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Version 0:
Reviewer comments:
Reviewer #1

(Remarks to the Author)

The study : Gene Expression Signatures from Whole Blood Predict Amyotrophic Lateral Sclerosis Case Status and Survival”
by Zhao et al. is an investigation on the utility of whole-blood transcriptomic data derived by RNA-seq for the machine-aided
diagnosis of ALS and prognosis for survival. Integrating gene expression with clinical variables enhanced prognostic
accuracy, distinguishing patients with different survival durations. Analysis identified ALS-relevant pathways, core genes
shared with primary disease tissues, and potential therapeutic candidates.

The study is well-described, the methods are adequate and the translational potential high. However, the study in its current
form does not represent a significant advancement in the field judging by the following criteria:

* Novelty — the study does not apply a novel concept, whole-blood transcriptomics for diagnostics has already been
demonstrated in ALS (van Rheenen, Swindell, etc.). The study demonstrates incremental improvements, but these do not
address the current limitations — differential diagnosis against clinically relevant conditions. The study does not apply a new
computational/data analysis method that will promise to overcome current limitations and does not provide an application of
a novel biotechnology that will improve the cost/accuracy/applicability of the method. The premise is also not completely
addressed — the authors highlight the importance of definite ALS diagnosis before symptom onset of very fast progression,
but the study does not utilize pre-symptomatic mutation carrier ALS blood samples. The study does not analyze the
contribution of this method to expedite diagnosis in clinical settings, and does not demonstrate its value to overcome
problems that slow down definite diagnosis (differential diagnosis, compliance, speed of method).

« Systematic analysis — if not offering novelty, the study could contribute as a systematic analysis of its own data and
available resources. However, this is not rigorously performed either — the data is compared only to several of the available
studies; it has not been analyzed how it compares to the large resource of other ALS transcriptomic studies — from different
tissues — or from PBMCs instead of whole blood; the study does not analyze in depth why and how the differentially
expressed genes and patterns compare to the current knowledge and re-iterates previous findings/pathways just as
confirmation. The drug perturbation is a nice novel approach, but it lacks more rigor — the authors could study if any of the
compounds has been tested in similar settings, or if they belong to drug families which have been tested in ALS or other
neurodegenerative diseases. The authors could alsos check for epidemiological data on ALS incidence in cohorts which
have been treated with drugs from these families.

* Resource — the data is rather large and will be a valuable resource for the community. However, the data is not being made
publicly available, the source code/methods neither, and even source data for the figures is not provided. The data
availability statement is somewhat subjective — it is not clear, by what criteria researchers will be classified as ‘qualified’ to
access the data.

Furthermore the following specific points could be addressed to improve the study:

- Age, Sex is not perfectly matched — how was this accounted for?

- Table 1:1/5 Possible, or Suspected, how does this relate to the classification?

- Relatively small Log2FCs in DEG, how will the authors explain this? Feature of the large sample, of the specific modelling,
or something else? (The DEG modelling is really nice here, especially the SVA modification, but it’s hard to judge without
the code or supplementary information)

- No “random” sampling controls and statistics for the overlap with literature DEGs on p.5, 1.151, are hard to interpret without
that; also guessing 1928 DEGs to be matched was because only these had gene symbols, but this has to be clearly stated -
> On a simple check, the overlap seems very impressive, maybe cite some controls/statistics.



- gPCR — primers’ sequences should be provided

- For the overlap of the DEGs from other studies and this one, it would be useful to see a scatterplot of the log fold changes:
the same data as in Fig 1 h, but with X axis the LogFoldChange from this study, the Y axis the LogFoldChange from the
literature, and a scatter point for each DEG gene — this is missing in Suppl. Fig. S2

- Suppl. Fig S3: It seems a bit contradictory that in the VolcanoPlots in Fig. 1, there is only one or two genes with
Log2FoldChange close to 1, butin this figure, 4 genes have a LogFoldChange ~ 1.2. Also, were all four of these genes up-
regulated? If any of them were down-regulated in ALS, it would help to label the Y-axis here ‘Absolute Fold Change (ALS
vs. Control)'. It would also help if these 4 genes are labeled directly in the VolcanoPlots in Fig. 1 a

- What was the rationale behind selecting exactly these 4 genes for gPCR validation? They seem not to be in the top 10 Up-
and Down-regulated DEGs? The statement ‘performed whole blood gPCR of 5 genes, chosen based on altered expression
and biological relevance.’ is a bit vague. Also, 4 genes are shown, not 5 as stated.

- What are the characteristics of these controls? Clinical? Co-morbidities? In such a large cohort, this should be considered
In the second paragraph of the results, “A gene expression signature predicts ALS case status”:

- ltis not clear how exactly the subset of samples to train the first round of classifiers is selected: Why? Which samples?
Cross-fold validation?

- Is the statement “generating panels of 27 (FDR<0.01; Fig. 2b),” missing the definition of the AvExpr threshold for this
group? Otherwise it seems contradictory that filtering with fdr<0.01 gives 27 DEGs, but filtering with the same fdr<0.01 and
an additional threshold AvExpr>2, gives more (i.e., 29) DEGs. It would be expected that more stringent filtering further
reduces the list of the DEGs

- If the authors cite here that the XGBoost classifier based on the DEGs performs well on the Grima test cohort, they should
also cite how it performs on the Swindell dataset. The point that the classifier is performing well on unseen data is the most
critical in this paragraph, and crucial for the manuscript’'s main message, so itis important to make it convincing. | would
even recommend comparing it to even more datasets, and comparing with several of the classifiers, to convincingly
demonstrate that there is an underlying ground truth. It is not bad if other classifiers and other data (not whole blood, other
platforms) don’t perform that well, as long as a tendency is clearly visible.

- Fig2: 1 think there’s a typo in the Grima dataset description in the figure, the ALS cases are n=86, not n=96, right?

- QPCR validation: Why are the RNA samples isolated with the miRNA kit of PAXGene, when the selected 5 genes to
validate were not miRNAs? Also, | don’t doubt on the quality of the gPCR data, but it is still important to control with at least
two house-keeping genes.

Reviewer #2

(Remarks to the Author)

| co-reviewed this manuscript with one of the reviewers who provided the listed reports. This is part of the Nature
Communications initiative to facilitate training in peer review and to provide appropriate recognition for Early Career
Researchers who co-review manuscripts.

Reviewer #3

(Remarks to the Author)

Zhao et al., profiled whole blood by RNA-seq from ALS cases (n=422) versus controls (n=272) with the goal of developing
an ALS diagnostic tool. This represents the largest sample set of its kind. The authors use the dataset to perform DEG
analysis and identify a gene expression signature that differentiates ALS cases from controls; use machine learning
algorithms to predict ALS case status and survival; perform pathway analysis to reveal disease associated signatures like
immune pathways, RNA processing and energy production; and lastly perform an in silico drug perturbation analysis based
on “core genes” that are perturbed in blood as well as iPSC models of TDP-43 KD and ALS spinal cord samples. The study
provides a valuable resource for the community and makes some interesting observations. The main thrust is the potential
diagnostic/prognostic tool based on gene expression signatures in the blood. This could prove to be very useful. However,
as presented the findings seem preliminary and require additional validation.

Major comments

Fig 1

The DEGs between patients and controls are not particularly insightful and entirely descriptive. What is the interpretation of
the 50% and 46% overlap between this dataset and the Swindell and Grima DEGs?

Fig 2

The use of the machine learning algorithms is intriguing, but the utility of these tools should be tested further in other
datasets beyond Grima. Why not use the Swindell dataset to determine the accuracy of these tools to predict ALS case
status? Additional testing against disease mimics such as AD, PD, MS etc. will assess the potential advantage of this
approach and specificity relative to NfL levels as the authors discuss in the introduction.

Furthermore, transforming this to a PCR panel and use it in an independent dataset is a critical step towards validating the
utility of it as a useful biomarker, which is the intend of the study.

The description and presentation of the algorithms is not intuitive and should be improved.

Figure 3:

Incorporating 8/18 genes on top of clinical features appears to result in only modestimprovements to AUC. Authors are
careful to specify their models generated “numerically larger AUC values” but p-values presented somewhere would be
appreciated. It's unclear whether there is statistical significance. If not, then what is real value of adding genes? This section
is not well written—in the end | was left wondering whether the signature accurately predicted ALS survival or notin the
Grima dataset.

Figure 4:



A Venn diagram of adjusted/unadjusted DEGs would be helpful.

As this data is based on bulk RNA Seq some of the DEGs could be driven by different cell proportions.

Are there differences based on disease status or long/short classification?

Authors use the same RNA PCs in both their adjusted/unadjusted model. They should check whether any of the RNA PCs
correlate with cell abundance (and thus would already be adjusted for in their model).

Figure 5:

Unclear what the contribution of the whole blood transcriptomic dataset is to the drug perturbation analysis relative to the
iPSC neurons and spinal cord datasets. Using core genes from each would clarify this concern and increase the confidence
in the potential utility of these so-called therapeutic candidates.

Assessing the effects of 1-2 of these drugs on an in vitro model of ALS pathology is critically important to substantiate the
utility of the in-silico analysis.

Discussion
This section is well written and informative and the addition f a limitations and strengths section is great for the reader.

Minor comments
Figure 2a isn’t an effective schematic. No idea what it means
Line 194: “Therefore, our classifier showed potential as a potential” is confusing

Reviewer #4

(Remarks to the Author)
Review for "Gene Expression Signatures from Whole Blood Predict Amyotrophic Lateral Sclerosis Case Status and
Survival"

Summary

This manuscript presents a promising analysis of gene expression signatures in whole blood for predicting ALS status and
patient survival. The authors have assembled a substantial cohort and integrated blood data with iPSC-neuron and
postmortem spinal cord datasets to develop potentially valuable prediction models. While the topic is clinically important and
the approach innovative, there are several methodological concerns that should be addressed to strengthen the reliability of
the findings.

Strengths

The study demonstrates several notable strengths, including a large sample size (225 ALS cases, 119 controls) providing
adequate statistical power. The integration of blood signatures with CNS-relevant tissues offers important biological context.
The authors show thoughtful consideration of cell type proportions in their analysis. The comprehensive pathway enrichment
analyses further enhance the study's value.

Areas for Improvement

1. Model development methodology: The gene panel derivation occurs on the same dataset used for model training, which
may lead to inflated performance estimates. From a ML perspective identifying differential expression is feature selection. |
suggest implementing proper nested cross-validation where feature selection occurs independently within each fold, or
clearly separating discovery and validation cohorts before any feature selection (i.e. perform differential expression on each
CV split)

2. Performance evaluation metrics: Reliance on AUC alone may not fully characterize model performance given the dataset
imbalance. | suggest including PR-curves, precision, recall, F1 scores, and balanced accuracy metrics to provide a more
comprehensive assessment of model performance, particularly when comparing to the external dataset.

3. Model comparison framework: Current comparisons between clinical-only and clinical-only+genes-combined models (e.g.
Figure 3) don't isolate the independent contribution of gene signatures. | suggest adding explicit genes-only models to
quantify the independent predictive value of the gene signatures beyond clinical variables alone.

4. Feature selection stability: The inconsistency in top features across different models (Fig 2b,c,d,e) raises questions about
signature robustness. | suggest implementing bootstrap analysis to assess feature selection stability and provide confidence
intervals for feature importance rankings.

Additional Recommendations
The authors should make the underlying Code available to enhance reproducibility and transparency.

Recommendation

This work addresses an important clinical need in ALS biomarker development and shows considerable promise.
Addressing the methodological concerns outlined above would significantly strengthen the reliability of the findings and
enhance their potential impact on clinical practice. | look forward to seeing a revised version that builds on the study's
strengths while implementing these improvements.

Version 1:

Reviewer comments:



Reviewer #1

(Remarks to the Author)

Zhao et al. have thoroughly revised the manuscript, putting substantial efforts into improving the underlying study, not only
the manuscript. We sincerely appreciate the efforts made and the way that all concerns have been addressed extensively.
Although some generalization concern may still remain, we think the revision of this work has rendered it significanly more
valuable for publication. In particlar, the publishing of the data and the code increased its value as a resource. Similarly, the
revisions of the drug perturbation data and the clarifications in the text as to how this study improves the field - and prepares
for the next step - now highlight its value.

(Remarks on code availability)

Reviewer #2

(Remarks to the Author)

| co-reviewed this manuscript with one of the reviewers who provided the listed reports. This is part of the Nature
Communications initiative to facilitate training in peer review and to provide appropriate recognition for Early Career
Researchers who co-review manuscripts.

(Remarks on code availability)

Reviewer #3

(Remarks to the Author)
The authors have addressed most of the critiques raised previously and the manuscript is substantially improved.

Rev 1 Comment 14 and Rev 3 Comment 2: As requested the authors have tested their classifier on the Swindell dataset but
did not go beyond that although both reviewers requested testing against more datasets, which is disappointing.

Reviewer 3, comment 3: The authors claim that “building a classifier for ALS-ALS mimic classification, as well as a PCR
format, are both future avenues that are outside the scope of the present study.” While their points are well taken, | do believe
that without this crucial step their study is not novel or significant enough beyond the prior work that has been, which they

cite. The main novelty here is that “this study has shown blood transcriptomics can accurately predict case-control status in
external cohorts”.

(Remarks on code availability)

Reviewer #4

(Remarks to the Author)

The Discovery and Validation Split follows best-pracites. The independent validation on two external dataset with platform
differences is strong. Great addition with the added metrics.

The test of the clinical variable only model gives a good idea on the contribution of the gene model, which shows a high
predictive power of the clinical variables or genes alone.

The bootstrap analysis is great and shows the variability of the top features.

The added analysis add a lot of value and show a diligent characterization of the data and gives a good perspective of the
variability.

I could access the GitHub code - | would recommend to add a Readme document to allow exploration.
The authors addressed my concerns and | can recommend publication in Nature Communications.

(Remarks on code availability)
Code is available but would benefit from a small Readme file.
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Reviewer 1

The study: Gene Expression Signatures from Whole Blood Predict Amyotrophic Lateral Sclerosis Case Status
and Survival” by Zhao et al. is an investigation on the utility of whole-blood transcriptomic data derived by
RNA-seq for the machine-aided diagnosis of ALS and prognosis for survival. Integrating gene expression with
clinical variables enhanced prognostic accuracy, distinguishing patients with different survival durations.
Analysis identified ALS-relevant pathways, core genes shared with primary disease tissues, and potential
therapeutic candidates.

The study is well-described, the methods are adequate and the translational potential high. However, the study
in its current form does not represent a significant advancement in the field judging by the following criteria:

Our response: We thank Reviewer 1 for their expert evaluation of our manuscript and their insightful critiques,
which we have addressed point-by-point below. The Reviewer’s suggestions have helped us substantially
improve the manuscript and deliver a better perspective for the Nature Communications readership.

Reviewer 1, comment 1: Novelty — the study does not apply a novel concept, whole-blood transcriptomics for
diagnostics has already been demonstrated in ALS (van Rheenen, Swindell, etc.). The study demonstrates
incremental improvements, but these do not address the current limitations — differential diagnosis against
clinically relevant conditions. The study does not apply a new computational/data analysis method that will
promise to overcome current limitations and does not provide an application of a novel biotechnology that will
improve the cost/accuracy/applicability of the method. The premise is also not completely addressed — the
authors highlight the importance of definite ALS diagnosis before symptom onset of very fast progression, but
the study does not utilize pre-symptomatic mutation carrier ALS blood samples. The study does not analyze
the contribution of this method to expedite diagnosis in clinical settings, and does not demonstrate its value to
overcome problems that slow down definite diagnosis (differential diagnosis, compliance, speed of method).

Our response: We acknowledge and fully appreciate the Reviewer’s critiques on novelty. We agree that our
work is not conceptually new, but our work presents novel advances in methodology required to advance the
concept of whole-blood transcriptomics as an ALS diagnostic tool. Our advances are made possible by our
large sample size and granular RNA-seq analysis, which are crucial for moving blood transcriptomics into the
diagnostic realm in ALS. A major reason we need these methodological advances as a step towards eventual
diagnostic capability is ALS heterogeneity, which is reflected in diverse ALS phenotypes and clinical
presentations. Although prior research from van Rheenen et al.}/Swindell et al.?2 and Grima et al.? leveraged
blood transcriptomics for case-control classification in their respective cohorts, they could not successfully
apply classification in external cohorts, likely due to the inherent disease heterogeneity. Before we can begin to
investigate the potential of transcriptomics for differential diagnosis against conditions clinically mimicking ALS,
we need to ascertain that blood transcriptomics can successfully perform case-control classification in
independent cohorts and that the methodology is robust and encompasses ALS heterogeneity. Our work
accomplishes this objective, and we are now poised to make further advances by integrating blood
transcriptomics of ALS mimics to build a classifier that will be helpful for differential diagnosis. We are also now
able to move forward on determining whether blood transcriptomics may have utility in presymptomatic ALS.

We had previously acknowledged the lack of ALS mimics as a study weakness in our limitations paragraph.
We now also acknowledge the limitation that our study lacks presymptomatic ALS mutation carriers. The
revised manuscript now reads, lines 456-460:

“First, we did not include ALS mimics or presymptomatic ALS mutation carriers. In a clinical scenario, a
diagnostic tool would need to differentiate patients with ALS from patients without ALS that manifest similar
symptoms, i.e., ALS mimics. Moreover, a diagnostic tool capable of identifying imminent phenoconversion to
ALS in mutation carriers is lacking; however, our study did not include presymptomatic mutation carriers.”

Moreover, we have also better clarified the crucial need for this technical advancement before blood
transcriptomics can be leveraged for diagnostic purposes in the conclusions, as follows, lines 492-504:

“Although no such gene expression panel is available for ALS diagnosis and/or prognosis, our findings strongly
support the ability of gene expression profiles from whole blood to differentiate ALS cases from controls, to
potentially predict survival, and to infer, by pathway enrichment, relevant disease pathways and identify
potential drug candidates. Towards this goal, we developed an accurate, externally validated blood-based
gene expression signature panel for ALS classification, underscoring potential clinical diagnostic use as a



biomarker. We also combined gene expression features with clinical variables for survival prediction,
highlighting potential prognostic utility. Now that our study has shown blood transcriptomics can accurately
predict case-control status in external cohorts, we can begin to assess potential utility for classification versus
ALS mimics and in presymptomatic ALS mutation carriers prior to phenoconversion. We envision possible
translation to a clinically viable platform that could accelerate ALS diagnosis and provide patients, based on
their personalized gene expression profiles, anticipated survival times.”

Reviewer 1, comment 2: Systematic analysis — if not offering novelty, the study could contribute as a
systematic analysis of its own data and available resources. However, this is not rigorously performed either —
the data is compared only to several of the available studies; it has not been analyzed how it compares to the
large resource of other ALS transcriptomic studies — from different tissues — or from PBMCs instead of whole
blood; the study does not analyze in depth why and how the differentially expressed genes and patterns
compare to the current knowledge and re-iterates previous findings/pathways just as confirmation.

Our response: We are very grateful to Reviewer 1 for these insightful comments and realize we had not
sufficiently communicated the purpose of our analyses. The first half of the manuscript is dedicated to case-
control classification (potential diagnostic utility) and survival prediction among cases (potential prognostic
utility). The second half of the manuscript is dedicated to demonstrating the presence of an ALS disease
signature in blood that can also be leveraged in drug perturbation analysis.

Our pathway analysis of differentially expressed genes (DEGs; Fig. 5 new numbering [Fig. 4 old numbering])
was not solely a confirmation of previously known pathways but a demonstration that directly adjusting for
immune cell proportions (i.e. the relative abundance of different types of immune cells within a sample) further
enhances representation of known ALS pathways in the blood. Adjusting DEGs and ensuing pathways for cell
proportions accounts for differences in immune cells between ALS cases versus controls and thus enhances
pathways intrinsic to the disease process.

To better convey our motivation to readers, we have made edits to the second portion of the paper. We have
changed the prior section title from “Pathway analysis of the blood transcriptome reveals ALS-related
pathways” to “Pathway analysis of the blood transcriptome reveals an ALS disease signature” (line 257).

We edited the opening sentences of this section to read as follows, lines 258-260:

“After demonstrating the diagnostic and prognostic potential of our ALS blood transcriptomics dataset, we next
performed pathway enrichment to identify disease-related pathways with the goal of creating an ALS disease
signature observable in blood.”

We edited the closing sentences of this section to read as follows, lines 303-307:

“Overall, enrichment analysis of the whole blood transcriptome revealed ALS-relevant pathways beyond
immune-related pathways. Adjusting for cell proportions, in blood further enriched these ALS pathways and
confirmed the presence of an ALS disease signature in blood. Thus, we next sought to leverage the blood
transcriptomic dataset to identify potential drug candidates by drug perturbation analysis.”

As recommended by the Reviewer (but only initially presented in the supplementary information in our initial
submission), we completed an assessment of the overlap of our reported DEGs with other tissue types.
Specifically, we analyzed the overlap with postmortem spinal cord and TDP-43 knockdown iPSC DEGs. These
findings are now presented as a main text figure (new Fig. 6a-e).

Regarding PBMCs, there is no available dataset that is sufficiently large. Current datasets that we could find
include Zhang et al. 2011 (PMID 20884065, ALS n=20, controls n=22), Lam et al. 2015 (PMID 26807342, ALS
n=9, controls n=1), Gagliardi et al. 2018 (PMID 29402919, ALS n=7, controls n=4), and Zucca et al. 2019
(PMID 29402919, ALS n=24, controls n=7). Therefore, we were unable to compare our dataset to a PBMCs
dataset.

Reviewer 1, comment 2, continued: The drug perturbation is a nice novel approach, but it lacks more rigor —
the authors could study if any of the compounds has been tested in similar settings, or if they belong to drug
families which have been tested in ALS or other neurodegenerative diseases. The authors could also check for
epidemiological data on ALS incidence in cohorts which have been treated with drugs from these families.



Our response: Regarding the drug perturbation analysis, we thank the Reviewer for their favorable overall
appraisal. We had performed a literature search of the identified candidates for added rigor and relevance to
ALS. Of the eight identified candidates from the primary analysis (i.e., overlapping between adjusted overall
“core genes” and iPSC-neurons and spinal cord candidates), we found pertinent literature on three. Briefly,
FDA-approved trifluoperazine was identified by another drug repurposing effort in ALS,* and is a potent
allosteric modulator of the purinergic P2X7 receptor,®> whose inhibition has been proposed as an ALS
therapeutic by modulating neuroinflammation.® FDA-approved ibrutinib, an irreversible BTK inhibitor that blocks
B-cell proliferation, exerted salutary effects in SOD1%%3A mice.” Thirdly, BX-795 is an inhibitor of the ALS gene
TBK1, linked to innate immunity, autophagy, and cell cycle,® proposed as a drug repurposing target based on
Mendelian randomization.®

Based on the Reviewer’s excellent suggestions, we have expanded our discussion of the literature in support
of our identified candidates by considering compounds tested in similar settings, belonging to a broader drug
family tested in ALS or other neurodegenerative diseases, and from epidemiological ALS data. This portion of
the discussion now reads, lines 431-455:

“Among the candidates was an FDA-approved drug, the phenothiazine trifluoperazine, previously identified by
a drug repurposing effort in ALS.* Trifluoperazine is a typical antipsychotic primarily used to treat
schizophrenia, a neuropsychiatric disorder that may overlap with ALS.*® While there are reports that use of
antipsychotics may lower the risk of ALS' and other age-related neurodegenerative diseases,'? some studies
report no association.*® Trifluoperazine is also a potent allosteric modulator of the human purinergic P2X7
receptor.> P2X7 receptor antagonism has been proposed as an ALS therapeutic strategy by modulating
neuroinflammation.®

A second identified candidate was an FDA-approved irreversible BTK inhibitor, ibrutinib, that blocks B-cell
proliferation and survival and is reported to delay symptom onset, reduce muscular atrophy, and decrease pro-
inflammatory brain cytokine production in SOD1%%4 mice.” Bosutinib, another tyrosine kinase inhibitor
approved for chronic myelogenous leukemia, was repurposed for ALS based on an iPSC screen.** A small
open-label, dose-escalation phase | trial found the drug was safe and potentially effective in an ALS participant
subset.'®> Overall, several kinase inhibitors have or are being considered for ALS.1¢ Our drug perturbation
analysis also selected BX-795, an inhibitor of TBK1 kinase, a known ALS gene linked to innate immunity,
autophagy, and cell cycle.® A recent Mendelian randomization of ALS genome-wide association studies
proposed TBK1 as a drug repurposing target.®

Some candidates had no known literature linked to ALS, including AZD-9291, BIX-02189, fludarabine,
valrubicin, and XMD-1150,'" suggesting future possible research avenues. Indeed, XMD-1150 may potentially
stimulate autophagy,'” impaired in ALS,® and inhibit LRRK2 (leucine rich repeat kinase 2),8 also linked to
autophagy in neurodegeneration, especially Parkinson’s disease.*® Overall, our drug perturbation analysis
promotes a strategy for identifying therapeutic candidates and supports further investigation into three drugs
previously suggested as potential ALS therapies.?%:2”

Finally, we also refer the Reviewer to our response to Reviewer 3, comment 10.

Reviewer 1, comment 3: Resource — the data is rather large and will be a valuable resource for the
community. However, the data is not being made publicly available, the source code/methods neither, and
even source data for the figures is not provided. The data availability statement is somewhat subjective — it is
not clear, by what criteria researchers will be classified as ‘qualified’ to access the data.

Our response: We apologize to the Reviewer for our earlier omissions. We have deposited the data into a
public, controlled database, according to the terms of our data-sharing agreement with the NIH, which funded
the work.

This is now reflected in our new data availability statement, added after the Methods, now reads: “Data have
been deposited into the Database of Genotypes and Phenotypes (dbGAP) and the European Genome-
Phenome Archive (EGA) with accession number EGAS50000001019 at https://ega-
archive.org/studies/EGAS50000001019.”

We also made the code available on our GitHub site for this manuscript, reflected in our code availability
statement, added after the data availability statement, which now reads: “Code has been made available at



https://ega-archive.org/studies/EGAS50000001019
https://ega-archive.org/studies/EGAS50000001019

https://github.com/yzhao80/ALS _RNA.” Additionally, the source data to reproduce figures has been made
available.

These data and source code resources will be extremely valuable for future studies of blood transcriptomics in
ALS cases and age/sex-matched controls, and we thank the Reviewer for this important suggestion.

Reviewer 1, comment 4: Age, Sex is not perfectly matched — how was this accounted for?
Our response: We thank Reviewer 1 for raising this issue and the opportunity to clarify this important point.

In the ALS case versus control DEG analysis, we accounted for age and sex by including them as covariates in
the linear model, y ~ group + age + sex + genetic_PCsi1.4 + RNA_PCs;.10 + batch + library_type in the limma R
package (PC, principal components; v3.48.3; functions: voom, ImFit, eBayes). Principal component analysis
(PCA) of gene expression residuals from the linear model y ~ age + sex + genetic_PCsi.4 + RNA_PCsj.10 +
batch + library type is shown in the Response Figure R1 below. In the PCA plots, there were no differences in
age (continuous color spectrum) and sex (binary colors) among cases and controls after accounting for them in
the linear model.

Our procedure for accounting for age and sex is outlined in the manuscript as follows, lines 629-631.

“This model controlled for variation in demographics (age, sex) as well as technical variations due to library
preparation, genetic heterogeneity (the first four genetic PCs), and unknown variance (selected RNA PCs)
(Supplementary Fig. S14d).”
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Response Figure R1. PCA plots for primary DEGs analysis. The samples were color-coded by (a) age at
sample collection, i.e., age_at _sample_date; and (b) sex. ALS=422, controls=272, total n=694. Input for PCA
were the residuals, which were trimmed mean of M-values normalized log, count per million values from linear
model y ~ age + sex + genetic_PCsi.4 + RNA_PCs..10 + batch + library_type.

Similarly, DEGs between ALS cases versus controls adjusted for cell proportions were identified using a similar
model including age and sex. Once again, there were no differences in age or sex among cases and controls
after accounting for them in the linear model as presented in the Response Figure R2.
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Response Figure R2. PCA plots for DEGs analysis adjusted for cell proportions. The samples were
color-coded by (a) age at sample collection, i.e., age_at_sample_date; (b) sex. ALS=422, controls=272, total
n=694. Input for PCA were the residuals, which were trimmed mean of M-values normalized log, count per
million values from linear model y ~ age + sex + CD8T + Mono + NK + BCell + Neu + genetic_ PCs1.4 +
RNA_PCs;4.10 + batch + library_type.

Finally, in our case-control classification models, feature selection was performed on DEGs adjusted for age
and sex using a linear model. This is specified in the manuscript as follows, lines 699-700:

“In our case-control classification models, feature selection was performed on DEGs adjusted for age and sex
and filtered based on average expression.”

Reviewer 1, comment 5: Table 1: 1/5 Possible, or Suspected, how does this relate to the classification?

Our response: We thank the Reviewer for their careful assessment of our manuscript, which is deeply
appreciated and provides us the opportunity to improve clarity. In this study, a participant was considered to
have ALS if they met the newer Gold Coast criteria,??2 namely (i) progressive motor impairment, documented by
history or repeated clinical assessment, preceded by normal motor function; (ii) upper and lower motor neuron
dysfunction in at least one body region, or lower motor neuron dysfunction in at least two body regions; and (iii)
investigative findings that exclude alternative diseases. The Gold Coast criteria facilitates early and definitive
diagnosis, with similar or better diagnostic sensitivity than the revised El Escorial and Awaiji criteria.?324

This was specified in the manuscript as follows, lines 508-510:

“The study recruited participants with ALS (n=422) meeting the Gold Coast definition of ALS during their
clinical visit at the University of Michigan Pranger ALS Clinic between 2011 and 2021.”

We have now additionally included the following, lines 516-520:

“Gold Coast criteria were used to group participants as cases for classification purposes, while the revised El
Escorial criteria were collected as part of their diagnostic workup. Possible or suspected El Escorial criteria at
diagnosis did not affect case status prediction relative to definite, probable, or probable, laboratory supported
criteria (new Supplementary Fig. S13).”

Since the external datasets did not provide El Escorial criteria at diagnosis, we tested how the 18% of possible
and suspected cases affected the performance of our case-control classifier (new Supplementary Fig. S13).
We assigned “definite”, “probable”, and “probable, lab supported” cases as Group 1, and “possible” and
“suspected” cases as Group 2. Fisher’s exact test results show that incorrect classifications were not enriched

in Group 2 versus Group 1 for any of the three XGBoost classifiers.



new Supplementary Figure S13. Classification performance on internal training data by 10-fold cross
validation.

27-gene classifier 30-gene classifier 29-gene classifier

El Escorial criteria at diagnosis | Incorrect | Correct | Incorrect | Correct | Incorrect | Correct Total

Definite 5 105 6 104 5 105 110
Group1 | Probable 2 124 8 118 7 119 126

Probable, lab supported 8 96 9 95 9 95 104
Group2 Possible 2 52 2 52 1 53 54

Suspected 2 20 1 21 2 20 22

All 19 397 26 390 24 392 416

Fisher’s exact test p-value 0.47 0.89 0.85

Fisher’s exact test odds ratio 0.83 (95%CI 0-2.80) 1.76 (95%CI 0- 7.09) 1.60 (95%CI 0-6.47)

Reviewer 1, comment 6: Relatively small Log2FCs in DEG, how will the authors explain this? Feature of the
large sample, of the specific modelling, or something else? (The DEG modelling is really nice here, especially
the SVA modification, but it's hard to judge without the code or supplementary information)

Our response: This is an excellent Reviewer observation. The relatively small log2FC values in DEGs are
primarily due to analysis of blood versus single cell type. Blood is a heterogeneous mixture of cell types, which
dilutes gene expression differences in disease versus control, decreasing log-FC. For example, if a gene
changes two-fold in a cell type that represents 5% of blood, this would be observed as only a 1.05-fold change
in our whole blood analysis. Additionally, it is also feasible that since blood is not the primary affected tissue in
ALS, log2FC values may be relatively small. In our analysis of blood DEGs that overlap with postmortem spinal
cord DEGs (Supplementary Fig. S12), all shared DEGs were expressed with smaller Logz:FC values in blood
than in spinal cord. Moreover, our log,FC values are aligned with literature values. Swindell et al.? reported
1.11- to 1.79-fold-changes (0.154 to 0.841 log.FC values) for top upregulated DEGs and 0.91- to 0.71-fold-
changes (-0.137 to —0.493 log.FC values) for top downregulated DEGs. Grima et al.® reported 0.195 to 0.900
log2FC values for all upregulated DEGs (FDR<0.05) and —-0.107 to —0.649 log.FC values for top
downregulated DEGs (FDR<0.05). Grima et al.® noted these low log:FC values, stating “Large fold changes in
gene expression were not observed between SALS cases and controls, with no significant differentially
expressed genes demonstrating a fold change >2.”

Regarding the code for DEG modelling, which incorporates the modified SVA, we have made it available to
support reproducibility (please refer to our response to Editorial comment 4).

Reviewer 1, comment 7: No “random” sampling controls and statistics for the overlap with literature DEGs on
p.5, 1.151, are hard to interpret without that; also guessing 1928 DEGs to be matched was because only these
had gene symbols, but this has to be clearly stated -> On a simple check, the overlap seems very impressive,
maybe cite some controls/statistics.

Our response: We thank Reviewer 1 for this excellent suggestion, also aligned with Reviewer 3, comment 1.
First, just as the Reviewer had surmised, the 1,928 DEGs were because we could specifically match the gene
symbols. This statement can be found in the results, lines 156-157, as:

“We matched 1,928 of our DEGs based on gene symbol to literature DEGs.”

Second, to improve statistical rigor, we performed Fisher’s exact tests to assess the overlap of our DEGs with
Swindell et al.? and Grima et al.® DEGs. For the Swindell analysis, we defined the universe as the 7,509 genes
common to both studies, i.e., the intersection of 9,822 genes assayed by Swindell (detectable in 220% of
GSE112676 [>148/740] and GSE112680 [>61/301] samples) and our background set of 22,332 genes (new
Supplementary Figure S1, please see below). Upregulated Swindell DEGs were significantly enriched among
our upregulated DEGs (odds ratio 3.52, p<2.2x107'¢), and downregulated Swindell DEGs were likewise
enriched among our downregulated DEGs (odds ratio 2.22, p<2.2 x 107'¢). For the Grima analysis, we defined
the universe as the 11,867 genes common to both studies, i.e., the intersection of 12,569 genes assayed by



Grima (lowly expressed genes were filtered by edgeR v3.38.4 filterByExpr function) and our background set of
22,332 genes. Upregulated Grima DEGs were enriched among our upregulated DEGs (odds ratio 4.44,
p=1.26x107"9), while downregulated Grima DEGs enriched among our downregulated DEGs (odds ratio 3.48,

p=5.71x10712),

We have now added these results as follows, lines 157-165:

“Of our upregulated ALS DEGs, 381 and 39 overlapped with approximately 50% of Swindell and 46% of Grima
DEGs, respectively (Fig. 2d). The extent of overlap was lower among downregulated DEGs, with only 267
shared with Swindell (35%) and 56 with Grima (35%) (Fig. 2e). Nevertheless, both upregulated and
downregulated Swindell DEGs were significantly enriched among our upregulated (odds ratio 3.46, p=1.31x10
54 and downregulated (odds ratio 2.13, p=2.22x101°) DEGs, respectively (Supplementary Fig. S1a).
Additionally, upregulated and downregulated Grima DEGs were significantly enriched among our upregulated
(odds ratio 4.44, p=1.26x107'°) and downregulated (odds ratio 3.48, p=5.71x10712) DEGSs, respectively

(Supplementary Fig. S1b).”

new Supplementary Figure Sla-b. 2x2 contingency tables for up- and downregulated DEGs from our dataset
with Swindell et al.? (top) and Grima et al.® (bottom) datasets.

7,509 universe genes

Upregulated in Swindell et al.?

NOT upregulated in Swindell et al.?

Upregulated in our dataset

381

1,547

NOT upregulated in our dataset

371

5,210

Upregulated Swindell DEGs significantly enriched among our upregulated DEGs (odds ratio 3.46, p=1.31x10754, Fisher's exact test)

7,509 universe genes

Downregulated in Swindell et al.?

NOT downregulated in Swindell et al.?

Downregulated in our dataset

267

1,357

NOT downregulated in our dataset

497

5,388

test)

Downregulated Swindell DEGs significantly enriched among our downregulated DEGs (odds ratio 2.13, p=2.22x10'°, Fisher's exact

11,867 universe genes

Upregulated in Grima et al.?

NOT upregulated in Grima et al.3

Upregulated in our dataset

39

1,889

NOT upregulated in our dataset

46

9,893

Upregulated Grima DEGs significantly enriched among our upregulated DEGs (odds ratio

4.44, p=1.26%x107"°, Fisher’'s exact test)

11,867 universe genes

Downregulated in Grima et al.®

NOT downregulated in Grima et al.3

Downregulated in our dataset

56

1,568

NOT downregulated in our dataset

104

10,139

test)

Downregulated Grima DEGs significantly enriched among our downregulated DEGs (odds ratio 3.48, p=5.71x107"?, Fisher’s exact

Reviewer 1, comment 8: For the overlap of the DEGs from other studies and this one, it would be useful to
see a scatterplot of the log fold changes: the same data as in Fig 1 h, but with X axis the LogFoldChange from
this study, the Y axis the LogFoldChange from the literature, and a scatter point for each DEG gene — this is

missing in Suppl. Fig. S2

Our response: We again express our gratitude for another excellent recommendation. We observed a strong
linear correlation between log(fold-changes) in our DEGs to logz(fold-changes) of Swindell et al.? DEGs
(Pearson r=0.84, p=4.9x107%83), and an even higher correlation to log.(fold-changes) of Grima et al.® DEGs
(r=0.90, p=3.6x10736). We have now added the scatter plots as new Supplementary Fig. S2a.

We have also added these results as follows, lines 171-173:

“Although shared DEGs were relatively independent of extent of fold-change (Fig. 2h) there was a strong

correlation of our DEGs to published DEGs (Supplementary Fig. S2a).”




o " @10
o r=0.84 o3 £ r=0.90
£ . £ .
= |p=4.9x1018 g28°° - 1G] p=3.6x10-36
@05 & o = 05 LA
c o =
£ . o =y
[ ® .

© ot =] . @ Up DEGs in our study
o0 B £ 0o

@ oo we < : ° © Down DEGs in our study
% & "’u ‘7, 8 °

505 % 25 °
%rn_a . e—n_, ..
= ° ";)K.

<
§)71 of . S0

‘1 0 0.5 0.0 05 1.0 41 0 0.5 0.0 0.5 10
Log,(fold-change) in our study  Log,(fold-change) in our study

new Supplementary Figure S2a. Scatter plot of logz(fold-change) in Swindell et al.? (left) and Grima et al.?
(right) DEGs versus log.(fold-change) in DEGs that overlap in our dataset.

Reviewer 1, comment 9: Suppl. Fig S3: It seems a bit contradictory that in the VolcanoPlots in Fig. 1, there is
only one or two genes with Log2FoldChange close to 1, but in this figure, 4 genes have a LogFoldChange ~
1.2. Also, were all four of these genes up-regulated? If any of them were down-regulated in ALS, it would help
to label the Y-axis here ‘Absolute Fold Change (ALS vs. Control)’. It would also help if these 4 genes are
labeled directly in the VolcanoPlots in Fig. 1a.

Our response: We again acknowledge the Reviewer’s thorough evaluation of our manuscript and express our
deepest appreciation. The reason for the discrepancy is the difference in scale between the plots. Fig. 2 (new
numbering, Fig. 1 old numbering) volcano plots are on a log.FC scale whereas Supplementary Fig. S3 is on
a fold-change scale (i.e., it is not log-transformed). All five genes were upregulated, which we have now
indicated in the figure legend as follows:

“gPCR validation of five selected upregqulated genes in an independent case-control cohort.”
We also reemphasize this in the results, which now states, lines 175-178:

“Finally, to confirm our RNA-seq results, we selected a new, independent cohort of 29 ALS and 27 control
participants (Table 2) and performed whole blood gPCR of 5 genes uprequlated in ALS, chosen based on
altered expression and biological relevance.”

We also completely agree on adding the five genes to the Fig. 2a (new numbering, Fig. 1a old numbering)
volcano plots, and updated versions have been resubmitted with our revised manuscript. We thank the
Reviewer for this excellent point.

a ALS versus Controls ALS versus Controls ALS versus Controls
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Revised Figure 2a. Volcano plots of DEGs in ALS cases versus controls in all participants (left), males
(middle), and females (right). Circles represent upregulated (deep red) and downregulated (deep blue) DEGs
in ALS meeting the criteria of absolute value of log.(fold-change)>0.1 (absLFC) and Benjamini-Hochberg (BH)-
adjusted p-value for false discovery rate (FDR)<0.01. Some immune-related DEGs annotated; neutrophil



markers (black outlined circles); natural killer cell markers (purple outlined circles). Grey, light red, and light
blue circles denote DEGs not meeting the criteria. The five select uprequlated DEGs validated by gPCR are
indicated in green font.

Reviewer 1, comment 10: QPCR validation: What was the rationale behind selecting exactly these 4 genes
for gPCR validation? They seem not to be in the top 10 Up- and Down-regulated DEGs? The statement
‘performed whole blood gPCR of 5 genes, chosen based on altered expression and biological relevance.’ is a
bit vague. Also, 4 genes are shown, not 5 as stated. Why are the RNA samples isolated with the miRNA kit of
PAXGene, when the selected 5 genes to validate were not miRNAs? Also, | don’t doubt on the quality of the
gPCR data, but it is still important to control with at least two house-keeping genes. gPCR — primers’
sequences should be provided

Our response: We thank Reviewer and agree we must clarify the presentation of our results in this section. In
redoing the gPCR to address the Reviewer’s suggestion to compare to two house-keeping genes, we now
have data on 5 genes, B2M, CAPZA1, RPS18, TNFSF10, and TPT1. We could not include the gPCR primer
sequences in the methods since these sequences were not provided by Thermo Fisher Scientific; however, we
have added the catalog numbers, as follows, lines 798-805:

“qPCR was performed using TagMan Gene Expression Master Mix (catalog no. 4369016, Thermo Fisher
Scientific) with TagMan Gene Expression Assay primers for B2M (catalog no. 4331182, Assay ID
Hs00187842_m1), CAPZA1 (catalog no. 4331182, Assay ID Hs04187789_g1), RPS18 (catalog no. 4331182,
Assay ID Hs01375212 g1), TPT1 (catalog no. 4331182, Assay ID Hs00372008_m1), and TNFSF10 (catalog
no. 4331182 Assay ID Hs00921974 m1) using both GAPDH (catalog no. 4331182 Assay ID Hs02786624 g1)
and ACTB (catalog no. 4331182 Assay ID Hs01060665_g1) as endogenous controls, and data were analyzed
by the delta-delta Ct+ method.”

With respect to the RNA isolation from blood using the PAXGene miRNA kit (catalog no. 763134, Qiagen),
despite the name, this kit yields “high-quality total RNA, including miRNA, for molecular analysis.”

Lastly, regarding selection of targets, the top up- and downregulated DEGs of Fig. 2c (new numbering, Fig. 1c
old numbering) were based solely on FDR. However, to select the gPCR targets, we considered multiple
characteristics of biological relevance, such as average expression (AveExpr>0 in the unit of log count per
million) and fold-change (absolute value of log,FC>0.2), as well as statistical significance (FDR<0.01) in DEGs
from overall ALS cases versus controls and stratified by sex, yielding 639 filtered DEGs. These 639 DEGs
were further filtered according to (i) AveExpr>5, (ii) FDR<0.05 stratified by sex, (iii) FDR<0.05 among DEGs
also adjusted for cell proportions, overall and stratified by sex, and (iv) differentially expressed by Wilcoxon test
(adjusted for batch effects, FDR < 0.05). We selected five targets from this list of 72 DEGs to perform qPCR,
which were among the top 20 differentiating ALS cases from controls or with some potential literature
relevance to ALS (beta-2-microglobulin [B2M],?® capping actin protein of muscle Z-line subunit alpha 1
[CAPZA1], ribosomal protein S18 [RPS18],%¢ tumor protein, translationally-controlled 1 [TPT1] a microtubule-
binding protein with roles in autophagy regulation,?”-?° and TNF superfamily member 10 [TNFSF10]).%°

Reviewer 1, comment 11: What are the characteristics of these controls? Clinical? Co-morbidities? In such a
large cohort, this should be considered

Our response: We completely agree with the Reviewer, and we have comprehensively collected comorbidities
in control participants. Among controls, the top 11 conditions (out of 881, present in 40 or more control
participants) were hypertension (n=69, 25.4%), allergy (n=66, 24.3%), arthritis (n=65, 23.9%), depression
(n=61, 22.4%), cataract (n=59, 21.7%), seasonal allergies (n=52, 19.1%), anxiety (n=48, 17.6%), GERD
gastroesophageal reflux disease (n=48, 17.6%), sleep apnea (n=48, 17.6%), hyperlipidemia (n=46, 16.7%),
and cancer CMS-HCC (n=44, 16.2%). All these conditions were present simultaneously in several individuals
(see Response Figure R3). Overall, our control cohort was representative of an older population of adults.



Response Figure R3. Upset plot among the top 11 conditions present in 40 or more controls participants
(n=272 total).
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Reviewer 1, comment 12: In the second paragraph of the results, “A gene expression signature predicts ALS

case status”: It is not clear how exactly the subset of samples to train the first round of classifiers is selected:
Why? Which samples? Cross-fold validation?

Our response: We thank the Reviewer for the comment and the opportunity to clarify our approach. In the
initial round to develop the classifier, we randomly split the full dataset into training (70%) and testing (30%)
subsets, while preserving the proportion of ALS cases and controls in each. We implemented this random
splitting using the createDataPartition function in the caret R package as follows:

set.seed(123)

trainIndex <- createDataPartition(data$ALS status, p = 0.7, list = FALSE)
trainData <- data[trainIndex, ]

testingData <- data[-trainIndex, ]

We then used the same training and testing sets across all seven machine learning algorithms to ensure
comparability. Importantly, we applied 10-fold cross-validation for hyperparameter tuning and model selection
within the training set during which the 30% testing dataset remained untouched.

Our approach is described in the Methods section as follows, lines 659-662:

“To compare machine learning classifiers for this task, a random 70% (n=487 total with n=296 ALS, n=191
controls) of the total gene expression dataset (n=694) was used for 10-fold cross-validation training with the
remaining 30% held out for testing (n=207 total with n=126 ALS, n=81 controls).”

We have now also further added as follows, lines 662-663:

“The same training and testing sets were used across all seven machine learning algorithms to ensure
comparability.”

Reviewer 1, comment 13: Is the statement “generating panels of 27 (FDR<0.01; Fig. 2b),” missing the
definition of the AvExpr threshold for this group? Otherwise it seems contradictory that filtering with fdr<0.01
gives 27 DEGs, but filtering with the same fdr<0.01 and an additional threshold AVExpr>2, gives more (i.e., 29)
DEGs. It would be expected that more stringent filtering further reduces the list of the DEGs

Our response: We thank the Reviewer and fully agree that we should supply more information. The three
gene panels in Fig. 3b-d (new numbering, Fig. 2b-d old numbering) are the resulting genes after XGBoost
feature selection. The input gene features for XGBoost for the 27-gene panel were 3,640 DEGs in ALS cases
versus controls after applying FDR<0.01 without any AvExpr filtering (1,999 upregulated, 1,641
downregulated). The input gene features for XGBoost for the 30-gene panel were 3,261 DEGs in ALS cases
versus controls after applying FDR<0.01 and AvExpr>0 filtering (1,751 upregulated, 1,510 downregulated).
Finally, the input gene features for XGBoost for the 29-gene panel were 2,621 DEGs in ALS cases versus



controls after applying FDR<0.01 and AvExpr>2 filtering (1,354 upregulated, 1,267 downregulated). Therefore,
Reviewer 1 is correct, the number of input DEGs decreased as more stringent filtering criteria were applied.

We have now clarified this methodology in Fig. 3a (hew numbering, Fig. 2a old numbering) and its
corresponding figure legend, lines 1,130-1,140:

We have also reworded the results as follows, lines 197-200:

“We retrained XGBoost on three groups of DEGs from our entire cohort (ALS cases, n=422; controls, n=272)
(Fig. 3a) filtered using the criteria FDR<0.01 (3,640 DEGSs), FDR<0.01 with AvExpr>0 (3,261 DEGSs), and
FDR<0.01 with AvExpr>2 (2,621 DEGS), yielding 27- (Fig. 3b), 30- (Fig. 3c), and 29-gene (Fig. 3d) panels,
respectively.”

Reviewer 1, comment 14: If the authors cite here that the XGBoost classifier based on the DEGs performs
well on the Grima test cohort, they should also cite how it performs on the Swindell dataset. The point that the
classifier is performing well on unseen data is the most critical in this paragraph, and crucial for the
manuscript’s main message, so it is important to make it convincing. | would even recommend comparing it to
even more datasets, and comparing with several of the classifiers, to convincingly demonstrate that there is an
underlying ground truth. It is not bad if other classifiers and other data (not whole blood, other platforms) don’t
perform that well, as long as a tendency is clearly visible.

Our response: This is an excellent Reviewer recommendation to further validate the utility of our case-control
classifier, and also aligns with Reviewer 3, comment 2. We initially applied our classifier to the Grima et al.?
dataset since that study also leveraged RNA-seq, compared to the Swindell et al.? dataset, which relied on
microarray. RNA-seq has better dynamic range and sensitivity for quantifying expression of low-abundance
transcripts;3! therefore, we felt a comparison of our classifier, built on RNA-seq gene expression, would be
optimal against the Grima et al.® dataset. Additionally, 12 out of 46 gene features from our XGBoost models
were missing from the van Rheenen et al.}/Swindell et al.? datasets, which would lower accuracy. However, we
do completely agree with Reviewer 1 that, for the best demonstration of the universality of our classifier,
applying it to the Swindell et al.? dataset would be informative.

Despite the above-stated limitations, our classifier still performed well, with AUCs ranging from 0.654 to 0.704
in the van Rheenen/Swindell GSE112676 dataset (233 ALS cases versus 508 controls, microarray) and 0.691
to 0.747 in the van Rheenen/Swindell GSE112680 (164 ALS cases versus 137 controls, microarray)
(Supplementary Fig. S5). For the genes missing in the van Rheenen/Swindell datasets, we used their median
value in the training dataset to replace the missing values.

We have added our analysis to the results as follows, lines 208-211:

“Additionally, we externally evaluated our classifier in the van Rheenan et al.}/Swindell et al.? cohort, attaining
AUCs of 0.654 to 0.747 despite the microarray nature of the dataset, which also lacked 12 out of 46 gene
features from our XGBoost models (Supplementary Fig. S5).”

We have also added the full results as new Supplementary Figure S5.

new Supplementary Figure S5. Performance metrics for predicting case status by the three XGBoost-
selected gene panels plus the combined panel on the external Rheenan et al.}/Swindell et al.? dataset. AUC,
area under the receiver operating characteristic curves.

van Rheenen et al.'/Swindell et al.? (233 ALS van Rheenen et al.'/Swindell et al.2 (164 ALS
cases versus 508 controls, microarray, cases versus 137 controls, microarray,
GSE112676) GSE112680)
27-gene 30-gene 29-gene Combined 27-gene 30-gene 29-gene Combined

panel panel panel 46-gene panel panel panel 46-gene

panel panel
Accuracy 58.97% 64.10% 59.38% 60.73% 62.13% 67.44% 64.78% 64.78%

Balanced o o o o o o o o
accuracy 60.32% 64.76% 61.09% 61.95% 61.99% 67.18% 64.62% 64.62%
Sensitivity 63.95% 66.52% 65.67% 65.24% 63.41% 70.12% 66.46% 66.46%




Specificity 56.69% 62.99% 56.50% 58.66% 60.58% 64.23% 62.77% 62.77%

AUC 65.42% 70.40% 66.54% 67.71% 69.05% 74.65% 70.78% 71.79%
Precision 40.38% 45.19% 40.91% 41.99% 65.82% 70.12% 68.12% 68.12%
F1 Score 49.50% 53.82% 50.41% 51.09% 64.60% 70.12% 67.28% 67.28%

Regarding the possibility to test our classifier in PBMCs, related to Reviewer 1, comment 2, the two datasets
GSE106443 and GSE115259 combined contain only 27 ALS cases and 7 controls. As a distinct type of
sample, the cell composition of PBMCs differs from whole blood, so our classifier may not necessarily predict
accurately. Additionally, the PBMC dataset is small and imbalanced in case-control, making scaling of the
dataset challenging.

We also tested the same three gene panels using other classifiers: LASSO, elastic net, and random forest.
Interestingly, the alternative classifiers performed comparably well (Response Table R1), demonstrating the
robustness of the selected gene features.

Response Table R1. Performance metrics of elastic net, LASSO, and random forest models on the three gene
panels for predicting case status in the external Grima et al.® dataset. AUC, area under the receiver operating
characteristic curves.

Training data 10-fold cross-validation metrics Testing data metrics

(intemal data, 422 ALS + 276 control) (external, 86 ALS + 46 control)
Elastic Net g —_— - Balanced —_ P - Balanced
(11:1220.5) Accuracy sensitivity Specificity Precision Accuracy Accuracy sensitivity Specificity Precision Accuracy
Gene-27 92.94 98.19 94.98 89.84 94.16 93.49 92.41 82.58 89.43 84.88 78.26 86.39 87.95 81.57
Gene-29 93.52 97.84 95.42 90.40 94.64 93.98 9291 83.33 88.30 86.05 78.26 87.06 88.10 82.15
Gene-30 93.81 97.98 95.22 91.81 94.83 94.52 93.52 85.61 89.84 91.86 73.91 89.27 86.81 82.89

Training data 10-fold cross-validation metrics Testing data metrics

(internal data, 422 ALS + 276 control) (external, 86 ALS + 46 control)

Balanced
Accuracy

Balanced
Accuracy

LASSO Accuracy AUC sensitivity  Specificity F1 Precision

Accuracy AUC sensitivity Specificity F1 Precision

Gene-27 93.22 98.25 94.22 91.62 94.32 94.52 92.92 83.33 89.33 84.88 80.43 86.9 89.02 82.66
Gene-29 93.66 97.64 95.19 91.07 94.75 94.43 93.13 81.82 88.47 83.72 78.26 85.71 87.8 80.99
Gene-30 93.80 97.92 95.00 91.94 94.86 94.76 9347 83.33 90.75 88.37 73.91 87.36 86.36 81.14

Testing data metrics
(external, 86 ALS + 46 control)

Gene-27 78.03% 87.65% 86.05% 63.04%
Gene-29 80.30% 87.97% 84.88% 71.74%
Gene-30 81.06% 89.12% 87.21% 69.57%

Reviewer 1, comment 15: Fig2: | think there’s a typo in the Grima dataset description in the figure, the ALS
cases are n=86, not n=96, right?

Our response: We thank the Reviewer for noting this typo through their careful review. Yes, the number of
ALS cases should be 86. The Grima et al.® paper describe 96 sporadic ALS cases, but the deposited dataset
GSE234297 includes data for only 86 cases. We have remade Fig. 3a (new numbering, Fig. 2a old
numbering) in response to Reviewer 3, comment 12.

Finally, we would like to express our deepest gratitude to Reviewer 1 one last time. Addressing Reviewer 1’s
comments has significantly strengthened the presentation of our data and the new requested analyses
expanded and markedly improved the scope of our manuscript.



Reviewer 2

| co-reviewed this manuscript with one of the reviewers who provided the listed reports. This is part of the
Nature Communications initiative to facilitate training in peer review and to provide appropriate recognition for
Early Career Researchers who co-review manuscripts.

Reviewer 3

Zhao et al., profiled whole blood by RNA-seq from ALS cases (n=422) versus controls (n=272) with the goal of
developing an ALS diagnostic tool. This represents the largest sample set of its kind. The authors use the
dataset to perform DEG analysis and identify a gene expression signature that differentiates ALS cases from
controls; use machine learning algorithms to predict ALS case status and survival; perform pathway analysis to
reveal disease associated signatures like immune pathways, RNA processing and energy production; and
lastly perform an in silico drug perturbation analysis based on “core genes” that are perturbed in blood as well
as iPSC models of TDP-43 KD and ALS spinal cord samples. The study provides a valuable resource for the
community and makes some interesting observations. The main thrust is the potential diagnostic/prognostic
tool based on gene expression signatures in the blood. This could prove to be very useful. However, as
presented the findings seem preliminary and require additional validation.

Our response: We are grateful to Reviewer 2 for their expert and insightful critiques of our manuscript. We
have responded to all these helpful suggestions, as outlined in detail below, which, we believe, contributed to
better depth and clarity in the manuscript.

Reviewer 3, comment 1: Fig 1. The DEGs between patients and controls are not particularly insightful and
entirely descriptive. What is the interpretation of the 50% and 46% overlap between this dataset and the
Swindell and Grima DEGs?

Our response: We agree with the Reviewer on the descriptive nature of Fig. 2d-e (new numbering, Fig. 1d-e
old numbering). We also realize we did not sufficiently explain our motivation for examining the overlap, which
was to assess the extent our dataset reflected previously published datasets, based on DEGs. We have
reassessed the overlap following more stringent statistical analyses, also requested by Reviewer 1, comment
7, and we kindly direct Reviewer 3 to our response therein. We have also, besides the Venn diagram,
generated volcano plots to better illustrate log.FC of the overlapping and unique DEGs, aligned with Reviewer
1, comment 8. Additionally, we have performed pathway enrichment of the overlap DEGs to identify the most
recurrent, shared pathways, and of the unique DEGs to pinpoint the least recurrent pathways, outlined in our
response to Reviewer 1, comment 7. The most significant neurodegenerative term was “Alzheimer’s disease”,
which occurred among consistent DEGs, along with other relevant terms, including “IL-17 signaling pathway”,
“autophagy — animal”, “mTORC1 signaling”, and “interferon alpha response”.

This is now stated in the results as follows, lines 165-170:

“The DEGs consistent across the three studies were enriched with “Alzheimer’s disease”, as well as other
relevant terms, including “IL-17 signaling pathway”, “autophagy — animal”, “mTORC1 signaling”, and “interferon
alpha response”. Among neurodegenerative relevant disease pathways, “Parkinson disease”, “oxidative
phosphorylation”, and relevant immune pathways were uniquely enriched in our DEGs (Supplementary Fig.

Slc).
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new Supplementary Figure S1lc. KEGG and MSigDB Hallmark pathway enrichment analysis of our DEGs
that are consistent and unique with Swindell et al.? and Grima et al.® literature DEGs.

Reviewer 3, comment 2: Fig 2. The use of the machine learning algorithms is intriguing, but the utility of these
tools should be tested further in other datasets beyond Grima. Why not use the Swindell dataset to determine
the accuracy of these tools to predict ALS case status?

Our response: We thank the Reviewer for this excellent suggestion and kindly refer them to our response to
Reviewer 1, comment 14, which is directly aligned with and fully addresses this comment.

Reviewer 3, comment 3: Additional testing against disease mimics such as AD, PD, MS etc. will assess the
potential advantage of this approach and specificity relative to NfL levels as the authors discuss in the
introduction. Furthermore, transforming this to a PCR panel and use it in an independent dataset is a critical
step towards validating the utility of it as a useful biomarker, which is the intend of the study. The description
and presentation of the algorithms is not intuitive and should be improved.

Our response: We completely share the Reviewer’s perspective on the need to test against disease mimics
and transforming the classifier into a PCR panel. Our current classifier was not trained incorporating
transcriptomics data from ALS mimics and, therefore, cannot be applied to differentiating ALS cases from ALS
mimics in its current form. Building a classifier for ALS-ALS mimic classification, as well as a PCR format, are
both future avenues that are outside the scope of the present study. Prior to our work, it was uncertain whether
blood transcriptomics could be leveraged to predict case-control status. Earlier papers, van Rheenen et
al./Swindell et al.?2 and Grima et al.,3 successfully applied blood transcriptomics for case-control classification
in their respective cohorts but not to external cohorts. Therefore, our work achieved a crucial step by
ascertaining that blood transcriptomics can successfully perform case-control classification in independent
cohorts and that the methodology is robust even among heterogenous ALS cases and diverse cohorts.

Having accomplished this, we are now poised to make further advances by integrating blood transcriptomics of
ALS mimics to build a classifier that will be helpful for differential diagnosis and, further, develop it into a PCR
panel. However, this will require, per our power calculations, 75 cases of each of the most common ALS
mimics, including inclusion body myositis, inflammatory demyelinating neuropathies (chronic inflammatory
demyelinating neuropathy, multifocal motor neuropathy with conduction block), and cervical and lumbosacral
radiculopathy, for a total of 225 participants. While out of the scope of this manuscript, our plan is to recruit
these cohorts, as the ability to distinguish ALS from ALS mimics is an important future direction. Once we
identify the gene panel for the best performing ALS-ALS mimic classifier, we will need to optimize for multiplex
gPCR biomarker by testing technical concordance, another future direction for us.

We have better formulated the path forward, as follows, lines 499-504:



“Now that our study has shown blood transcriptomics can accurately predict case-control status in external
cohorts, we can begin to assess potential utility for classification versus ALS mimics and in presymptomatic
ALS mutation carriers prior to phenoconversion. We envision possible translation to a clinically viable platform
that could accelerate ALS diagnosis and provide patients, based on their personalized gene expression
profiles, anticipated survival times.”

Lastly, we have edited the methods to clarify the description of the algorithms. The part for 10-fold cross-
validation with XGBoost now reads as follows, lines 680-685:

“Using each set of filtered DEGs as input, three initial models were trained with a learning rate of 0.1, max
depth 20, lambda 0.0003, alpha 0.0003, and learning task set to binary classification by logistic regression
outputting probability. For feature selection for each of the three models, based on the relative importance of
each feature, we repeatedly fit the models with the same hyperparameters by excluding the least important
features in each iteration (i.e., recursive feature elimination).”

Reviewer 3, comment 4: Fig 3. Incorporating 8/18 genes on top of clinical features appears to result in only
modest improvements to AUC. Authors are careful to specify their models generated “numerically larger AUC
values” but p-values presented somewhere would be appreciated. It's unclear whether there is statistical
significance. If not, then what is real value of adding genes? This section is not well written—in the end | was
left wondering whether the signature accurately predicted ALS survival or not in the Grima dataset.

Our response: We deeply appreciate the Reviewer’s critical feedback and fully agree that a statistical
assessment of AUC improvements is necessary. To address this, first we performed paired comparisons of
time-dependent AUCs across 30 random train/test splits for each year (1-8) in our internal dataset.® We
applied the Wilcoxon signed-rank test at each time point to compare models, and adjusted the p-values by the
Bonferroni method. The results show that adding 18 genes (selected by a stepwise model) or 8 genes
(selected by the XGBoost model) to clinical variables statistically significantly improved AUCs over the
baseline (clinical variables only) model in our internal dataset, particularly between years 4-8 (adjusted p-
values<0.01 at most time points, new Supplementary Fig. S6a).

New Supplementary Figure S6a. Comparison of stepwise, XGBoost, and clinical variables only models
for predicting survival. Wilcoxon signed-rank pairwise comparisons of time-dependent ROC AUCs at each
year across 30 random train-test splits for models: stepwise (18-stepwise selected genes + clinical variables),
XGBoost (8-XGBoost selected genes + clinical variables), and clinical variables only (clinical variables).

Stepwise vs clinical variables only XGBoost vs clinical variables only XGBoost vs stepwise

Year AAUC* 95%Cl ’;‘_’\J/ usted  aauc 95%Cl /;‘f’\‘/ usted  aaucr 95%Cl Ap‘_j\J/ usted
1 -0.096 (-0.193, 0.036) 0.46 -0.03 (-0.078, 0.012) 0.33 0.059 (-0.066, 0.182) 0.87
2 0.041 (0.021, 0.063) 0.00057 0.019 (0.001, 0.037) 0.12 -0.022 (-0.045, 0) 0.15
3 0.031 (0.011, 0.051) 0.015 -0.01 (-0.027, 0.006) 0.59 -0.042 (-0.06, -0.024) 0.00024
4 0.067 (0.045, 0.088) 1.50E-05 0.025 (0.011, 0.038) 0.006 -0.044 (-0.062, -0.023) 0.00027
5 0.071 (0.049, 0.09) 4.30E-06 0.038 (0.022, 0.053) 7.10E-05 -0.032 (-0.052, -0.011) 0.012
6 0.071 (0.046, 0.097) 9.70E-06 0.053 (0.035, 0.071) 1.50E-05 -0.017 (-0.043, 0.01) 0.69
7 0.08 (0.059, 0.103) 7.60E-07 0.069 (0.049, 0.087) 1.20E-06 -0.011 (-0.032, 0.007) 0.74
8 0.081 (0.058, 0.105) 7.60E-07 0.08 (0.059, 0.101) 2.40E-07 0.001 (-0.021, 0.023) 1

* AAUC = mean(AUCaroup1 — AUCaroup2) for Group 1 versus Group 2;

# Adjusted p-values were calculated by Bonferroni correction; statistically significant values (adjusted p-value<0.05) in bold.

We now state this in the results, as follows, lines 225-228:

“Next, we predicted survival in thirty random train-test splits of our internal dataset; compared to the clinical
variables only model, the stepwise model had significantly larger AUC values for years 2 to 8, whereas
XGBoost had higher AUCs for years 4 to 8 (Fig. 4d, Supplementary Fig. S6a, Supplementary Table S4).”



In the Grima et al. dataset,® we took a different approach since it was used for testing only. First, we classified
the Grima et al. ALS patients as shorter-, intermediate-, or longer-surviving based on the risk scores predicted
by our survival classifiers. In this analysis, including gene features in the XGBoost model improved overall
survival classification as shown by maximizing median survival differences between shorter- versus
intermediate- and intermediate- versus longer-surviving participants, p<0.0001 (Fig. 4h, new numbering),
versus the clinical variables only model. Additionally, including gene features in the stepwise model improved
survival classification earlier in the disease course because it maximized median survival differences between
shorter- versus intermediate-surviving participants, p<0.0001 (Fig. 4g, hew numbering), versus the clinical
variables only model. In addition, for each model, we performed pairwise log-rank tests with Bonferroni-
adjusted p-values (new Supplementary Fig. S6c). The XGBoost model discriminated all pairwise
comparisons while the clinical variables only models could not discriminate intermediate- from shorter-surviving
participants, using an adjusted p-value cutoff of 0.05. Finally, we tested the difference between the clinical
variables only model and each of the XGBoost and Stepwise models based on their concordance index (C-
index) using the compareC R package. The XGBoost model (C-index=0.69) showed significantly higher C-
index (p=0.05) than the clinical variables only model (C-index=0.66), however the stepwise model did not (C-
index=0.65, p>0.05).

New Supplementary Figure S6c¢. Log rank p-values of pairwise comparisons among longer, intermediate,
and shorter survival groups based on predictions from the three models using the external Grima et al.
dataset.?

Clinical variables only Stepwise XGBoost
Pairwise log- Longer versus intermediate 0.036 0.177 0.00068
rank test Longer versus shorter 0.0003 0.033 1.30E-07
p-value Intermediate versus shorter 0.1019 0.261 0.0064
Compare C- C-index 0.66 0.65 0.69
index p-value (vs. Clinical variables only) >0.05 0.05

We now state this in the results, as follows, lines 249-253:

“Overall, the XGBoost model outperformed the clinical variables only model for differentiating among survival
groups in both the internal and external Grima et al. datasets (Supplementary Fig. S6a,c). This wider
difference, reflecting a stronger overall distinction in survival classification by XGBoost, incorporated gene
features, versus the clinical variables only model.”

We also changed the subtitle in lines 214:
“A gene expression signature predicts ALS survival”

Finally, we would also like to refer the Reviewer to our response to Reviewer 4, comment 3, where we
demonstrate the performance of the genes only models, showing that genes only models independently
contribute to survival prediction.

Reviewer 3, comment 5: Fig 4. A Venn diagram of adjusted/unadjusted DEGs would be helpful.

Our response: We fully agree with Reviewer 3 and have added the overlap between adjusted and unadjusted
DEGs as new Supplementary Fig. S16. Please note that we have changed “unadjusted” to “primary” analysis
in our revised version, per Reviewer 3, comment 8.

To quantitatively assess the overlap between these DEG sets, we performed Fisher’s exact tests and
calculated overlap scores (Jaccard index) separately for upregulated, downregulated, and all DEGs. Each
analytical model (primary and adjusted) identified hundreds of unique DEGs in both up- and downregulated
directions, underscoring distinct biological insights inherent to each model. Despite these differences, we
observed substantial overlap:

All DEGs (up + down): Fisher’s exact test showed a significant enrichment (p<2.2x108, odds ratio = 19.0,
95%CI 17.39-20.73) with a Jaccard index of 0.43.



Upregulated DEGs: Fisher’s exact test showed a significant enrichment (p<2.2x10-16, odds ratio = 44.8, 95%ClI
39.76-50.65) with a Jaccard index of 0.45.

Downregulated DEGs: Similarly, Fisher’'s exact test showed a significant enrichment (p<2.2x10-1¢, odds ratio =
42.0, 95%CI 37.06-47.74) with a Jaccard index of 0.42.

Together, these results indicate that the DEG signatures from primary and adjusted models are statistically
robust and directionally concordant.

a Overall b  Upregulated ¢ Downregulated

Adjusted Adjusted Adjusted

New Supplementary Figure S16. Overlap of differentially expressed genes (DEGSs) in ALS versus
control blood samples in primary analyses and analyses adjusted for cell proportions. Venn diagram of
overlap between Ensembl IDs of primary DEGs (grey) and DEGs adjusted for cell proportions (blue) (a)
overall, (b) upregulated, and (c) downregulated.

Additionally, we have alluded to the overlap in the results, as follows, lines 654-656:

“There was substantial overlap in DEGs for our primary analysis and adjusted for cell proportions, but the two
DEGs analyses also identified hundreds of unique up- and down-DEGs (Supplementary Fig. S16).”

Reviewer 3, comment 6: Fig 4. As this data is based on bulk RNA Seq some of the DEGs could be driven by
different cell proportions.

Our response: This is a very important point, which we completely agree with. In bulk RNA-seq, different cell
proportions can indeed drive DEGs, and, consequently, pathways as well. This is why we performed two
analyses in our submitted manuscript, one we called “unadjusted” and another we called “adjusted”. The
unadjusted (now called “primary”) analysis did not include cell proportions in the linear model for identifying
DEGs, whereas the adjusted analysis included proportions of CD4 T cells, CD8 T cells, monocytes, natural
killers, B cells, and neutrophils, computationally estimated using the FlowSorted.Blood.EPIC R package®? from
DNAm data previously collected in this deeply phenotyped cohort. We determined that DNAmM was a better
method to compute cell proportions than RNA, at least in this dataset, by comparison to empirically determined
cell proportions by flow cytometry. We also performed pathway enrichment of both the unadjusted (now called
“primary”) and adjusted DEGs, which in Fig. 5 (new numbering, Fig. 4 old numbering) are shown as
“Enrichment of whole blood primary DEGs” and “Enrichment of whole blood DEGs adjusted for cell
proportions”.

Our methodology is outlined in our Materials and methods section, within the subsections “Identification of the
relative abundance of different cell types in blood (cell proportions)”, lines 577-606, and “Differential gene
expression analysis”, lines 608-656.

Please note that only pathway enrichment and drug perturbation employed both the primary and adjusted
DEGs, since cell proportions influence the biological processes linked to these analyses. On the other hand,
case-control and case survival prediction analyses used only the primary analysis DEGs, since prediction only
needs to consider whether a biomarker can differentiate case-control or survival without considering the



underlying biology. We emphasize this in new Fig. 1, an overview of the study design, in response to
Reviewer 3, comment 12.

Reviewer 3, comment 7: Fig 4. Are there differences based on disease status or long/short classification?

Our response: We thank the Reviewer for their insightful suggestion to evaluate pathway differences between
ALS participants by shorter versus longer survival or by disease status. We first considered the longer versus
shorter survivor comparison, but survival time is influenced by many factors beyond disease stage—such as
age at onset, diagnostic delay, and individual variability in disease trajectory—making it an indirect and
potentially heterogeneous marker of disease biology.

Therefore, to more directly capture the molecular changes associated with disease severity, we focused on
ALSFRS-R scores, a clinically validated measure of functional impairment. We performed gene set enrichment
analysis (GSEA) of participants in the lowest quartile of ALSFRS-R (representing more functional impairment)
versus the highest quartile of ALSFRS-R scores (representing less functional impairment). We used the —
Logio(p-value) x sign(Log[fold-change]) as the statistic to rank the gene list for inputs to GSEA, where the p-
values and sign(LogFC) were from our primary DEGs and from DEGs adjusted for immune cell type
proportions.

We identified a set of enriched pathways that consistently distinguished low ALSFRS-R (more impairment)
from high ALSFRS-R (less impairment) cases across both analyses (new Supplementary Fig. S11). These
shared pathways support a robust biological signal related to neurodegeneration, immune dysregulation, and
metabolic stress. Key examples include:

Neurodegeneration-related pathways: Amyotrophic lateral sclerosis, Alzheimer’s disease, Huntington’s
disease, Parkinson’s disease, prion disease, and pathways of neurodegeneration — multiple diseases.

Metabolic dysfunction: Oxidative phosphorylation, glycolysis, fatty acid metabolism, carbon metabolism,
adipogenesis, and diabetic cardiomyopathy.

Immune and inflammatory: Interferon gamma and alpha responses, IL6-JAK-STAT3 signaling, IL2-STAT5
signaling, allograft rejection, complement cascade, inflammatory response, and phagosome.

Stress and tissue remodeling: Mtorcl signaling, hypoxia, epithelial-mesenchymal transition, cytoskeleton in
muscle cells, and ECM-receptor interaction.

Notably, a few pathways from the primary analysis model, such as apoptosis, PIS3K-AKT-mTOR signaling, and
necroptosis, may still reflect biologically meaningful processes related to neuronal cell death and survival, and
thus warrant further investigation. However, their absence in the adjusted analysis suggests that their signal
may be partially confounded by cell-type heterogeneity rather than reflecting disease-intrinsic transcriptomic
regulation.

Overall, the dysregulated pathways associated with ALSFRS-R score support a robust biological signal related
to neurodegeneration, immune dysregulation, and metabolic stress.

This analysis is now presented in the results, as follows, lines 297-302:

“We also examined pathway enrichment of primary DEGs and DEGs adjusted for cell proportions by disease
severity by analyzing the lowest (most functionally impaired) versus highest (least functionally impaired)
guartile of ALSFRS-R scores. Overall, we found pathways linked to more severe disease reflected in lower
ALSFRS-R scores were related to neurodegeneration, immune dysregulation, and metabolic stress
(Supplementary Fig. S11), key ALS pathophysiological processes.”

We have added to the methods, as follows, lines 767-772:

“Gene set enrichment analysis was performed on participants in the lowest quartile of ALSFRS-R (most
functionally impaired) versus the highest quartile of ALSFRS-R scores (least functionally impaired). —Logo(p-
value) x sign(Log[fold-change]) was used as the statistic to rank the gene list for inputs to gene set enrichment
analysis, where p-values and sign(LogFC) were from primary DEGs and DEGs adjusted for cell type
proportions.”
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new Supplementary Fig. S11. Pathway analysis by gene set enrichment analysis of the blood
transcriptome in lower versus higher ALSFRS-R scores from ALS participants.

(a) Lower ALSFRS-R scores (n=107, ALSFRS-R<32, bottom 25%) and higher ALSFRS-R scores (n=112,
ALSFRS-R241, top 25%) from ALS participants based on ALSFRS-R score at first clinic visit. Pathways unique
to enrichment analysis of (b) primary DEGs and (c) DEGs adjusted for cell type proportions. (d) Top 30
pathways shared by enrichment analysis of both primary DEGs and (c) DEGs adjusted for cell type

proportions.



Reviewer 3, comment 8: Fig 4. Authors use the same RNA PCs in both their adjusted/unadjusted model.
They should check whether any of the RNA PCs correlate with cell abundance (and thus would already be
adjusted for in their model).

Our response: We appreciate the Reviewer's comment and have clarified our use of RNA principal
components (PCs) across models. Specifically:

e For the model adjusted for cell proportions, we included 8 RNA PCs (PC,, PCs—PCi0). We excluded
PC; and PC; because both correlated to case-control status after adjusting for cell proportions.

e For the primary model, we included 9 RNA PCs (PC,—PCip), excluding only PC4, which correlated to
case-control status.

In response to the Reviewer’s suggestion, we evaluated whether any of the RNA PCs significantly correlated to
estimated cell proportions (neutrophils, natural kill cells [NKs], CD8 T cells, monocytes, B cells). Pearson
correlation identified seven PC—cell type pairs that met the criteria |r|>0.25 and Bonferroni-adjusted p<0.05
(new Supplementary Fig. S15a). So, indeed, three of the PCs (3, 4, and 9) are estimated to account for a
portion, but not all, of the cell type proportions effect (new Supplementary Fig. S15b).

PC10 1.0e+00 1.9e-08 1.0e+00 6.7e-03 1.0e+00
PC9 1.0e+00 1.8e-24 9.3e-08 1.1e-14 1.3e-11
PC8 1.0e+00 1.0e+00 1.0e+00 1.0e+00 1.0e+00
PC7 1.0e+00 1.0e+00 1.0e+00 1.0e+00 7.2e-01
Pearson r
) 0.6
PC6 9.1e-03 6.1e-03 1.0e+00 8.1e-04 7.8e-03 0.4
0.2
PC5 7.3e-03 40e-03 1.0e+00 1.0e+00 2.8e-01 0.0
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new Supplementary Figure S15a. Heatmap of Pearson’s correlation results between RNA PCs and cell type
proportions. Legend and box colors indicate Pearson’s correlation coefficients; box numbers indicate
Bonferroni-adjusted p-values.

new Supplementary Figure S15b. RNA PCs that correlate to cell type proportions.

Principal components Cell types r Adjusted p-values
PCs Neutrophils 0.602098 5.56E-68
PCs B cells -0.35685 1.43E-20
PCs CD8 T cells -0.31906 3.46E-16
PC4 Neutrophils -0.28032 2.68E-12
PCo Monocytes 0.386587 1.85E-24
PCo NK cells 0.304874 1.07E-14
PCo CD8 T cells 0.272732 1.33E-11




We tried removing the PCs that were correlated with cell type proportions (PCs, PC4, & PCo) but this
reintroduced batch effects between library preparation types (new Supplementary Fig. S15c), so we returned
to the original model.
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new Supplementary Figure S15c. Principal component analysis (PCA) of gene expression residuals from
(left) linear model with RNA PCaz.10 and (right) linear model with RNA PC;, PCsg, and PC1o. Each dot is a
sample colored by library preparation type, polyA selection (blue), rRNA depletion (orange).

Performing the same analyses without PCs, PC,4, and PCo (i.e., reintroducing some batch effects, but without
accounting for any cell type proportions) modestly shifted DEGs detection and minimally impacted pathway
results, compared to the original model. For upregulated genes, 1,693 DEGs overlapped, with 306 unique to
the primary analysis and 60 unique to the model without PCs, PC.4, and PCy; for downregulated genes, 1,412
overlapped, with 229 and 144 unique to each model, respectively. Pathway comparisons showed 24 shared
pathways, with only minor differences in pathways gained or lost between models. These results suggest that
while some modest changes occurred, the overall biological interpretation remains consistent.

This is now summarized in the methods, as follows, lines 647-654:

“Correlation analysis between RNA PCs and estimated cell proportions (neutrophils, NKs, CD8 T cells,
monocytes, B cells) by Pearson correlation identified seven PC—cell type pairs that met the criteria |r]>0.25 and
Bonferroni-adjusted p<0.05 (Supplementary Fig. S15a-b). Removing the PCs that correlated with cell type
proportions (PCs, PC4, & PCy) reintroduced batch effects between library preparation types (Supplementary
Fig. S15c); therefore, the original model was retained, called the “primary” analysis, which accounted, in part
only, for cell proportions, in contrast to the analysis that adjusted for the remainder of cell proportions (i.e.,
referred to as adjusted for cell proportions).”

Reviewer 3, comment 9: Fig 5. Unclear what the contribution of the whole blood transcriptomic dataset is to
the drug perturbation analysis relative to the iPSC neurons and spinal cord datasets. Using core genes from
each would clarify this concern and increase the confidence in the potential utility of these so-called therapeutic
candidates.

Our response: We appreciate the Reviewer's comments regarding core genes. Indeed, we completely agree
with the Reviewer and this is the methodology we adopted. We identified “core genes” from the overlap of our
blood transcriptomics DEGs (primary and adjusted for cell proportions) with iPSC-derived TDP-43 knockdown
neurons and postmortem spinal cord DEGs. We called these “core genes” as the DEGs that were shared by
blood with these two ALS-related cells/tissues, and, thus, were more related to the ALS disease process. We
then used these “core genes” for the drug perturbation analysis to increase our odds of identifying therapeutic
candidates with potential efficacy across all tissues, i.e., targeting the overall ALS disease process. We now
realize that this was not clear for readers since the approach was buried in supplementary figures. We have
now moved these figures to a new Fig. 6a-d to better illustrate our methodology to readers. We are very
thankful Reviewer 3 brought this issue to our attention.



Reviewer 3, comment 10: Fig 5. Assessing the effects of 1-2 of these drugs on an in vitro model of ALS
pathology is critically important to substantiate the utility of the in-silico analysis.

Our response: We thank Reviewer 3 for this excellent suggestion to validate our drug perturbation analysis.
We employed our previously developed in vitro ALS model of primary motor neurons (MNs) with glutamate-
induced excitotoxicity3334 to test trifluoperazine (TFP) identified by our drug perturbation analysis. TFP is a
typical antipsychotic primarily used to treat schizophrenia, a neuropsychiatric disorder that may overlap with
ALS.19 Trifluoperazine is also a potent allosteric modulator of the human purinergic P2X7 receptor.> P2X7
receptor antagonism has been proposed as an ALS therapeutic strategy by modulating neuroinflammation.®

Briefly, on day 1, spinal cords were collected from E15 Sprague-Dawley rat embryos and perineural
membranes were removed in L-15 media. Spinal cord tissue was minced, digested in trypsin, triturated, and a
cellular gradient was established in Opti-Prep at 2,000 rpm (cat# D1556, Sigma). The top layer was collected,
rinsed in L-15 media, and plated on poly-lysine coated wells in 96-well plates in MN plating media (MN feed
media + L-glutamine). MNs were cultured in MN feed media (MN nutrient stock, NeuroBasal media, B-27, pen-
strep) until day 7 when experiments were conducted in MN treatment media (MN feed media without B-27).
Conditions included MNs alone, MNs with 100 puM glutamate for 6 h (ALS model), and MNs co-treated with 100
UM glutamate and 0.5 and 10 uM TFP for 6 h (cat# 15068, Cayman Chemical, Ann Arbor M, reconstituted in
DMSO at 20 mg/mL). Apoptosis was measured using a bioluminescence assay (cat# G8091, Caspase-Glo 3/7
Assay) on a plate reader.

TFP dose-dependently protected MNs from glutamate-induced excitotoxicity; at a TFP dose of 10 uM, the
concentration we performed drug perturbation at, the extent of apoptosis did not differ from the MN control
condition. Thus, this preliminary in vitro experiment supports the results of our drug perturbation analysis for
TFP. Primary MN culture is work intensive and utilizes rat embryos; we are currently optimizing a screening
approach in iNeurons, as we previously derived from ALS patient-derived inducible pluripotent stem cells.®®> We
will be expanding on this future research direction.

Response Figure R4. TFP dose-dependently protects MNs from glutamate-induced excitotoxicity. MNs
treated with TFP (0.5 and 10 uM) did not differ in extent of apoptosis to control MNs. Kruskal-Wallis with
Dunn's multiple comparisons test versus MNs control. *p<0.05.
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Reviewer 3, comment 11: Discussion. This section is well written and informative and the addition of a
limitations and strengths section is great for the reader.

Our response: We thank Reviewer 3 for their favorable assessment of our manuscript’s discussion section,
which we hope contextualized our work relative to the current blood transcriptomics, diagnosis, and prognosis
landscape in ALS.

Reviewer 3, comment 12: Figure 2a isn’t an effective schematic. No idea what it means

Our response: We thank the Reviewer from bringing this to our attention. We asked our visualization expert to
generate a hew schematic, which we hope will be more informative. This new Figure 1 shows the study



overview, and also clarifies the process for filtering DEGs and the resulting gene panels from Figure 3a (new
number, Figure 2a old numbering). Additionally, we have updated Figure 3a (new number, Fig. 2a old
numbering) itself to better explain our process for filtering DEGs, resulting in the 27-, 30-, and 29-gene panels.

The new Figure 1 legend is as follows, lines 1,090-1,109:

“(a) Blood samples collected from cases and controls were processed for RNA-seq. (b) Differentially
expressed genes (DEGS) in ALS cases versus controls were identified using both a primary (unadjusted) and
an adjusted analysis for immune cell proportions. (c) (i) ALS case-control classifier: Comparison of seven
machine learning (ML) algorithms (Part 1); Improving the performance of the best-performing ML algorithm
XGBoost (Part 2); Testing the three gene panels plus a combined 46-gene panel on our internal and the
external Grima et al.® datasets (Parts 3 and 4, respectively). Results shown in Fig. 3. (ii) ALS case survival
classifier: Criteria applied for gene filtering (Part 1); Training two ML algorithms, XGBoost and stepwise, using
gene features with clinical variables (Part 2); Comparing XGBoost and stepwise (gene features + clinical
variables) to a clinical variables only model in our internal and the external Grima et al.® datasets (Parts 3 and
4, respectively). Results shown in Fig. 4. (iii) Pathway analysis to identify ALS disease signature in blood:
Kyoto Encyclopedia of Genes and Genomes, Hallmark, and Gene Ontology pathway enrichment of primary
DEGs (Part 1); Analyses on DEGs adjusted for cell proportions (Part 2); Pathway analyses of adjusted versus
primary DEGs (Parts 3, 4). Results shown in Fig. 5. (iv) Drug perturbation analysis to identify ALS therapeutic
candidates: Identification of “core genes” of adjusted and primary DEGs that overlap with DEGs from induced
pluripotent stem cell (iPSC)-derived neurons with TDP-43 knockdown and ALS postmortem spinal cord (Part
1); Drug perturbation analysis of “core genes” (Part 2). Results shown in Fig. 6. Created in BioRender.com.”

Reviewer 3, comment 13: Line 194: “Therefore, our classifier showed potential as a potential” is confusing
Our response: We apologize for the repetitive use of “potential” and have deleted the duplicate.

Finally, we would like to thank Reviewer 3 for their thoughtful review. Addressing Reviewer 3’s comments has
significantly strengthened the presentation of our data and the new requested analyses expanded and
markedly improved the scope of our manuscript.

Reviewer 4

Review for "Gene Expression Signatures from Whole Blood Predict Amyotrophic Lateral Sclerosis Case Status
and Survival"

Summary

This manuscript presents a promising analysis of gene expression signatures in whole blood for predicting ALS
status and patient survival. The authors have assembled a substantial cohort and integrated blood data with
iPSC-neuron and postmortem spinal cord datasets to develop potentially valuable prediction models. While the
topic is clinically important and the approach innovative, there are several methodological concerns that should
be addressed to strengthen the reliability of the findings.

Strengths

The study demonstrates several notable strengths, including a large sample size (225 ALS cases, 119
controls) providing adequate statistical power. The integration of blood signatures with CNS-relevant tissues
offers important biological context. The authors show thoughtful consideration of cell type proportions in their
analysis. The comprehensive pathway enrichment analyses further enhance the study's value.

Recommendation

This work addresses an important clinical need in ALS biomarker development and shows considerable
promise. Addressing the methodological concerns outlined above would significantly strengthen the reliability
of the findings and enhance their potential impact on clinical practice. | look forward to seeing a revised version
that builds on the study's strengths while implementing these improvements.



Our response: We thank Reviewer 4 for their favorable assessment of our manuscript and for their comments
and suggestions, which we address point-by-point below, and have helped us significantly improve the
manuscript for the Nature Communications readership.

Reviewer 4, comment 1. Model development methodology: The gene panel derivation occurs on the same
dataset used for model training, which may lead to inflated performance estimates. From a ML perspective
identifying differential expression is feature selection. | suggest implementing proper nested cross-validation
where feature selection occurs independently within each fold or clearly separating discovery and validation
cohorts before any feature selection (i.e. perform differential expression on each CV split).

Our response: We appreciate the Reviewer’s suggestion and have separated the discovery and validation
cohorts before any feature selection. Specifically, to address this comment, we randomly split our internal
dataset into discovery (70%) and validation (30%) subsets three independent times. Differential expression
analysis was conducted within each discovery subset, and the resulting DEGs were compared across splits.
Between 67-75% of upregulated and 59-72% of downregulated DEGs were shared across all three splits
(Response Figure R5a).

Using the DEGs from random split #1, we trained three XGBoost models based on progressively stricter DEG
filters: (i) FDR<0.01 (4,972 DEGs; 29-gene panel), (ii) FDR<0.01 with AvExpr>0 (4,789 DEGs; 28-gene panel),
and (iii) FDR<0.01 with AvExpr>2 (4,414 DEGs, 26-gene panel). Mean 10-fold cross validation ROC-AUCs in
the discovery subsets ranged from 96.27% to 97.03%, while ROC-AUCs in the corresponding validation
subsets ranged from 94.81% to 95.01% (Response Figure R5b). These values closely match the 10-fold
cross validation performance obtained when our entire internal data was used for training, demonstrating
minimal overfitting caused by using DEGs from all 100% of our samples. Furthermore, they surpass
performance on the external Grima et al.2 cohort as expected, demonstrating the robustness of our feature
selection and model building pipeline.

To maximize predictive power, we retained the original XGBoost models, which were trained on our full internal
dataset (our largest available training set), and validated them on the external Grima et al.> RNA-seq dataset.
We further evaluated these models on two additional external microarray datasets (GSE112676 and
GSE112680 from van Rheenen et al./Swindell et al.?), now presented in new Supplementary Figure S5
(refer to Reviewer 1, comment 14). Despite platform differences (RNA-seq versus microarray) and missing 12
out of 46 gene features, our XGBoost models achieved informative ROC-AUCs (65-75%) and consistent
performance across multiple metrics. Taken together with the consistent DEG overlap observed in all random
splits, these results demonstrate that our feature-selection strategy and XGBoost models generalize well
beyond the training data.

Response Figure R5. Feature selection and performance training with 70% of UM dataset. (a) Overlap of
ALS versus control DEGs across three random discovery subsets from 70/30 splits. (b) Predictive performance
of the three gene panels derived from split #1: 10-fold cross validation within the 70% discovery subset (left)
and validation on the held-out 30% subset (right).
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10-fold cross-validation metrics from discovery cohort
(70% of internal data, 296 ALS + 191 control)

Metrics from validation cohort
(30% of internal data, 126 ALS + 81 control)

#genes Accuracy Sensitivity Specificity ROC-AUC | Accuracy  Sensitivity Specificity ROC-AUC 5:3’:;?3 F1
29 90.11% 92.41% 86.33% 96.78% | 87.08% 85.83% 89.02% 95.01% 87.43% 88.98%
28 90.72% 93.60% 85.61% 97.03% | 88.04% 88.19% 87.80% 94.84% 88.00% 89.96%
26 88.87% 91.95% 83.25% 96.27% | 88.04% 88.19% 87.80% 94.81% 88.00% 89.96%

Reviewer 4, comment 2: Performance evaluation metrics: Reliance on AUC alone may not fully characterize
model performance given the dataset imbalance. | suggest including PR-curves, precision, recall, F1 scores,
and balanced accuracy metrics to provide a more comprehensive assessment of model performance,
particularly when comparing to the external dataset.

Our response: We appreciate the Reviewer’s insightful suggestion regarding the limitations of AUC in the
context of imbalanced datasets. We expanded our performance evaluation to include a broader set of metrics

that provide a more nuanced view of model behavior. Specifically, we now report:

e Precision, recall (same as sensitivity), and F1 scores to assess the trade-off between false positives

and false negatives,

e Balanced accuracy, which accounts for the performance of both the minority and majority classes, and

e Precision-recall curves (PR-curves) to complement ROC curves in highlighting performance under
class imbalance.

The inclusion of these additional metrics confirms the robustness of our models and supports the consistency
of performance when applied to the external Grima et al.® dataset (Response Table R3 and Figure R4). The
metrics from Response Table R3 have been incorporated into main text Figure 3f.

Response Table R3. Performance metrics for predicting case status by the three gene panels plus the
combined panel on the external Grima et al.® dataset.

Gene panel Accuracy Sensitivity Specificity Precision Balanced accuracy F1 ROC-AUC
27 75.00% 77.91% 69.57% 86.59% 73.74% 84.52% 87.23%
30 84.09% 86.05% 80.43% 88.37% 83.24% 88.37% 89.21%
29 80.30% 82.56% 76.09% 88.10% 79.33% 87.06% 87.69%
46 81.06% 82.56% 78.26% 87.65% 80.41% 85.03% 89.43%
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Response Figure R6. Precision-recall curves and area under the precision-recall curves (PR-AUC) for
predicting case status using three individual gene panels and the combined panel in the external Grima
dataset.

Reviewer 4, comment 3: Model comparison framework: Current comparisons between clinical-only and
clinical-only+genes-combined models (e.g. Figure 3) don't isolate the independent contribution of gene
signatures. | suggest adding explicit genes only models to quantify the independent predictive value of the
gene signatures beyond clinical variables alone.

Our response: We appreciate the Reviewer’s suggestion to assess the independent contribution of the gene
signatures in ALS survival prediction. To address this, we trained two additional genes only CoxPH models
using the 18 stepwise- and 8 XGBoost-selected genes, which we evaluated on both the internal test data from
five random train-test splits and one independent external Grima et al.® dataset.

In our cohort from the thirty 80/20 train-test splits, at year 4, the mean (£SD) AUCs were:
Clinical variables only model: 0.684 + 0.067

18 stepwise genes (no clinical variables): 0.704 + 0.062

Clinical variables + 18 stepwise genes: 0.748 + 0.060

8 XGBoost genes (no clinical variables): 0.624 + 0.069

Clinical variables + 8 XGBoost genes: 0.705 + 0.067

Across years 2 to 8, the clinical + gene models consistently outperformed the clinical variables only model, as
we also detail in our response to Reviewer 3, comment 4.

Furthermore, the genes only models also provided independent predictive value over all time points. In the
independent external Grima et al.? dataset, the genes only XGBoost model showed moderate predictive ability
(C-index 0.62; 4-year AUC 0.65), suggesting the model retains some independent signal. In contrast, the
genes only stepwise model yielded poor predictive performance (C-index 0.51; 4-year AUC 0.56), indicating
limited independent prognostic value. However, overall, gene signatures provide independent prognostic value
and offer meaningful gains in predictive performance when integrated with clinical features.

This is stated in the results, as follows, lines 225-230:

“Next, we predicted survival in thirty random train-test splits of our internal dataset; compared to the clinical
variables only model, stepwise had significantly larger AUC values for years 2 to 8, whereas XGBoost had
higher AUCs for years 4 to 8 (Fig. 4d, Supplementary Fig. S6a, Supplementary Table S4). In fact, gene only
models using the 18 stepwise- and 8 XGBoost-selected gene features significantly contributed to survival
prediction independent of the clinical variables alone (Supplementary Fig. S6b).”

New Supplementary Figure S6b. Time-dependent ROC AUC performance for our dataset using 30 random
train-test splits. Shaded green indicates year 4.



Time Clinical variables 18 s_te:pwise genes + 8 X_G_Boost genes + 18 stepwise genes 10 XGBoost genes
only model clinical variables clinical variables only only

Year Mean SD Mean SD Mean SD Mean SD Mean SD
2 0.675 0.074 0.717 0.068 0.693 0.067 0.660 0.058 0.637 0.071
3 0.686 0.059 0.716 0.057 0.674 0.059 0.655 0.058 0.582 0.057
4 0.684 0.067 0.748 0.060 0.705 0.067 0.704 0.062 0.624 0.069
5 0.664 0.072 0.731 0.063 0.699 0.069 0.690 0.062 0.634 0.072
6 0.668 0.079 0.736 0.055 0.721 0.080 0.699 0.056 0.673 0.082
7 0.675 0.089 0.754 0.070 0.743 0.087 0.740 0.063 0.734 0.084
8 0.670 0.090 0.750 0.071 0.751 0.083 0.732 0.066 0.750 0.081

Reviewer 4, comment 4. Feature selection stability: The inconsistency in top features across different models
(Fig 2b,c,d,e) raises questions about signature robustness. | suggest implementing bootstrap analysis to
assess feature selection stability and provide confidence intervals for feature importance rankings.

Our response: We thank the reviewer for this suggestion to assess the feature stability. We performed 500
bootstraps on the training data, and based on the results, we added the confidence intervals of feature
importance for each gene into our case-control classifiers (Response Figure R7a). The top 14 genes against
a pink background are the common genes in all three classifiers, the middle genes against a blue background
are the genes shared by two classifiers, and the bottom genes against a white background are unigue genes to
each classifier. The number inside the bracket next to each gene name is the number of times this gene was
selected during the 500 bootstrap simulations. Overall, common genes tended to have higher importance
score and tended to be more frequently selected by the model.

Taking both feature importance and feature selection robustness into consideration, we further built a robust
combined model (Response Figure R7b). For each gene panel below, we selected the top 20 genes that
were selected in 2 or more gene panels (pink or blue background), calculated their combined ranks (feature
importance rank + selection frequency rank), and selected the top 35 based on the combined rank. We further
trained a new robust 35-gene classifier by XGBoost, and tested its performance by 10-fold cross-validation in
our internal dataset and external Grima et al. dataset. Notably, the new robust combined model did not
outperform the original classifiers (DeLong’s test p>0.05, Response Figure R7c), so we decided to retain our
original classifiers.
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Response Figure R7. (a) Plot of median feature importance score along with confidence intervals generated
based on 5% and 95% importance scores across 500 bootstraps, for each of the three gene classifiers. (b)
Performance metrics of the “robust” model evaluated by internal 10-fold cross-validation and the external
Grima et al. dataset. (c) DelLong’s test z-scores and p-values for comparisons between the “robust” model and
the four models in our manuscript.

Reviewer 4, comment 5: The authors should make the underlying Code available to enhance reproducibility
and transparency.

Our response: We thank the Reviewer for highlighting the importance of reproducibility. We have made the
code available on our GitHub site for this manuscript, reflected in our code availability statement, added after
the data availability statement, now reads: “Code has been made available at
https://github.com/yzhao80/ALS RNA.”

We thank Reviewer 4 for their thoughtful review and helpful suggestions, which have strengthened our
manuscript.


https://github.com/yzhao80/ALS_RNA
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Reviewer 1

Zhao et al. have thoroughly revised the manuscript, putting substantial efforts into improving the underlying
study, not only the manuscript. We sincerely appreciate the efforts made and the way that all concerns have
been addressed extensively. Although some generalization concern may still remain, we think the revision of
this work has rendered it significantly more valuable for publication. In particular, the publishing of the data and
the code increased its value as a resource. Similarly, the revisions of the drug perturbation data and the
clarifications in the text as to how this study improves the field - and prepares for the next step - now highlight
its value.

Our response: We thank Reviewer 1 very much for their earlier valuable and insightful comments and
suggestions, which helped us improve our study and manuscript. We hope that our study will serve as a
springboard for further investigations leveraging molecular technologies for ALS diagnosis, prognosis, and
drug development.

Reviewer 2

| co-reviewed this manuscript with one of the reviewers who provided the listed reports. This is part of the
Nature Communications initiative to facilitate training in peer review and to provide appropriate recognition for
Early Career Researchers who co-review manuscripts.

Reviewer 3

The authors have addressed most of the critiques raised previously and the manuscript is substantially
improved.

Our response: We express much gratitude to Reviewer 3 for their prior significant and astute remarks and
suggestions on the submitted version of our manuscript, which assisted us in our efforts to revise and enhance
our study and manuscript. Our work highlights the feasibility of bringing molecular technologies, such as gene
expression data, to bear on ALS diagnosis, prognosis, and drug development. We hope this will catalyze
further research, with the overarching goal for clinical use. We address the Reviewer’s remaining comments
below, and hope they will now find our manuscript suitable for publication in Nature Communications.

Rev 1 Comment 14 and Rev 3 Comment 2: As requested the authors have tested their classifier on the
Swindell dataset but did not go beyond that although both reviewers requested testing against more datasets,
which is disappointing.

Our response: We are very grateful for the suggestion from the first review of our submitted manuscript to
apply our classifier to the Swindell et al.* as well as the Grima et al.? dataset. The ability of our classifier to
differentiate ALS cases from controls in the Swindell dataset, collected using a different gene expression
platform (microarray), showcased the strength of our classifier. However, to our knowledge, Swindell and
Grima are the only publicly available gene expression datasets of ALS peripheral whole blood (Response
Table R1).

Although in a distinct tissue, we also considered applying our classifier to ALS gene expression datasets of
peripheral blood mononuclear cells (PBMCs); however, besides the distinct tissue, none are sufficiently large,
limiting our ability to generate test performance metrics. Current PBMC datasets, to our knowledge, include
Zhang et al. 2011 (PMID 20884065, ALS n=20, controls n=22), Lam et al. 2015 (PMID 26807342, ALS n=9,
controls n=1), Gagliardi et al. 2018 (PMID 29402919, ALS n=7, controls n=4), and Zucca et al. 2019 (PMID
29402919, ALS n=24, controls n=7). Finally, given the only moderate correlation between peripheral whole
blood to brain® and spinal cord tissue (please see also our Figure 6), which constitute the majority of other
ALS gene expression datasets, we felt our classifier trained on peripheral whole blood would not necessarily
be generalizable CNS tissues. Therefore, in our first revision, we limited analysis only to the Swindell et al.! as
well as the Grima et al.? datasets. As the research community is increasingly appreciating the utility of blood
gene expression for classification of neurodegenerative diseases, we anticipate more whole blood gene
expression datasets of ALS will emerge with future opportunities to further test our classifier.



Response Table R1. Available ALS gene expression datasets in blood and various blood components

Study PubMed Tissue n ALS n control Platform GEO Series Note

Saris 2009 19712483 | Whole blood 30 30 ggg};gii';“ma”Ref‘g None Not compared due to data unavailability.

Zhang 20112 | 20884065 | PBMCs 20 22 'gféy/&“rf;g'," HG-UT33 Plus | \one Not compared due to data unavailabiliy.

Mougeot Agilent Whole Genome 4 Not compared due to use of a different tissue

2011 22027401 Lymphocytes 1 1" x 44k Array GSE28253 type.

Lam 2015 26807342 PBMCs 9 1 lllumina HiSeq 2000 None Not compared due to data unavailability.

Zhao 2017 28437540 Monocytes 43 22 lllumina HiSeq 1500 None Not compared due to data unavailability.

Saglardi 20402919 | PBMCs 7 4 lllumina NextSeq 500 GSE115259 t’;‘/ztec"mpared due to use of a different tissue

van Rheenen lllumina HumanHT-12 Not compared due to lack of directional

2018 29939990 Whole blood 233 508 V3.0 Beadchip GSE112676 information (up/down regulation) for DEGs.

van Rheenen lllumina HumanHT-12 Not compared due to lack of directional

2018 29939990 | Whole blood 164 137 V4.0 Beadchip GSE112680 information (up/down regulation) for DEGs.

Zucea 2019 29402919 PBMCs 24 7 lllumina NextSeq 500 GSE106443, Not compared due to use of a different tissue
115259 type.

Swindell lllumina HumanHT-12 GSE112676,

2019 31118040 Whole blood 396 645 V3.0 & V4.0 Beadchip 112680 Compared to our study.

Grima 2023 37818590 | Whole blood 96 48 lllumina HiSeq 2000 GSE234297 Compared to our study.

Reviewer 3, comment 3: The authors claim that “building a classifier for ALS-ALS mimic classification, as well
as a PCR format, are both future avenues that are outside the scope of the present study.” While their points
are well taken, | do believe that without this crucial step their study is not novel or significant enough beyond
the prior work that has been, which they cite. The main novelty here is that “this study has shown blood

transcriptomics can accurately predict case-control status in external cohorts”.

Our response to “The main novelty here is that “this study has shown blood transcriptomics can accurately

predict case-control status in external cohorts”.:

We fully appreciate the Reviewer’s perspective. We acknowledge that our milestone is that we can leverage
whole blood transcriptomics to accurately predict case-control status in external cohorts. Nevertheless, it is a
significant milestone. The Swindell et al. paper, published in 2019, is a re-analysis of an older study from 2018

by van Reehan et al.* Therefore, since the initial concept of potentially diagnosing ALS from blood in 2018,
advances have stalled in the intervening half decade since no classifier was ever been shown to be useful in
independent cohorts. We were able to move the field forward by, (i) transcriptomics analysis of a particularly
large number of ALS cases (n=422) and controls (n=272) using RNA-seq, which is more granular than
microarray, (ii) application of a modified surrogate variable analysis to eliminate batch effects and unknown
sources of variation in gene expression, which better revealed the underlying gene expression attributable to
ALS, (iii) application of stringent FDR and fold-change criteria, and (iv) application of a suite of machine
learning algorithms to extract the best and most stable gene features.

Our response to The authors claim that “building a classifier for ALS-ALS mimic classification, as well as a
PCR format, are both future avenues that are outside the scope of the present study.” While their points are
well taken, | do believe that without this crucial step their study is not novel or significant enough

We respectfully disagree with the Reviewer. The journey from bench-to-beside for diagnostic tests is usually
long and incremental due to the numerous challenging steps involved. Our long-term goal is to develop a PCR
panel for diagnostic purposes for our patients, and the milestone we reached in this paper is the significant
critical first step to achieve our goal. For the commercial PAMS50 test, a 50-gene panel for breast cancer
subtype classification, discovery started in 2000 based on Perou et al., published in Nature, which identified
four intrinsic breast cancer subtypes from tumor gene expression data.® The 50-gene panel, based on a PCR
platform, was reported 9 years later in 2009 by Parker et al.,® followed by a gene transcript-counting
technology 4 years later in 2013, in the commercial incarnation of the panel, Prosigna PAM50.” Although this
assay is FDA approved, research continues to evaluate the concordance between quantifying gene expression
using more conventional counting methods and PCR-based Prosigna PAM50.8° In our rebuttal letter, we
similarly stated this as a separate future aim, by assessing concordance of our RNA-seq data to a newly
developed multiplex PCR platform.




In our manuscript, we also stated the need to improve our classifier as a separate future aim, by introducing
the capability of differentiating ALS cases from controls as well as ALS mimics. We have applied for funding for
this future aim (RO1 NS148128, under review) with the goal of entering 75 participants for each of three
different ALS mimic conditions (n=225 total), which we anticipate will take two years.

In summary, we firmly believe our manuscript represents a vital step forward along the usual development
pipeline for diagnostic and prognostic tests and hope the Reviewer, in this context, will agree. As the
corresponding author and an ALS physician for 30 years, | am also hopeful that making this valuable dataset
publicly available now will also advance our understanding of ALS pathogenesis, a disease where survival
from diagnosis to death remains a dismal two to four years.

Reviewer 4

The Discovery and Validation Split follows best-practices. The independent validation on two external datasets
with platform differences is strong. Great addition with the added metrics. The test of the clinical variable only
model gives a good idea on the contribution of the gene model, which shows a high predictive power of the
clinical variables or genes alone. The bootstrap analysis is great and shows the variability of the top features.
The added analysis add a lot of value and show a diligent characterization of the data and gives a good
perspective of the variability. The authors addressed my concerns and | can recommend publication in Nature
Communications. | could access the GitHub code - | would recommend to add a Readme document to allow
exploration.

Our response: We are very grateful to Reviewer 4 for their earlier constructive and meaningful critiques and
recommendations on the submitted version of our manuscript. They allowed us to increase the robustness and
transparency of our study and manuscript. We completely agree with their suggestion to add a Readme
document to the study’s GitHub code, which has now been deposited. Furthermore, once our manuscript has
been published, we will add Figure 1, our study overview figure, to the GitHub welcome page. This figure
provides a detailed overview of the study design as well as the various analyses we performed.
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