA derived from iPSN and post mortem
tissue (proposed as a consequence of DNA damage) must be upstream of the transcriptome changes
linked to the DNA damage response.

The issues with this are (i) that this does not address causality with respect to the pathogenesis of
ALS, only with respect to the DNA damage response itself. And (ii) the new data still do not
conclusively demonstrate somatic mutations linked to DNA damage: the addition of analysis of post
mortem tissue is a good step but measurements of somatic heterogeneity are not consistent between
iPSN and tissue, and actually SNPs reminiscent of failure to repair oxidative breaks (C>T and C>A) are
reduced in the ALS postmortem tissue compared to controls which is opposite to what would be
expected with excessive ALS-associated DNA damage.

2. The authors examine several TDP-43 models to try and associate changes in p53 signalling with
TDP-43 mislocalisation which is an upstream event in the development of neurotoxicity. However the
data does not convincingly demonstrate that the p53 signalling changes are a direct result of TDP-43
mislocalisation (versus a downstream marker of toxicity). In reality this would require a rescue
experiment; however, in the analysis of sorted nuclei with and without TDP-43, it would be useful to
know that p53 signalling was not perturbed in nuclei isolated from ALS patients but without TDP-43
mislocalisation.

Reviewer #2 (Remarks to the Author):

The authors have done a good job in their rebuttal in terms of the biological relevance and novelty of
the work. The additional analyses, including evaluating the individual data sets as well as having the
integration of data is strong. Particularly strengthening the manuscript is the inclusion of TDP43
depleted nuclei and inclusion of mass spec data. As a resource, this provides additional value to the
field.

Reviewer #3 (Remarks to the Author):

Ziff et al. revised their manuscript and provided a detailed description of their method for analysis.
Combining data of iPSMNs generated by different methods and at different differentiation stages using
in silico analysis is a major infeasibility in actual biology, and the results of the analysis need to be
validated on real samples. However, this issue has not been addressed in the revised manuscript.
Therefore, it should be described as a paper on methodology and its validation in silico. Furthermore,
the DNA instability of ALS claimed to be found in this study has already been reported and is not
novel.

Major points:

1. The authors changed the title of the revised manuscript. However, the title should be revised to
claim the analytical method as the focus of this manuscript, since it is not examined in a biological
manner, especially using TDP-43 pathology.



2. The limitations of combining and analyzing data from iPSMNs samples at different differentiation
stages should be described in detail.

Reviewer #4 (Remarks to the Author):

The manuscript has been dramatically improved and now the aims and results are pretty clear.

My only concern is about SNV statistics. No doubt about the generalized linear model but my question
is related to the relationship between the number of variants and the coverage depth that, in turn,
depends on the number of generated reads per experiment. Having 10 experiments, each one with a
different number of reads, I could experience a different number of variants. I expect that the number
of such variants increase with the increase of the number of reads per experiment. This is the reason
why I suggested revising this statistic.



Reviewer #1

Comment 1

In response to Reviewer comments the authors have added significant new analyses however the
work is still largely descriptive which (in my opinion) makes the impact below Nature
Communications. The major issue is whether or not the expression, splicing and somatic mutations
identified by the authors are causal in the pathogenesis of ALS or whether they represent
downstream consequences of disease.

e We greatly thank the reviewer for reviewing our updated manuscript and for this
comment. However, we respectfully disagree that our substantial findings are below
the impact of Nature Communications. The findings from TDP-43 sorted nuclei,
TDP-43 knockdown, and newly added TDP-43 overexpression data enable us to
establish a functional link between DNA damage and TDP-43 mislocalisation and are
thus not solely descriptive. Furthermore, expression and splicing events shown to be a
causal mechanism of ALS pathogenesis tend to be published in Nature, for example,
with UNC13A splicing >* and ATXN2 expression *. Conversely, Nature
Neuroscience and Nature Communications have indeed published large resource-
based findings, which may not fully establish causation, e.g.: Postmortem clusters and
prognosis in ALS; SODI1 variants and disease duration; AnswerALS resource; NYGC
ALS resource.

Author Changes

A key strength of this study is the orthogonal examination of ALS transcriptomic changes in
iPSMNs and post-mortem tissue. To further establish splicing changes in ALS, we have now
examined splicing in postmortem spinal cord tissue and compared these events with ALS
iPSMNs and the TDP-43 models:

We next sought to identify the splicing changes in the ALS postmortem spinal cord
from the NYGC cohort (214 ALS patients and 57 controls). Because of RNA
degradation in postmortem tissue, the NYGC samples were generated using
ribosomal depletion instead of poly(A) library selection 33. Comparing splicing in
post-mortem ALS versus control samples revealed 842 significant local splice events
in 445 unique genes (A PSI > 0.1, tnom p < 0.05; Fig. 5f; Table S11). Amongst the
differential splicing events in ALS post-mortem were 4 established ALS genes

(CAMTA1L, NEK1, ATXN1, and GRIN1), 19 genes with altered splicing in neuronal



nuclei depleted of TDP-43 (including KALRN, PRUNE2, DNM1) and 11 genes with
altered splicing in TDP-43 knockdown (e.g. KALRN, DNM1, NEK1; Fig. 51, Table
S11). We also found a significant number of genes that encode DNA damage repair
factors (e.g. APTX, CENPX, RIF1, CNOTS3; Fisher p = 6.7x107!%) and RBPs (e.g.
EIF4E3, HNRNPUL1, ATXN1, SRSF5; Fisher p = 1.3x107%6).

Functional enrichment analysis confirmed that the 445 genes with altered splicing
were involved with protein binding (FDR = 2.5x10°'%) and neuron compartments
(FDR = 1.6x10°°, Fig. 5g). Of the 842 differential splicing events, 178 (21.1%)
involved de novo splice junctions and of these, 21 were cryptic exons of which
EP400, PLEKHA1, BMP2K, and KMT2C overlapped with TDP-43 depletion +?
The majority of differential splice events harboured IR (462 / 842, 55%) and IR was
the second most common splicing type, accounting for 27.7% of all postmortem
splicing events, behind skipped exons (28.2%; Fig. 5Sh). Intersecting genes exhibiting
altered splicing in postmortem tissue with iPSMNs revealed 12 overlapping genes
including synaptojanin 1 (SYNJ1), kinesin 1B (KIF1B), dynamin 2 (DNM2), and
polyA ribonuclease 3 (PAN3) as well as others involved with cytoskeletal functions

(e.g. AGAPL, Cytohesin 1; Fisher exact test p = 3.3x107; Table S11).
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Fig 5f, Differential alternative splicing in poly(A) selected ALS versus control (b)
1IPSMNs and (f) post-mortem tissue. Y-axis is -logio of TNOM p-value with events < 0.05
coloured. X-axis is A PSI (ALS - CTRL) with events > 0.1 coloured red (increased) and <
-0.1 blue (decreased). ¢, g, Functionally enriched terms amongst genes with differential
alternative splicing in (¢) iPSMNs and (g) post-mortem. d, h, Pie chart showing the
categorisation of differential local splice variants into each of the basic splicing event
types using the MAJIQ modulizer in (d) iPSMNs and (h) post-mortem. €, i, Violin plots
showing PSI values (y-axis) for each ALS (red) and control samples (blue) for the
representative splicing events in (¢) iPSMNs and (i) post-mortem.

Comment 2

The authors attempt to address this in 2 ways in the revised manuscript:

The authors claim that somatic mutations present within RNA derived from iPSN and post mortem
tissue (proposed as a consequence of DNA damage) must be upstream of the transcriptome changes
linked to the DNA damage response. The issues with this are (i) that this does not address causality
with respect to the pathogenesis of ALS, only with respect to the DNA damage response itself.

e We thank the reviewer for this comment and we acknowledge that the heightened
somatic mutations, and the DNA damage response, do not equate to causality with
respect to motor neuron degeneration. Nonetheless, there are novel aspects of this
finding and, as noted by Reviewer 2, is important for the field as it exposes a disease
signature that reveals potential DNA repair-based therapeutic targets.

Author Changes

e To make clearer that the heightened somatic mutation and subsequent DNA damage
response do not necessarily indicate causality with respect to ALS motor neuron
degeneration, we have now added the following discussion:

Whether somatic mutations and p53 activation in ALS causes motor neuron
degeneration remains to be established. It has been shown that the acquisition of
DNA damage in post-mitotic neurons promotes cell cycle re-entry, attempting to
activate cell cycle-associated DNA repair pathways, but in doing so triggers an
apoptotic outcome °. Furthermore, studies of p53 ablation and inhibition in C9orf72
and TDP-43 mutant iPSMNs, mouse and fly models have demonstrated a phenotypic
rescue, supporting a pathogenic role of the DNA damage response 7. Another

possibility is whether DNA damage indirectly causes neuronal dysfunction, for



example, through invoking the neuroinflammatory cGAS-STING pathway #°. Thus,
DNA damage may contribute directly to neuronal death, or perturb other

mechanisms that maintain healthy neuronal functions.

Comment 3

And (ii) the new data still do not conclusively demonstrate somatic mutations linked to DNA damage:
the addition of analysis of post mortem tissue is a good step but measurements of somatic
heterogeneity are not consistent between iPSN and tissue, and actually SNPs reminiscent of failure
to repair oxidative breaks (C>T and C>A) are reduced in the ALS postmortem tissue compared to
controls which is opposite to what would be expected with excessive ALS-associated DNA damage.

e We thank the reviewer for this comment. Given the violin plots in Extended Data Fig
18 a-b showing the numbers of each base substitution type, we understand how the
reviewer has come to this conclusion. However, these violin plots are somewhat
misleading as although they show the numbers of each type of base substitution
separately, they do not provide a sense of the relative contribution of each base
substitution type. The overall differences in the numbers of each base substitution
type in ALS vs CTRL are modest and showing only the total numbers without
showing the relative contributions of each has the potential for misleading readers that
there are large differences when the relative differences are tiny. We had originally
included these relative proportion plots in the first submission but removed them due
to confusion by Reviewer 2 Comment 7 in the initial rebuttal between relative
contribution and the number of variants.

e Irrespective of the modest differences for SN'Vs, the effect sizes for the other mutation
types (insertions, deletions and gene fusions) in ALS vs CTRL are consistently large
for both iPSMNs and post-mortem tissue, which indeed suggests excessive ALS-
associated DNA damage.

Author Changes

As in the MutationalPatterns vignette, we have now replaced the numbers of each base
substitution with the more traditional r elative contribution of each base substitution. These
96 trinucleotide mutation profiles are utilised extensively in the cancer field for depicting
single base substitution signatures e.g. https://www.nature.com/articles/s41586-020-1943-
3#Fig2. Using this approach we confirm consistent SNV patterns between iPSMNs and post-
mortem tissue contexts:

Assessing the relative contributions of each base substitution type revealed largely
similar SNV spectrum profiles in ALS and CTRL 1PSMNs, predominantly
composed of C>T and T>C substitutions (Extended Data Fig. 18a).



As with iPSMNs, base substitutions in post-mortem tissue were largely composed
of C>T and T>C substitutions with similar SNV spectrum profiles between ALS and
CTRL post-mortem tissue (Extended Data Fig. 18b).
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Extended Data Fig 18a-b, Relative contribution of each base substitution type (96 trinucleotide mutation

profile) in CTRL (top) and ALS (bottom) (a) iPSMNs and (b) postmortem tissue.

Comment 4

The authors examine several TDP-43 models to try and associate changes in p53 signalling with TDP-
43 mislocalisation which is an upstream event in the development of neurotoxicity. However the
data does not convincingly demonstrate that the p53 signalling changes are a direct result of TDP-43
mislocalisation (versus a downstream marker of toxicity). In reality this would require a rescue
experiment; however, in the analysis of sorted nuclei with and without TDP-43, it would be useful to
know that p53 signalling was not perturbed in nuclei isolated from ALS patients but without TDP-43
mislocalisation.

e We thank the reviewer for these points. The suggested rescue experiment examining
restoration of TDP-43 expression on the DNA damage response has already been
performed - please see Vogt et 20187; Lee et al 201219, Mitra et al 2019!!; Maor-Nof
et al 20211, We have outlined these previous results in paragraph 3 of the discussion:

Although we found p53 activation in ALS cases that lack TDP-43 pathology (FUS

and SODI1 mutants), the magnitude of activation was substantially weaker than in



TDP-43 ALS cases, raising the possibility that TDP-43 contributes to the DNA
damage response. In support of this, we found significant p53 upregulation in
neuronal nuclei depleted of TDP-43, as well as TDP-43 knockdown and
overexpression models. This is consistent with the established role of TDP-43 in
DNA repair and p53 activation 171012, TDP-43 depletion results in the accumulation
of DNA damage whilst TDP-43 overexpression leads to cell cycle arrest at the G2/M
phase and a pro-apoptotic phenotype, which can be partially rescued by p53
inhibition 171912 Together, this suggests that TDP-43 pathology exacerbates the
DNA damage response, and the subsequent p53 activation may promote motor

neuron death in ALS.

We are unable to compare nuclei isolated from ALS patients without TDP-43 depletion
with non-ALS samples, as there are no non-ALS samples in the Liu et al 2019'* dataset.
However, by comparing the non-TDP43 ALS with non-ALS controls in both iPSMN and
postmortem tissue, we have already confirmed that p53 is weakly activated in non-TDP43
ALS cases. Therefore, TDP-43 mislocalisation is unlikely to be responsible for the entirety
of the DNA damage signature in ALS.

Author Changes

e To further establish a functional link between TDP-43 and the DNA damage
response, in addition to the TDP-43 depletion data, we have now examined mouse
neurons overexpressing TDP-43:

We next examined RNA-seq from mouse primary neurons overexpressing TDP-43
. Compared to controls, neurons overexpressing TDP-43 showed significant
upregulation of the p53 pathway (NES +4.1, p=0.002) and TP53 transcription factor
(NES +4.1, p = 0.002 Extended Data Fig. 15g,h). Together, these results indicate
that both TDP-43 depletion and accumulation augment p53 activity, suggesting that
tight regulation of TDP-43 levels is required to ensure an appropriate DNA damage

response.
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Ext Data Fig 15g,h: PROGENY signalling pathway bar charts (left) and DoRothEA transcription factor

activities volcano plot (right) in TDP-43 overexpressing mouse neurons.
Methods

Primary mouse neurons overexpressing TDP-43 were utilised from GSE162048.
Neurons transduced with lentivirus overexpressing TDP-43 for 20 hours were

compared to control neurons.

Reviewer #2

Comment 1

The authors have done a good job in their rebuttal in terms of the biological relevance and novelty
of the work. The additional analyses, including evaluating the individual data sets as well as having
the integration of data is strong. Particularly strengthening the manuscript is the inclusion of TDP43
depleted nuclei and inclusion of mass spec data. As a resource, this provides additional value to the
field.

We greatly thank the reviewer for reviewing the revised manuscript and for these positive

comments.

Reviewer #3

Comment 1

Ziff et al. revised their manuscript and provided a detailed description of their method for analysis.
Combining data of iPSMNs generated by different methods and at different differentiation stages
using in silico analysis is a major infeasibility in actual biology, and the results of the analysis need to
be validated on real samples. However, this issue has not been addressed in the revised manuscript.
Therefore, it should be described as a paper on methodology and its validation in silico.



e We greatly thank the reviewer for reviewing the updated manuscript. As outlined in
our previous rebuttal, and acknowledged by Reviewer 2, we have addressed the
concern of dataset integration by examining each dataset individually. We further
addressed this concern with extensive QC checks, detailed statistical design in the
generalised linear model that comprehensively accounts for confounding variables,
and numerous subgroup analyses.

e Whilst there are differences in iPSMN differentiation protocols, we disagree with the
suggestion that iPSMNs are of “different differentiation stages”. By examining
markers of motor neuron differentiation state (pluripotency; neural precursors;
progenitors; and post-mitotic) we showed in the previous rebuttal the homogenous
expression between datasets (Extended Data Fig 5).

e The comment that “the results of the analysis need to be validated on real samples”
implies that the iPSMNs and post-mortem tissue used in this study are not real. This is
not true - 429 iPSMN samples and 271 post-mortem samples were used in this study.
We would respectfully argue that there are no models that faithfully recapitulate ALS
beyond the actual patient tissue and enriched cultures of their own motor neurons.
Nevertheless, we have additionally examined 49 TDP-43 knockdown samples and 30
FACS-sorted postmortem nuclei, which further validate our core findings.

Comment 2

Furthermore, the DNA instability of ALS claimed to be found in this study has already been reported
and is not novel.

We thank the reviewer for this comment. We explained the novelty of this study in our
previous rebuttal and it is unclear as to what aspects of our novelty explanation the reviewer
disagrees with. We repeat our explanation here:

Whilst we agree that p53 activation has been previously described in ALS, these have been
limited to mutant forms of ALS, predominantly with C9orf72 mutations!’!*17. Previous
reports have also been under power ed, for example, ALS iPSMN studies examining DNA
damage have been restricted to very small sample sizes and mutant forms of ALS, e.g.
Lopez-Gonzalez et al 2016 studied only 3 C9orf72 mutant iPSMNs 3. Likewise, post-
mortem studies reporting p53 upregulation have been limited to only a handful of patients,
e.g. Farg et al 2016 in 10 C9orf72 patients 1.

Conversely, this is the first study with sufficient power to demonstrate genome instability
across ALS subtypes in both iPSMNs and post-mortem. This is especially noteworthy in
sporadic ALS, which accounts for 90% of cases but has the least prior evidence for increased
p53 1819 The scale of this resource also enables us to compare the magnitude of p53
activation between ALS subgroups for the first time, exposing that TDP-43 pathology cases
show substantially greater pS3 activation than non-TDP-43 ALS cases. Furthermore, this is
the first study to show increased somatic mutations and gene fusions in both ALS iPSMNs
and post-mortem tissue.

The novelty of this resource is that it provides the largest catalogue of human ALS-associated
gene alterations to date, obtained by characterising 429 human ALS iPSMN and 271 post-




mortem transcriptomes. The unbiased genome-wide approach used reveals multiple novel
targets in ALS beyond p53 e.g. RNAse L expression, MAPK signalling, CNOT3 splicing. It
also provides the largest study of splicing changes in ALS iPSMNs and post-mortem tissue,
not only revealing TDP-43 regulated events (e.g. POLDIP3, CAMK2B, CEP290) but also
revealing new splicing events shared between ALS subgroups (e.g. CNOT3, SRSF10,
DNAJCI17). Thus, this paper offers substantial advances in the understanding of changes
across ALS subtypes, which is crucial for identifying therapeutic targets.

Author Changes

e We discuss other ALS studies of DNA damage, and clarify the novelty regarding
DNA damage in this study:

Our findings support previous, smaller studies showing p53 activation in ALS,
particularly with C9orf72 repeat expansions “1L1417:1921 However, the novelty in
this study is the finding of p53 activation, together with increased somatic mutations
and gene fusions, across diverse ALS subgroups, not only in iPSMNs but also in
post-mortem spinal cord tissue. We identified the greatest increase in p53 activity in
C9orf72 mutants, consistent with reports that the C9orf72 repeat expansion induces
DNA damage, likely mediated by dipeptide repeat proteins and the formation of R
loops and G quadruplexes’!*!7. However, we also found p53 to be strongly and
significantly activated in TARDBP and sporadic subgroups. This finding in sporadic
cases is particularly striking since they represent 90% of ALS but have the least prior
evidence for p53 activation.

In this rebuttal, we have further added splicing in ALS post-mortem tissue exposing
further novel splicing changes (e.g. CAMTAI1, NEKI1, ATXNI1) - please see
Reviewer 1, Comment 1.

Comment 3

The authors changed the title of the revised manuscript. However, the title should be revised to
claim the analytical method as the focus of this manuscript, since it is not examined in a biological
manner, especially using TDP-43 pathology.

We thank the reviewer for this comment. We respectfully disagree that the manuscript has
not been examined in a biological manner - we have used well-established accepted gold-
standard reproducible bioinformatic approaches to integrate and examine gene expression,
alternative splicing, and somatic mutations of 429 iPSMN and 271 post-mortem samples.
Our findings are based on iPSMNs and post-mortem samples from NYGC and as advised by
Reviewer 3, Comment 6 in the previous review, we subgrouped samples based on their TDP-
43 pathological status. Furthermore, we validate our findings utilising FACS-sorted post-
mortem nuclei (TDP-43 positive vs TDP-43 negative); TDP-43 knockdown samples; as well



as TDP-43 overexpression samples. We are therefore of the opinion that the use of TDP-43
pathology in the title is justified.

Comment 4

The limitations of combining and analyzing data from iPSMNs samples at different differentiation
stages should be described in detail.

e We thank the reviewer for this comment. As noted in our response to Reviewer 3,
Comment 1, examination of differentiation markers confirmed a homogeneous
differentiation state between the included iPSMN datasets, indicating that the iPSMNs
are not of different differentiation states. Furthermore, differences due to variation in
iPSMN differentiation protocols were removed by including dataset as a covariate in
the DESeq2 design.

Author Changes
We now further acknowledge the limitations of dataset integration in the discussion:

Although we safeguard against dataset batch effects by using a generalised linear
model that comprehensively adjusts for known confounding variables, an inherent
limitation of integrative studies is that it is possible that confounders remain
unknown or masked. We minimised these risks by utilising extensive quality control

and validation subgroup analyses.

Reviewer #4

Comment 1

The manuscript has been dramatically improved and now the aims and results are pretty clear.

My only concern is about SNV statistics. No doubt about the generalized linear model but my
guestion is related to the relationship between the number of variants and the coverage depth that,
in turn, depends on the number of generated reads per experiment. Having 10 experiments, each
one with a different number of reads, | could experience a different number of variants. | expect that
the number of such variants increase with the increase of the number of reads per experiment. This
is the reason why | suggested revising this statistic.

e We greatly thank the reviewer for reviewing our updated manuscript and for the positive
comments. Regarding the SNV statistics, we fully agree with the reviewer that variation in
sample-to-sample coverage depth confounds the number of variants detected. In this plot
you can see how increasing coverage depth is associated with an increasing raw number of
variants detected in the AnswerALS iPSMN dataset:
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However, by including coverage as a variable in the statistical design of the generalised linear model,
and by having a well-powered sample of 300 samples, we are able to examine the number of
variants adjusted for coverage differences:
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By examining the partial residuals from the GLM, we remove the unwanted variation due to
coverage (i.e. we get the number of variants detected adjusted for sample-to-sample variation in
coverage, rather than the raw number of variants). We are then able to examine the coverage-
adjusted number of variant differences due to ALS versus CTRL:



M

w» 70000 Y
£
g
P
S 650001
2
E
-
=
g 600001
g‘ [ %= o
E L ]

55000 1

CTRL

This same issue applies equally to age, whereby increasing age is associated with increasing numbers
of variants detected. Therefore, we have also adjusted for age in the model and so the numbers of
variants examined in the manuscript are age and coverage adjusted.

There is an eloquent explanation and example of how the GLM adjusts for covariates at:
https://www.middleprofessor.com/files/applied-biostatistics bookdown/ book/adding-covariates-
to-a-linear-model.html#understanding-a-linear-model-with-an-added-covariate-heart-necrosis-data
Furthermore, the reliability of RNAseq variant detection and how coverage differences influence

variant calling are examined using subsampling at:
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3791257/ (see Fig 5).
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REVIEWERS' COMMENTS
Reviewer #1 (Remarks to the Author):

I am happy for publication at this stage.

Reviewer #4 (Remarks to the Author):

The manuscript has been improved and the authors took into account my comments.
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