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Referees’ reports, first round of review
Reviewer #1: The authors reported an EWAS for CRP and developed a methylation score for CRP.

General comments:

* The authors performed comparisons with up-to-date studies in the field using different
methodologies.

* The manuscript is well-written, clear and easy to read, with novelty and conclusions well
supported by the results

* This manuscript aligns with journal aims and scope and recommend to be accepted with minor
revisions:

1. BMI and smoking were associated with CRP and changes in DNA methylation (Wielscher et al.
2022), the authors can include them in the main model in EWAS and/or in elastic net models to
construct predictors? (i.e. as "forced" unpenalized covariates).

2. For the Bayesian penalized regression in EWAS, why was the posterior inclusion probability
20% used instead of 50% (for instance)? How was this threshold determined?

3. There's no reason/ justification provided for the use of 374,785 CpG sites (in the 5 test
cohorts) instead of more than 700,000 CpG sites in the Generation Scortland (GS) to construct
the CRP predictors. Was it due to the different platform used for DNAm in these cohorts? Readers
may wonder whether the results would be more generalizable if you use all 700,000 CpG sites
from the GS.

4. What is the overlap between the 1,468 CpGs from elastic net model and the 1,511 CpGs
identified by Wielscher et al.? Are there new CpG sites associated with CRP levels unique in this
analysis? I would love to see whether these sites generate any interesting/novel biological
interpretation regarding chronic inflammation and methylation, if there's any.

Reviewer #2: In this manuscript, Hillary et al. have conducted a comprehensive study on their
newly proposed C-reactive protein (CRP) prediction models using DNA methylation as predictors.
The study is highly promising and convincingly executed. The prediction model has been
evaluated using several independent testing datasets, demonstrating careful design. I
understand the challenges involved in conducting such studies, particularly during revisions. If
addressubg any of my suggestions proves difficult, additional clarification in the manuscript
would be beneficial. My comments are as follows:

1. Several new blood cell type imputation methods have been proposed. The authors may
consider using them as a a sensitivity analysis if feasible.

2. The portability of polygenic risk scores is known to vary based on the genetic distance
between the training samples and the target population. It would be informative if the
manuscript could address whether the derived models are sensitive to ancestry variations.

3. The distribution of log-transformed CRP (log[CRP + 0.01]) warrants examination to ascertain
if it approximates a normal distribution. I understand the authors use this transformation to
improve normality, a formal test or visual illustration would be helpful.

4. Clarification is needed regarding the type of platform used in the study. Is this 850K or 450K?
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5. Does QQ plot and lambda value look reasonable?

6. When estimating the proportion of variance in CRP levels, it is crucial to know what covariates
have been adjusted for. The results might significantly depend on these adjusted covariates.
Elaboration on this aspect would be valuable.

6. For the built prediction models, it would be interesting to explore whether incorporating
lifestyle factors could significantly improve their performance.

7. For the purpose of reproducibility and promoting open science, the codes should be provided.

8. The resolution of Figure 1 is low (minor).

Authors’ response to the first round of review

We are very grateful for the comments provided by the editor and each of the external
reviewers of this manuscript. Please see below, in blue, a detailed response to the comments
and concerns raised by the reviewers. We hope that the reviewers feel that these have been
adequately addressed in the revised manuscript. Line numbers refer to the manuscript file with
highlighted changes (in simple markup view).

Reviewer #1:

The authors reported an EWAS for CRP and developed a methylation score for CRP.

General comments:

* The authors performed comparisons with up-to-date studies in the field using different
methodologies.

* The manuscript is well-written, clear and easy to read, with novelty and conclusions well
supported by the results

* This manuscript aligns with journal aims and scope and recommend to be accepted with
minor revisions:

Major comment #1:

“BMI and smoking were associated with CRP and changes in DNA methylation (Wielscher et

al. 2022), the authors can include them in the main model in EWAS and/or in elastic net models
to construct predictors? (i.e. as "forced" unpenalized covariates).”

Response: We thank the reviewer for their kind and constructive comments on our

manuscript. We first highlight that we included body mass index (BMI) and smoking in our
fully-adjusted model in the EWAS stage alongside several other pertinent covariates, such as
alcohol intake (units/week)1, socioeconomic deprivation (Scottish index of multiple deprivation)
and educational attainment (an 11-category ordinal variable)2. Of note, we employed a
methylation-based surrogate of smoking behaviour (EpiSmokEr3) rather than self-reported
data. Such surrogate biomarkers may provide more accurate measurements than self-report
data and outperform self-report variables in health outcome association tests4,5. We observed
that lifestyle factors strongly attenuated associations from a basic model that was adjusted for
age, sex, blood cell composition and technical variation. Indeed, only 2,805 (or 8.3%) of
33,939 associations from the basic model were also significant in a fully-adjusted model that
further accounted for five lifestyle factors and population structure. In other words, 91.7% of
associations were lost when co-varying for these factors. As the reviewer outlines, Wielscher

et al. demonstrated via mediation analyses that BMI and smoking were strong driving factors
of changed CpG methylation in their study on CRP6. Therefore, we repeated our analyses to
assess the contributions of BMI and smoking, both separately and together, in attenuating
associations from the basic model. First, we repeated the basic model with a further
adjustment for BMI only. We observed that 72.5% of associations were attenuated to nonsignificance.
Effect sizes for associations that were significant in the basic model were

attenuated, on average, by 40%. We repeated the same approach for our smoking variable
alone and found that 51.5% of associations from the basic model were attenuated to nonsignificance.
Effect sizes for associations from the basic model were attenuated, on average,

by 20.2%. When BMI and smoking were considered together, 84.9% of associations were
attenuated to non-significance. Therefore, BMI and smoking showed strong confounding
influences on associations between CpG methylation and CRP, which is in keeping with

causal inference analyses in the literature. We report the following additional text on lines 202-
209 to highlight our revised analysis:
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“Sensitivity analyses showed that body mass index alone attenuated 72.5% of associations
from the basic model to non-significance. Effect sizes for associations from the basic model
were attenuated, on average, by 40%. Smoking behaviour16 attenuated 51.5% of associations
to non-significance and effect sizes were attenuated, on average, by 20.2%. Co-varying for
both body mass index and smoking behaviour (and not other lifestyle factors) attenuated
84.9% of associations from the basic model to non-significance. The substantial attenuation
observed after accounting for lifestyle behaviours, and in particular body mass index and
smoking, highlights their strong impact on DNAm and chronic low-grade inflammation6.”

We agree that the inclusion of lifestyle factors in weighted linear predictors is an interesting
approach. However, one key aim of this manuscript was to construct DNAm-based predictors
of CRP and to compare them to existing predictors, which utilise weighted linear combinations
of CpG sites alone. Therefore, our main analyses utilised CpG sites as potential features in
order to enable fair comparisons and reveal the best-performing methodologies for
constructing DNAm surrogates of low-grade inflammation. Similarly, other cohorts would be
required to record lifestyle factors with matched phenotype definitions to the training cohort in
order to accurately compute the predictor. Nevertheless, we agree that the approach is
valuable and we conduct a series of sensitivity analyses to address the reviewer’s comment
and Comment #7 from Reviewer #2. First, we retrained our elastic net predictor using CpG
sites, BMI and smoking behaviour as potential features. BMI was log-transformed and all
potential features were scaled to mean zero and unit variance. Generation Scotland remained
as our training cohort. We used Wave 2 (age 73) of the Lothian Birth Cohort 1936 as our test
sample, given that it was the primary test sample in the main analyses and held high-sensitivity
CRP measurements. The optimal model contained 589 probes and BMI. This included 491
probes of the 1,468 that were selected in the optimal model in the main text. When projected
into the test sample (LBC1936), the re-trained elastic net predictor correlated 0.26 with logtransformed
CRP levels. This is in contrast with a correlation of 0.40 observed with the original

elastic net predictor. BMI likely captured and absorbed much of the signal attributed to CpG
methylation and CRP. It also appears to be a stronger correlate than smoking behaviour,
mirroring findings from our EWAS and existing causal modelling analyses. One potential
reason that the inclusion of BMI reduced model performance is that the distribution of BMI and
its impact on health is likely to vary between the Generation Scotland (mostly mid-life cohort)
and Lothian Birth Cohort 1936 cohorts (older-age cohort). This highlights the strength of using
CpG sites alone as features given that the context and measurement of lifestyle factors will
vary between cohorts. Second, we retrained our elastic net predictor using CpG sites and all
five lifestyle factors included in our fully-adjusted EWAS models. They were alcohol
consumption, body mass index, deprivation, education and smoking behaviour. We used the
same training and test samples as before. Again, only BMI was selected alongside
approximately 600 probes. This predictor also showed a correlation of 0.26. Therefore,
considering lifestyle factors alongside CpG sites was not conducive to model performance.

We report the following text on lines 823-829 to highlight these additional analyses:
“Sensitivity analyses were conducted to assess whether including lifestyle factors as potential
features alongside CpG sites impacted model performance. Here, the optimal model selected
589 sites and body mass index alone (and not the other four lifestyle factors included in our
study). Wave 2 of the LBC1936 (age 73 years) was retained as the primary test sample. The
re-trained elastic net predictor correlated 0.26 with log-transformed CRP levels, which is in
contrast with the correlation of ~0.40 in the main analyses. Therefore, incorporating lifestyle
factors hampered model performance.”

Major comment #2:

“For the Bayesian penalized regression in EWAS, why was the posterior inclusion probability
20% used instead of 50% (for instance)? How was this threshold determined?”

Response: We wish to clarify that we used parameters that were described in previous
publications involving Bayesian penalised regression EWAS7. We appreciate that, as with any
methodology, the use of different thresholds could affect which CpGs are selected for inclusion
in the model. Therefore, we highlight these methodological aspects and make them clearer
for the reader on lines 772-776:

“We utilised these parameters and thresholds in line with previous publications on the use of
Bayesian penalised regression EWAS for complex traits46. It is important to note that the use
of different thresholds could lead to small variations in the list of CpGs identified as significant.
However, we elected to retain these thresholds in order to maintain consistency with the
existing literature.”

Major comment #3:

“There's no reason/ justification provided for the use of 374,785 CpG sites (in the 5 test
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cohorts) instead of more than 700,000 CpG sites in the Generation Scortland (GS) to construct
the CRP predictors. Was it due to the different platform used for DNAm in these cohorts?
Readers may wonder whether the results would be more generalizable if you use all 700,000
CpG sites from the GS.”

Response: We thank the reviewer for the opportunity to highlight this methodological
consideration in our manuscript. As the reviewer identifies, the use of 374,785 CpG sites was
due to different platforms being used across the diverse training and test cohorts. Generation
Scotland, our training cohort, possessed >700,000 CpG sites. From a biological standpoint,
we wished to estimate the marginal association between each available CpG site and CRP
levels in the EWAS stage. These CpG sites were assayed using the Illumina EPIC array.
However, for prediction, generalisability is of paramount interest. Most existing cohorts,
including all test cohorts except HELIOS, utilised the earlier 450 K platform. Therefore, we
restricted CpG sites to those present on the EPIC and 450 K platforms to maximise
generalisability. Specifically, we restricted CpG sites in our prediction stage to those present
in Generation Scotland and the test cohorts ALSPAC, SABRE and the Lothian Birth Cohorts.
This restriction also aids in fairer comparisons between training and test cohorts given that
many popular prediction algorithms (including elastic net regression and Bayesian penalised
regression) model correlation structures between the input probes. A further consideration
was that external cohorts might not harbour all 374,785 sites following quality control. To
address this, we utilised HELIOS as an additional, external test cohort in order to understand
how missingness of CpG sites might alter predictive performances. HELIOS lacked 193 of the
374,785 CpG sites, and we found that it had no detectable effect on the performance of our
CRP predictors. We appreciate that these details must be clearer for the reader and we have
updated our manuscript to outline these considerations on lines 277-286:

“We note that the training cohort and test cohorts showed variation in terms of the arrays used
to measure CRP levels and blood DNAm profiles (Table 1). In the EWAS stage, we utilised

all CpGs available in Generation Scotland in order to document as completely as possible
relationships between local and global DNAm variation and CRP blood levels. In the prediction
stage, we aimed to ensure maximum generalisability to other and older cohorts. Unless
otherwise stated, we first restricted the training space to CpG sites that were common to the
EPIC and 450 K arrays. Specifically, we restricted CpGs to those present in ALSPAC, GS,
SABRE and the LBC cohorts following quality control (n=374,785 sites, see Method details).
We also acknowledge that other cohorts may have a slightly different set of CpGs to this list.
We held HELIOS as a further external test cohort to understand how missing CpG sites would
impact prediction. HELIOS did not contain 193 of these 374,785 sites.”

We have also updated Table 1 and our Methods section to clearly outline differences between
DNAm measurement platforms across cohorts. Table 1 is not included here for brevity.
However, we include the following text on lines 658-660 to delineate these differences:

“Of note, different assays were utilised to measure CRP and DNAm across the test cohorts,
as indicated in Table 1. ALSPAC, SABRE and LBC all utilised the Illumina 450 K array to
assay DNAm and HELIOS used the larger EPIC array.”

Major comment #4:

“What is the overlap between the 1,468 CpGs from elastic net model and the 1,511 CpGs
identified by Wielscher et al.? Are there new CpG sites associated with CRP levels unique in
this analysis? I would love to see whether these sites generate any interesting/novel biological
interpretation regarding chronic inflammation and methylation, if there's any.”

Response: There were 82 CpG sites that overlapped between the elastic net predictor and
the CpGs identified by Wielscher et al. This left 1,386 sites (94.4%) that were unique to the
elastic net predictor and 1,429 sites (94.6%) that were unique to Wielscher et al. We also
examined the overlap in gene annotation. There were 168 genes that were common to both
datasets. For context, there were 1,010 unique genes detected by the elastic net model. There
were 957 unique annotations in the Wielscher et al. study. This left 842 genes, representing
1,386 sites, that were unique to the elastic net model predictor. Per the reviewer’s request, we
implemented the gometh() function in the R missMethyl package7, which can examine for
biological enrichment among CpG sites and can correct for probe density biases. We
examined whether there was enrichment for GO (gene ontology) and KEGG (Kyoto
Encyclopedia of Genes and Genomes) terms among the CpG sites unique to the elastic net
model. No term was detected at an FDR-adjusted p-value < 0.05. Therefore, there was no
novel biological interpretation attributable to this prediction model. It likely captures similar
signals to the EWAS models, in particular the effect of lifestyle factors on DNAm and chronic
inflammation. We report these results here to address the reviewer’s comment but do not
include it in the manuscript due to space limitations.
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Reviewer #2:

In this manuscript, Hillary et al. have conducted a comprehensive study on their newly
proposed C-reactive protein (CRP) prediction models using DNA methylation as predictors.
The study is highly promising and convincingly executed. The prediction model has been
evaluated using several independent testing datasets, demonstrating careful design. I
understand the challenges involved in conducting such studies, particularly during revisions.
If addressing any of my suggestions proves difficult, additional clarification in the manuscript
would be beneficial. My comments are as follows:

Major comment #1:

“Several new blood cell type imputation methods have been proposed. The authors may
consider using them as a a sensitivity analysis if feasible.”

Response: We thank the reviewer for their kind and helpful comments on our manuscript. As
the reviewer highlights, there are now alternative methods in the literature to impute blood cell
type proportions from methylation data. In our main analyses, we estimated white blood cell
proportions via the Houseman method8. We adjusted for age, sex, Houseman-estimated white
blood cell proportions and technical variation in a basic linear model in our EWAS stage. We
detected 33,939 associations at a p-value threshold < 3.6 x 10-8 9. We now extend our
approach to estimate white blood cell compositions via the publicly available EpiDISH
algorithm10. We repeated our basic model using estimated blood cell proportions from the
EpiDISH algorithm and assessed how well this model agreed with that in the main text, which
used the Houseman method. We observed that effect sizes were correlated 88.9% between
these models. We also observed a correlation of 90.0% between -log10(p-values). Lastly, we
assessed the proportions of variance in CRP that were captured by estimated cell counts from
both methods. The variance explained by Houseman-estimated cell counts was 1.8%. The
corresponding estimate was 2.2% for the alternative EpiDISH method10. Therefore, the
imputation method had a small impact on our discovery EWAS. We include the following text
on lines 737-743 to highlight these sensitivity analyses:

“Sensitivity analyses were performed to assess whether the imputation method used to
estimate blood cell proportions impacted findings from the basic model. To this end, blood cell
proportions were further estimated using the EpiDISH algorithm42. The basic model was
repeated using blood cell types from this method and compared to that in the main text using
the Houseman method. Effect sizes were correlated 88.9% with the main approach (i.e.
Houseman method). We also observed a correlation of 90.0% between -log10(p-values).
Therefore, the imputation method exhibited a small overall effect on our analyses.”

Major comment #2:

“The portability of polygenic risk scores is known to vary based on the genetic distance
between the training samples and the target population. It would be informative if the
manuscript could address whether the derived models are sensitive to ancestry variations.”
Response: We thank the reviewer for highlighting this concern. There have been substantial
efforts in genomic research to address whether polygenic scores generalise across diverse
ethnic groups. By comparison, research into the portability of DNAm-based predictors is
lacking. We are pleased to aid in bridging these knowledge gaps by developing a DNAmbased
predictor of CRP, trained in a large homogenous Scottish population, and testing its
performance in five diverse cohorts. Our findings show that the performances of CRP
predictors are comparable in test cohorts consisting of Scottish individuals (minimal genetic
distance to the training sample) and in UK-resident South Asian individuals and individuals of
Indian, Malay and Chinese ethnicity in the Singapore-based HELIOS cohort. This represents
significant progress in assessing the portability of DNAm-based predictors. Ongoing work will
assess the portability of other DNAm-based predictors in these target populations. Future work
will include other individuals with large genetic distances from the training sample. To further
address the reviewer’s comment, we highlight these considerations in our Discussion on lines
454-460:

“Our newly-described predictors performed comparably in residents of the UK and Singapore
with diverse self-report ethnicities, which indicates its potential as a biomarker of inflammation
in different populations. In contrast to polygenic scores, research into the portability of DNAmbased
predictors is limited. There remains a need to expand prediction efforts to individuals

across other global regions and of additional ethnic backgrounds and ancestries in order to
capture a fuller range of genetic and environmental contexts. It is also essential to include
target populations with disparate genetic distances to the training sample in order to reliably
document the utility of DNAm-based prediction.”

Major comment #3:
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“The distribution of log-transformed CRP (log[CRP + 0.01]) warrants examination to ascertain
if it approximates a normal distribution. I understand the authors use this transformation to

improve normality, a formal test or visual illustration would be helpfu

|II

Response: We now make this information available as Figure S9 in Document S1. We

include the figure below for the reviewer’s convenience, which shows CRP levels prior to and
following transformation steps and is highlighted for the training cohort, Generation Scotland.
We also signpost this information for the reader by including the following text on lines 633-

634:

“Figure S9 shows the distribution of CRP levels in the training dataset prior to and following

this transformation.”

0.3

Density

0.2

0 25 50 75 100 125 150

CRP levels pre—transformation (mg/L)

-4 —v2 0 é 4
Log CRP levels post-transformation (mg/L)

Figure S9. Distributions of CRP levels before and after statistical transformations in the training cohort.

CRP levels were trimmed for outliers, which were defined as observations that were outside the median
value x4 times the standard deviation. CRP levels were also log-transformed to approximate a normal
distribution and a constant of 0.01 was added to prevent undefined values. (A) shows values in Generation
Scotland prior to these transformation steps. (B) shows values following the transformation. CRP, C-reactive

protein.

Major comment #4:

“Clarification is needed regarding the type of platform used in the study. Is this 850K or

450K?”

Response: We apologise that this information was not made clearer in the previous version

of the manuscript. We have updated Table 1 to clearly outline the platforms used in the training
cohort and each of the test cohorts. For clarity, the EPIC (or 850 K) array was used in
Generation Scotland and HELIOS. The earlier 450 K array was used in the remaining test
cohorts, which were ALSPAC, SABRE and the LBC cohorts.

Major comment #5:
“Does QQ plot and lambda value look reasonable?”

Response: We now report the Q-Q plots and lambda values for the basic and fully-adjusted
linear regression models. The lambda values for the basic and fully-adjusted models were 3.6
and 1.7, respectively. Our large sample size may have allowed us to detect a very large
number of associations with significant but small effects. However, the inflation in these
models is likely explained by the strong confounding influences of lifestyle behaviours on
DNAm and CRP levels, as well as unknown confounding influences. A Bayesian penalised
regression model was also included as it can control genomic inflation in EWAS11. As well as
reporting the lambda values in the main text, we include the following text on lines 201-209 in
our revised manuscript to highlight the inflation seen in our linear regression models:

“Q-Q plots for the basic and fully-adjusted models are shown in Figure S1. Sensitivity
analyses showed that body mass index alone attenuated 72.5% of associations from the basic
model to non-significance. Effect sizes for associations from the basic model were attenuated,
on average, by 40%. Smoking behaviour16 attenuated 51.5% of associations to nonsignificance
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and effect sizes were attenuated, on average, by 20.2%. Co-varying for both body

mass index and smoking behaviour (and not other lifestyle factors) attenuated 84.9% of
associations from the basic model to non-significance. The substantial attenuation observed
after accounting for lifestyle behaviours, and in particular body mass index and smoking,
highlights their strong impact on DNAm and chronic low-grade inflammation6.”

We include the Q-Q plots as a new Figure S1 and update our documents accordingly:

A . . B . .
Q-Q plot of Linear Regression Q-Q plot of Linear Regression
Basic Model Fully-adjusted Model
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Expected - log,(p) Expected - log,o(p)
Figure S1. Q-Q plots for the basic and fully-adjusted models in the linear regression EWAS. EWAS,
epigenome-wide association study.

Major comment #6:

“When estimating the proportion of variance in CRP levels, it is crucial to know what covariates
have been adjusted for. The results might significantly depend on these adjusted covariates.
Elaboration on this aspect would be valuable.”

Response: We thank the reviewer for the opportunity to clarify this portion of our variance
partitioning analyses. We agree that it is important to make clearer the covariates used when
estimating the proportion of variance in CRP levels. We include the following text on lines 226-
229 to clarify the covariate strategy employed in our analyses:

“Variance estimates can be affected by the covariates used in the associated models. Logtransformed
CRP levels were adjusted for age and sex prior to entry in variance partitioning

analyses. CpG beta-values were also adjusted for age, sex, WBC proportions and
experimental batch.”

Major comment #7:

“For the built prediction models, it would be interesting to explore whether incorporating
lifestyle factors could significantly improve their performance.”

Response: We agree that there is inherent value in incorporating lifestyle factors into
weighted linear predictors. However, our primary goal was to construct DNAm-based
predictors for CRP and compare them with existing CpG site-based predictors. In light of our
original aims, we retain CpG site-based predictors in our main elastic net approach. However,
we conducted sensitivity analyses to address the reviewer’'s comment and Comment #1 from
Reviewer #1. First, we retrained the elastic net predictor using CpG sites, BMI, and smoking
behaviour as potential features, given that these lifestyle factors show the strongest mediating
effect between CpG methylation and CRP levels6. Generation Scotland served as our training
cohort and our test cohort was Wave 2 of the Lothian Birth Cohort 1936 (age 73 years), given
that it was the primary test sample in the main text. The optimal model selected 589 probes
and BMI. The retrained predictor showed a correlation of 0.26 with CRP levels, contrasting

the correlation of 0.40 observed with our original predictor (based on CpG sites alone). In a
second analysis, we retrained the elastic net predictor using CpG sites and all five lifestyle
factors included in our study (alcohol consumption, BMI, deprivation, education, and smoking
behaviour). Only BMI was selected alongside approximately 600 probes. This predictor
showed a correlation of 0.26 with log-transformed CRP levels when projected into the test
cohort. BMI is a strong confounder in the context of DNAm and CRP, and appeared to capture
much of the signal attributed to CpG methylation and CRP variability. One potential reason
why the inclusion of BMI hampered model performance is that the distribution of BMI and its
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impact on health will vary between the training and target populations. This highlights an
inherent weakness in using lifestyle factors as additional features in such predictors and
emphasises the strength of using DNAm data alone. Additional analyses are reported on lines
823-829 to emphasize these findings:

“Sensitivity analyses were conducted to assess whether including lifestyle factors as potential
features alongside CpG sites impacted model performance. Here, the optimal model selected
589 sites and body mass index alone (and not the other four lifestyle factors included in our
study). Wave 2 of the LBC1936 (age 73 years) was retained as the primary test sample. The
re-trained elastic net predictor correlated 0.26 with log-transformed CRP levels, which is in
contrast with the correlation of ~0.40 in the main analyses. Therefore, incorporating lifestyle
factors hampered model performance.”

Major comment #8:

“For the purpose of reproducibility and promoting open science, the codes should be
provided.”

Response: We are pleased to make all code available via Zenodo (DOI:
https://doi.org/10.5281/zen0do.10154736). We also make our EWAS summary statistics and
predictors publicly available and include links to all resources in the Key resources table
within STAR % Methods.

Minor comment #1:

“The resolution of Figure 1 is low (minor).”

Response: We thank the reviewer for highlighting this. We have revised our Figures to ensure
that their resolutions meet the requirements of the journal.
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Referees’ reports, second round of review

Reviewer #1: Thank you for your careful response to review, and congratulations on beautiful
work!

Reviewer #2: Thank you for addressing most of my comments. I really appreciate your
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explanation regarding the transferability of prediction models based on DNA methylation. I have
one follow-up minor question. I am curious whether the QQ plot looks better if you adjust for the
estimated blood cell proportions from the EpiDISH.

Authors’ response to the second round of review

We are very grateful for the comments provided by the editor and each of the external
reviewers of this manuscript. Please see below, in blue, a detailed response to the remaining
comment raised by reviewer #2. We hope that the reviewer and editor feel that remaining
concerns have been adequately addressed in the revised manuscript.

Reviewer #2:

Major comment #1:

“Thank you for addressing most of my comments. I really appreciate your explanation

regarding the transferability of prediction models based on DNA methylation. I have one followup
minor question. I am curious whether the QQ plot looks better if you adjust for the estimated
blood cell proportions from the EpiDISH.”

Response: We thank the reviewer for their kind and constructive comments on our
manuscript. We repeated our basic and fully-adjusted linear EWAS models using EpiDISH to
estimate cell type proportions instead of the Houseman method. All other covariates remained
the same. We re-calculated lambda values and regenerated Q-Q plots using our EpiDISHinformed
analyses. The lambda values were largely unchanged. The lambda value for the

basic model went from 3.6 (using the Houseman algorithm) to 3.3 (using the EpiDISH
algorithm). The lambda value for the fully-adjusted model went from 1.7 to 1.6, respectively.
Q-Q plots are shown below for the EpiDISH algorithm (Figure 1), and mirror those of the main
analytical strategy (Figure 2). Given these lines of evidence, and those in our previous
rebuttal, we do not believe that the selected method for estimating cell type profiles made a
considerable impact on our analyses.
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Figure 1. Q-Q plots for the basic and fully-adjusted models in the linear regression EWAS when using
EpiDISH-estimated cell type proportions. EWAS, epigenome-wide association study.
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Figure 2. Q-Q plots for the basic and fully-adjusted models in the linear regression EWAS when using
Houseman-estimated cell type proportions. EWAS, epigenome-wide association study.




