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This manuscript has been previously reviewed at another Nature Portfolio journal. This
document only contains reviewer comments and rebuttal letters for versions considered at
Communications Medicine. Mentions of the other journal have been redacted.



REVIEWERS' COMMENTS:
Reviewer #1 (Remarks to the Author):

Authors have adressed further comments and questions. | have checked the similarity of the
recent manuscript to that submitted to [redacted] before

Reviewer #4 (Remarks to the Author):

The authors now sufficiently acknowledge the limitation of the study and | do not have any
further concerns. The paper clearly improved during the review process and | thank the
authors for going through all this effort. Well done.

Reviewer #5 (Remarks to the Author):
The authors have addressed my concerns appropriately. | would like to highlight that the use

of a hypergeometric test for assessing the replicability is not ideal though, because the
significance may be (strongly) influenced by the correlation between the variables.



REVIEWERS' COMMENTS:
Reviewer #1 (Remarks to the Author).

1. Authors have addressed further comments and questions. | have checked the similarity of the
recent manuscript to that submitted to [redacted] before

Response. The authors would like to thank the reviewer for their generous time and valuable inputs
to make our manuscript better and improve the quality of our publication.

Reviewer #4 (Remarks to the Author).

1. The authors now sufficiently acknowledge the limitation of the study and | do not have any further
concerns. The paper clearly improved during the review process, and | thank the authors for going
through all this effort. Well done.

Response. The authors would like to thank the reviewer for their generous time and valuable inputs
to make our manuscript better and improve the quality of our publication.

Reviewer #5 (Remarks to the Author).

1. The authors have addressed my concerns appropriately. | would like to highlight that the use of a
hypergeometric test for assessing the replicability is not ideal though, because the significance may
be (strongly) influenced by the correlation between the variables.

Response. The authors would like to thank the reviewer for their observations.

To address replicability, we conducted tests to measure agreement using Cohen’s Kappa! metric.
This kappa statistic showed a positive agreement (0.257) between the lists with 91% agreement
result at a p-value <0.001.

In addition, we also conducted permutation testing using CompareList function from the OrderedList
R package using 10000 permutations. We ran two instances of permutation testing ordering by p-
value and log fold change. In both causes, we found significant (P <0.001) overlap.

List comparison

ordered by p value

Ordered by log fold
change

Assessing similarity of top ranks top ranks

Length of lists 4429 4429

Number of random samples 10000 10000

Lists are more alike in direct order

Chosen regularization parameter | alpha = 0.058 alpha = 0.058
(200 genes) (200 genes)

Weighted overlap score 129.5 177.1

Significance of similarity

p-value < 0.001

p-value < 0.001

Score percentage for common
entries

95

95

Entries contributing score
percentage

50

53

Because of the comparable results between the permutation and hypergeometric testing for the
significant proteins, we believe that that the results from these tests support our findings from the
analysis as well.



References.
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COMMENTS FROM REVIEWER 5

The problem | have tried to highlight with my comment is that the “hypergeometric test”, which
tests for significance of the overlap of significant marker lists, is based on the assumption that these
markers (e.g. proteins) are statistically independent from each other.

With proteins, this is not the case, because of their sometimes strong co-regulation, and the
underlying co-expression networks. Therefore, it can (and does) happen that significant lists
significantly overlap, because they relate to a set of highly correlated proteins.

To resolve this, one can permute the clinical outcome, and re-compute the list of P-values. This
preserves the correlation structure between proteins, and the subsequent analysis of overlap will
not be biased.

The authors did not address this in their revision, because it appears they performed permutation
analysis directly on the list of P-values, which would not address the actual issue.

Despite this, it can be considered that the hypergeometric testing procedure is, although incorrect,
relatively common practice, due to its simplicity. Unfortunately, it is difficult to judge how strong the
bias is unless the overlap is very strong, which, however, | don’t think it is. The description of
significance is also not entirely consistent, as the authors state <0.05 in the manuscript and <0.001 in
their first rebuttal letter.

| was also wondering where the procedure to assess this is actually described in the methods.
Unfortunately, | was not able to find it.

Therefore, | am afraid, | could not with confidence say that the issue has been resolved completely.
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>> The authors thank the reviewer for their detailed suggestion to test our result. We now understand
the request by the reviewer and have implemented “permutation testing analysis” for the confirmation of
their significant genes on both, the discovery and validation cohorts. The authors performed the
following steps for this analysis

Permutation testing workflow for discovery cohorts. Permutation testing workflow for validation cohorts.

for all samples to create 100,000

for all samples to create 100,000 instances of permutations
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1. For the discovery and validation cohorts:
a. We permuted the AKI outcome variable for all samples to create 100000 instances of
permutations.
b. For each instance:
i. We ran the limma regression model and identified differentially expressed genes
using the permuted outcome.
c. Foreach gene, across 100000 instances, we created the empirical null distribution of t
statistics
d. We then compared this empirical null distribution against the true AKI outcome variable
to compute empirical P values defined as:
i. We identified the number of instances out of the 100,000 where the absolute
value of the t statistics from the empirical null was greater than or equal to the t
statistic value from the truth file.
e. Empirical P values were adjusted for multiple comparisons using the FDR.
Results:
2. Intersecting the common genes between discovery and validation cohorts:
a. We interested the DE genes from the discovery and validation cohorts and found 272
statistically significant genes.
b.
3. We found that all 62 genes identified in the original analysis were also had an empirical P
value <0.05 after the permutation testing.

We have attached the results from our permutation testing that list the p-value and the FDR for each
of the 62 genes for each cohort (tablel below).

In addition, we also performed hypergeometric test and measured the Cohen’s Kappa once again
Results: The hypergeometric test for overlap between the significant proteins in the validation and
discovery cohorts was also significant (P = 2.133E-159). Additionally, the Cohen’s Kappa between the
two protein lists based on P value was 0.501.

Tablel: Comparison of the p-values after permutation testing for the 62 genes.

Discovery Cohort Validation Cohort
Entrez Cglim C(;lim
Target UniProt SGs]rLeOI full gene name tstats ground P Val tstats ground P Val
y truth truth
Serine/threonin
ALK-1 | P37023  ACVRLL  e-protein kinase 12'256395 0 0 ‘é'g’gfg 6 6.00E-05
receptor R3
Angiopoiet S 5.778974 2.7146
-2 015123 ANGPT2 Angiopoietin-2 815 0 0 52605 738 0.00738
. . 7.863807 3.9934
Apo F Q13790 APOF Apolipoprotein F 47 0 0 81888 18 0.00018
Asialoglycoprot | 7.441806 4.6840 y
ASGR1 P07306 ASGR1 ein receptor 1 795 0 0 83378 4 4.00E-05
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REVIEWERS' COMMENTS:

Reviewer #5 (Remarks to the Author):

The authors have now implemented a permutation approach as part of their analysis workflow.
However, it appears the main issue of my concern has not been understood well.

The issue is that the *overlap* of the P-value lists of discovery and validation cohorts can arise by
chance (e.g. if you have two relatively large lists of proteins with FDR<0.05, and the overlap relates
to a smaller, highly correlated set of proteins).

To test this, the permutation needs to target the overlap of the p-value lists, i.e. it would need to be
tested in how many of the permutations, there is an overlap of at least 62 genes between the
training and the validation data. It has to be considered though that when FDR control is part of the
workflow, during permutation one is likely to observe a far lower number of significant proteins, and
thus overlap. Instead, one would likely take the same number of top significant proteins as in the
original analysis, and then test the overlap.

In any case, | would now suggest accepting as is, with the following modifications:

- add to the methods and results that FDR was performed on training and validation data with
respect to all proteins measured

- modify the text of page 15 accordingly, which still states that the 62 proteins only show nominal
significance in the validation data

. state the overall number of significant proteins after FDR in the validation data
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>> We thank the reviewer for their patience and their feedback through this session. We have made
the suggested edits in the manuscript. The suggested line has been added to the Methods and Results
section.

a. - add to the methods and results that FDR was performed on training and validation data with
respect to all proteins measured



Differential expression analysis for prevalent AKI

Using data from the AKI cohort, log2 transformed normalized protein values were
modelled using multivariable linear regression in the Limma framework3® Models were
adjusted for age, sex, history of chronic kidney disease (CKD), and supplemental oxygen
requirement (0,1, or 2 [see above]) at the time of specimen collection. P-values were adjusted
using the Benjamin-Hochberg procedure to control the false discovery rate (FDR) at 5%. FDR

was performed on discovery and validation data with respect to all proteins measured.

RESULTS

Discovery and Validation Cohort Overview

To discover proteins associated with COVID-AKI, we enrolled a prospective cohort of
patients hospitalized with COVID-19 admitted between March 24, 2020 and August 26, 2020
into a biobank as previously described®*. Cases were defined as patients who developed AKI
(stage 2 or 3) during their hospital admission and controls included all other patients (Fig 1).
Characteristics of cases and controls in the discovery cohort are provided in Supplementary
Data 1 (sheet “Table 1”). Patients who developed AKI (stage 2 or 3) had a greater prevalence
of diabetes (42% vs 22%, p <0.001), and chronic kidney disease (31% vs 5%, p< 0.001) and
more frequently required intubation (46% vs 11%, p <0.001). Patients who developed AKI
(stage 2 or 3) also had a significantly lower minimum systolic blood pressure (104 vs 110, p
<0.001), greater maximum pulse (106 vs 94, p <0.001), white blood cell count (12.9 vs 8.8, p
<0.001), ferritin (2210 vs 1030 p <0.001), and frequency of vasopressor use (48% vs 14%, p
<0.001). We validated proteomic associations in an external cohort from Quebec, Canada.

Characteristics of the validation cohort are provided in Supplementary Table 1 (See



Supplementary Information). In the validation cohort, compared to controls, AKI (stage 2 or
3) cases have a significantly higher prevalence of CKD (29% vs 11%, p = 0.01) and a higher
rate of intubation at the time of sample collection (49% vs 13%). FDR was performed on

discovery and validation data with respect to all proteins measured.

- modify the text of page 15 accordingly, which still states that the 62 proteins only show nominal
significance in the validation data

. State the overall number of significant proteins after FDR in the validation data

>> Thank you for the suggestions. We have made the following modifications:

Validation of AKl-associated proteins

We then performed an external validation of AKI-associated proteins in a prospective
biobank cohort from Quebec, Canada. 443 proteins in the discovery cohort are
significantly associated with AKI (FDR adjusted P <0.05) while 71 proteins in the
validation cohort are significantly associated with AKI (p <0.05). Of the proteins
significantly associated with AKI in the discovery cohort, 62 are also associated with
AKIl in the validation cohort (p <0.05, See Supplementary Data 1 (sheet “Table 2”). The
hypergeometric test for overlap between the significant proteins in the validation and discovery
cohorts was also significant (P = 2.133E-159). Additionally, the Cohen’s Kappa between the
two protein lists based on P value was 0.501. All validated proteins associate with an
increased risk of AKI with nominal significance. The correlation of fold changes of
validated proteins in the discovery and validation cohort show a Pearson correlation score of

0.71 (Fig 2b). The 62-protein signature distinctly separate AKI cases from cohorts in the



discovery cohort (Fig 2c). To assess how many of our candidate proteins had orthogonal
evidence for target specificity, we sought to identify how many of our proteins contained
reported plasma protein quantitative trait loci (pQTL) associations from a recent publication by

Ferkingstad et al. (Nat Genet, 2021). Of the 62 AKI associated proteins, 45 have both cis and

trans pQTLS, 14 have only trans pQTLs, and 2 had cis pQTLs (See Supplementary Figure 1,
Supplementary Information). Protein-protein interaction (PPI) network analysis reveal
enrichment of several highly connected proteins, including LCN2 (alternative name: NGAL),
REG3A, and MB (Fig 4a). The AKI-associated protein network also includes a cluster of
cardiac structural proteins (Fig 4b), TNNT2, TTN, MYL3, SRL, and NPPB (alternative name:

BNP).
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