
Reviewers' comments:  
 
Reviewer #2 (Remarks to the Author):  
 
The authors have responded positively to the reviewer comments and I believe the manuscript if 
improved as a result. The addition of the ICC/reliability of the modelling and the replication dataset 
are key improvements. Despite these improvements however, there are still a few things that I 
think could be clarified, particularly around the performance of the CNN model relative to other 
approaches and the real-world relevance of the genetic effects. Specifically:  
I’m still not really convinced that the performance of their CNN approach has been properly 
compared with existing approaches. SVR is employed separately three times using three different 
types of input features, the lowest MAE = 4.37 (for VBM). When the CNN model uses single types 
of input features the lowest MAE = 4.01. This is some improvement, though only moderate. In 
fact, the use of the CNN with GM images (which is arguably the closest to the SVR VBM) has MAE 
= 4.64, so performs slightly worse. Really, my point here is that the comparison has not been 
done directly. The SBM, VBM and SM inputs could have been used in the CNN context, and more 
importantly the performance improvements of the CNN method are only really apparent when 
combining input feature types (e.g., T1 + JM). Could SVR not have been run using combined input 
feature types (e.g., using majority voting)? And why did they pick SVR? Gaussian Processes or 
Relevance Vector regression have been much more commonly used in the context of brain-age 
prediction.  
Regarding the genetic effect size, it seems I made a miscalculation and that the ‘age’ effect size of 
the top SNP is in fact -0.32 years instead of -0.08 years. Perhaps the fact of the unit normalisation 
of the PAD values can be made clearer. Moreover, I think the authors still need to discuss the 
meaningfulness of the SNP influencing someone’s brain age by approximately 117 days. For 
example, putting this effect in the context of the magnitude of aberrant brain ageing observed in 
studies of neurological or psychiatric diseases (which are generally much larger). I think it’s 
essential in GWAS and similar research to show an awareness of the difference between statistical 
significance and real-world relevance.  
The findings in the replication sample of the UKB are critical and should be up-weighted and the 
supplementary table (Table 12 Appendix G) included in the main text. If number of items are a 
problem, then these results should be incorporated into Table 4.  
I’m still not convinced that gender and scanner should be included in the model, as the authors 
themselves show neither relate to age (as would be expected). I don’t really expect the authors to 
re-run everything without them, but I think some mention of this as a potential red herring should 
be included in the Discussion. After all, people may want to replicate the analysis in future, and in 
such circumstances, I don’t think gender and scanner should be used in this way.  
Pearson’s correlations are reported as % throughout. My understanding was that Pearson’s r was 
always between -1 and 1. This should be clarified.  
Did the authors include the extra genetic QC information requested by Reviewer 3? Not clear from 
the rebuttal letter. This level of methodological rigour is important.  
What software did the authors use to code their CNN? Can they stick their model code up on 
Github or similar please?  
 
 
 
Reviewer #3 (Remarks to the Author):  
 
NCOMMS-19-09419-T  
Deep learning based brain age prediction uncovers associated sequence variants  
 
This paper by Jonssona et al. has been improved. However, some of my major concerns haven't 
been fully addressed,  
and I think there is still much room to improve the transparency and clarity of the manuscript.  
 



Detailed comments:  
 
* I am disappointed that the authors still did not remove related individuals and properly adjust 
for nuisance variables such as head motion, genotyping array, imaging center, and even PCs, in 
their GWAS.  
This is not about whether these covariates have large effects on results/conclusions, it's about the 
quality, rigor and integrity of science.  
In addition, adjusting for PCs doesn't adequately account for the potential bias induced by 
relatedness.  
Therefore, I urge the authors again to follow the best practice of GWAS, removing one individual 
from each related pairs (relatedness estimates have been released by UK Biobank),  
and adjust for all potential nuisance variables (head motion, ICV, genotyping array, imaging 
center, PCs, age at the imaging visit, sex, and perhaps age^2, age x sex, age^2 x sex, plus other 
relevant covariates)  
in one regression model and update the results in the manuscript.  
Similarly, covariates should be properly adjusted when testing the associations between PAD and 
cognitive measures.  
Separate, posthoc assessments of the effect of each of these covariates on SNP associations are 
not acceptable to me.  
 
* The authors showed that by a transfer learning in IXI, the performance of CNNs trained in the 
Icelandic sample significantly improves in the UK Biobank.  
I was curious what if the transfer learning was performed in a small subset of UK Biobank sample?  
The prediction is supposed to be more accurate, right? If so, shouldn't the authors use this more 
accurate prediction for GWAS discovery?  
 
* Split of datasets into training, validation and testing seems to be arbitrary. Is it possible to 
randomly split the datasets say 100 times and assess the variability of prediction?  
 
* Page 15: please report the SBM and BVM features used in the model in the supplementary.  
 
* Page 7: "we did not spend as much time optimizing these CNNs"; Page 9: "the new PAD 
estimates are less optimized".  
What does less optimized exactly mean? Why not use a consistent procedure, same as what was 
used in the original PAD estimation?  
 
* Table 2: why test R^2 can be negative?  
 
* Table 3 only presents selective results rather than all cognitive tests.  
If no association was found for other tests, it should be mentioned in the main text. Detailed 
statistics should be reported in supplementary.  
 
* LocusZoom plot should be presented for the two GWAS significant SNPs. In particular, the one 
on chr1 doesn't seem to be very reliable.  
It's not GWAS significant with random CNN weight initialization.  
And remember that some covariants haven't been properly controlled.  
 
* The authors mentioned that PAD was estimated to be heritable in prior studies. It would be 
helpful to compute the heritability of PAD in the UK Biobank as a comparison.  
 
* Computational cost (time and memory use) of CNN should be reported.  
 
* The flow of the text can be further improved. Currently one needs to go back and forth between 
the results and methods to figure out what has been done.  
 



* Page 9: "We also see that the other three sequence variants and PAD are associated with 
numerous structural brain phenotypes"  
This is sort of circular because search of the three sequence variants were restricted to those 
associated with brain phenotypes.  
 
* Page 9: "we scanned for the phenotype effects of all five single-nucleotide polymorphisms 
(SNPs) in the UK Biobank data analyzed by the Roslin Institute"  
The main text should be more self-contained even if detailed results are presented in the 
supplementary.  
What are those phenotypes? Is this a PheWAS study? What is the main finding/conclusion?  
 
* Page 11: "the assessment center were neuropsychological testing was performed" --> "the 
assessment center where neuropsychological testing was performed"  



We want to thank the Nature Communications referees for their insightful comments. We have gone thoroughly
through their reviews and answered them point-by-point (see text below) and revised the manuscript
accordingly. The key points we have addressed in the new version of the manuscript are concerns about the
comparison of our method with existing approaches and potential confounds in the GWAS and cognitive
assessment association test. We have added results for regression methods that have previously been
effective in brain age prediction (relevance vector regression and Gaussian Process regression) and combined
models trained on SBM, VBM, SM features (Section 2.1). We found that our combined CNN method still
had lower test MAE than these newly added methods. The GWAS and cognitive assessment association
tests were re-run after removing individuals from related pairs and adjusting the PAD for various potential
nuisance variables. Numerous items in the manuscript were updated with these new results (Tables 3, 4, 6,
and 13 and Figures 2, 13, and 14). However, when comparing these updated results to the original result,
we found that the additional adjustments had a small effect. Additionally, we have added SNP-heritability
estimates for PAD (Section 2.5), LocusZoom plots showing the GWAS significant variants (Figure 13 and 14),
information about computational cost (Section 4.3), association results for all of the cognitive tests considered
(Table 6), and tables including the names of the SBM and VBM features used in our models (Supplementary
table 1 and 2).

1 Reviewer 2

I’m still not really convinced that the performance of their CNN approach has
been properly compared with existing approaches. SVR is employed separately
three times using three different types of input features, the lowest MAE =
4.37 (for VBM). When the CNN model uses single types of input features the
lowest MAE = 4.01. This is some improvement, though only moderate. In fact,
the use of the CNN with GM images (which is arguably the closest to the SVR
VBM) has MAE = 4.64, so performs slightly worse. Really, my point here is
that the comparison has not been done directly.

a. These points are moslty fair, however, we do not agree that the CNN with GM inputs is the closest
to SVR VBM since the latter includes information about GM, WM and CSF (see supplementary table
2 for VBM variables). Therefore, a closer match to the SVR VBM method should be the CNN trained
on T1 images. This method has test MAE = 4.01, which is lower than the test error of the SVR VBM
method (MAE = 4.37).

The SBM, VBM and SM inputs could have been used in the CNN context, and more
importantly the performance improvements of the CNN method are only really ap-
parent when combining input feature types (e.g., T1 + JM). Could SVR not have
been run using combined input feature types (e.g., using majority voting)?

a. This is a true, we could have combined the predictions based on SBM, VBM, and SM inputs like
we did for the CNNs. We have added results to Table 1C for regression models trained on SBM,
VBM, and SM inputs and combined using both majority voting and linear regression blending.
Additionally, we have added to Section 4.4 details about how these combinations were performed:

"Additionally, we tested combining predictions made by models trained on these three fea-
ture types. We decided to pick predictions for the method with the lowest CV MAE1 for each feature
type. Specifically, these regression methods were GPR with a Matérn kernel for both the SBM and
VBM, and ridge regression for the similarity matrix features. Since the SBM and VBM features were
not available for every image in the Icelandic dataset, we first calculated the average brain age
prediction for each subject, before inner joining the predictions by subject into a single data frame.
This resulted in a combined data frame with 1246 rows and three columns containing brain age
predictions for the three regression methods. Since training these regression models is faster than
training the CNNs, we were able to combine them using 10-fold cross validation predictions. Thus,
the linear regression blender can train on predictions from the whole training set, instead of be-
ing limited to the 298 images in the validation set, as is the case for the CNN prediction combination."

Regarding the accuracy, we found that combining predictions using linear regression blending

1The methods were picked by CV MAE instead of test MAE to prevent data leakage.
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results in a test MAE = 3.849 years. While these predictions are more accurate than any of the
individual SBM, VBM, and SM input predictions, they are less accurate than the predictions made
by the CNNs combined with linear regression blending [MV (T1, JM, GM, and WM )] (MAE =
3.388 years). Similarly, the CNNs combined using majority voting have lower test error (MAE =
3.584 years) than the regression models trained on SBM, VBM and SM inputs and combined using
majority voting (MAE = 3.940 years).

And why did they pick SVR? Gaussian Processes or Relevance Vector regression
have been much more commonly used in the context of brain-age prediction.

a. To be clear, we did not only look at SVR. We also looked at linear regression, lasso, ridge regression,
elastic net regression, and random forest regression. Table 1C only displays the results for the
method that has the lowest test error. The list of methods we tried was of course far from exhaustive,
instead these methods were chosen to represent commonly used and relatively simple to tune
regression methods.
In regard to Gaussian processes regression (GPR) and relevance vector regression (RVR), the main
reason why we originally only included SVR but not GPR and RVR was because all three of these
methods are kernel regression methods [1] and we did not expect to see a large difference in accuracy
between them. However, as the reviewer mentions, it is true that RVR and GPR have previously
been successfully used for brain age prediction [5, 7]2. Taking the reviewers point into consideration,
we decided to add prediction results for both RVR and GPR for the SBM, VBM, and SM features
to Table 5 in Appendix B. Additionally, we found that GPR trained on VBM features had a slightly
lower test MAE (4.317 years) than the previous best SVR model (4.368 years). Therefore, the VBM
feature results in Table 1C were replaced with the GPR prediction results.

Regarding the genetic effect size, it seems I made a miscalculation and that
the ‘age’ effect size of the top SNP is in fact -0.32 years instead of -0.08
years. Perhaps the fact of the unit normalisation of the PAD values can be
made clearer. Moreover, I think the authors still need to discuss the mean-
ingfulness of the SNP influencing someone’s brain age by approximately 117
days. For example, putting this effect in the context of the magnitude of
aberrant brain ageing observed in studies of neurological or psychiatric dis-
eases (which are generally much larger). I think it’s essential in GWAS and
similar research to show an awareness of the difference between statistical
significance and real-world relevance.

a. The reviewer questions the real-world relevance of the association of a single SNP with PAD. The
reviewer is absolutely right that statistical significance does not ensure relevance. This is true in
most fields of science, particularly when multiple testing and large samples fuel discovery.
However, comparing the effect of a single common SNP on the prediction of brain age in a relatively
healthy sample with the overall effect of certain (severe) neurological diseases on brain aging, is not
necessarily the most fruitful approach. First, geneticists do not expect any single common SNP to
account for a large fraction of the trait variance, as this rarely happens. Second, while the direction
of a significant association is clear, the effect size for each SNP is simply not well determined.
Thirdly, the association may be indirect, due to linkage disequilibrium with the actual culprit. Thus,
the GWAS field mostly emphasizes significance and direction of the observed effects rather than
the effect sizes. Hence, the comparison suggested by the reviewer is not really meaningful, i.e.
comparing the observed effect size for a single SNP to the overall effect of a (severe) neurological or
psychiatric disease, representing the combined effects of all biological and environmental factors
(including medication).
The notion that GWAS findings are somehow overvalued, representing "mere associations" devoid
of causal inference, does not always recognize that this is very often the situation using other lines
of scientific enquiry. Furthermore, polygenic scores, based on GWAS results for a large number of
common SNPs weighted by their effect sizes, have shown utility and predictive power, but have
also been criticized as they initially explained a small part of the variance and heritability of the
traits studied. This is changing, and a recent manuscript, available on BioRxiv, reports that using

2However, we would like to point out that SVR was also used in Franke et al. [7]. Their results show that the accuracy
of the best SVR model was only slightly worse than the accuracy of the best RVR model.
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both common and rare variants from GWAS, the heritability of both BMI and adult human height
can be entirely recovered (Wainschtein et al. [11]). Hence, for these traits at least, GWAS results
can fully capture the biological basis as represented by other measures of heritability. Regarding
GWAS on brain ageing, it is still early days. Our findings from the application GWAS to PAD, the
identification of associations with a number of SNPs with PAD, provide proof of principle (the
GWAS yields a handful of associated sequence variants) and a foothold for further studies. In
response to these concerns we have added the following:

We have added a footnote to Table 4 explaining how to estimate the effect size in years:

"The reported effect sizes in Table 4 are for PAD normalized to unit variance. Before nor-
malization the standard deviation of PAD was ~4 years. Thus the associated lowering of the
protective allele of rs1452628 is approximately -0.32 years."

In the discussion we have made the following modification:

"Applying our method to large genomic datasets such as the UK Biobank has enabled us
to identify novel associations between sequence variants and brain ageing. The variants identified
are common SNPs with small effects on PAD (Table 4) accounting for only a fraction of the trait
variance. However, these first findings provide a foothold, and further research into these loci as
well as additional GWAS studies have potential to shed light on the biological underpinnings of the
ageing brain and its connection to various diseases and disorders."

The findings in the replication sample of the UKB are critical and should be
up-weighted and the supplementary table (Table 12 Appendix G) included in the
main text. If number of items are a problem, then these results should be
incorporated into Table 4.

a. This is a good idea, we have followed the reviewers suggestion and incorporated the replication
results into Table 4.

I’m still not convinced that gender and scanner should be included in the
model, as the authors themselves show neither relate to age (as would be ex-
pected). I don’t really expect the authors to re-run everything without them,
but I think some mention of this as a potential red herring should be included
in the Discussion. After all, people may want to replicate the analysis in
future, and in such circumstances, I don’t think gender and scanner should be
used in this way.

a. It is corrected that we previously showed that age does not associate with sex and scanner. However,
we do not see how including these variables in the brain age prediction model should impact the

replicability of our analysis. Sex is known to influence brain structure [10] and acquisition protocols
are known to affect brain volume estimates [9]. The input features to our brain age prediction
model are brain structure measurements and the goal of these models should be to accurately
detect changes in brain structure that are truly caused by ageing. This is especially important when
attempting to derive biologically relevant markers such as PAD. It seems intuitive that if we include
sex and scanner in the model it can learn to disentangle and ignore changes in brain volume due
to these factors faster than if it has no information about them. Therefore, it is not clear to us how
using these variables could be construed as a potential red herring.

Pearson’s correlations are reported as % throughout. My understanding was
that Pearson’s r was always between -1 and 1. This should be clarified.

a. Yes, Perason’s r is always between -1 and 1. We have changed the format of all Pearson’s correlation
results from percentages to the more standard decimal fraction format to prevent destracting the
reader.

Did the authors include the extra genetic QC information requested by Reviewer
3? Not clear from the rebuttal letter. This level of methodological rigour
is important.
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a. Information about the genetic QC procedures that were performed is located in Section 4.5. For
more information see the reply to Reviewer 3 below.

What software did the authors use to code their CNN?

a. We used Keras with TensorFlow backend to code the CNNs. A footnote has been added to Section
4.3 with this information:

"The deep learning models were implemented using Keras with TensorFlow backend [4]."

Can they stick their model code up on Github or similar please?

a. We will add the code to GitHub when the paper is published.

2 Reviewer 3

I am disappointed that the authors still did not remove related individuals
and properly adjust for nuisance variables such as head motion, genotyping ar-
ray, imaging center, and even PCs, in their GWAS. This is not about whether
these covariates have large effects on results/conclusions, it’s about the
quality, rigor and integrity of science. In addition, adjusting for PCs
doesn’t adequately account for the potential bias induced by relatedness.
Therefore, I urge the authors again to follow the best practice of GWAS, re-
moving one individual from each related pairs (relatedness estimates have been
released by UK Biobank), and adjust for all potential nuisance variables (head
motion, ICV, genotyping array, imaging center, PCs, age at the imaging visit,
sex, and perhaps age2, age x sex, age2 x sex, plus other relevant covariates)
in one regression model and update the results in the manuscript. Similarly,
covariates should be properly adjusted when testing the associations between
PAD and cognitive measures. Separate, posthoc assessments of the effect of
each of these covariates on SNP associations are not acceptable to me.

a. We are of course dedicated in preserving scientific integrity and want to follow the best practice
of GWAS. As such, these points have been taken into consideration in the new version of
the manuscript. Individuals from related pairs have been removed and PAD was adjusted
for these potential nuisance variables before re-runnig the GWAS and cognitive measure as-
sociation tests. The specific items that have been updated in the manuscript are Tables 3, 4,
6, and 13 and Figures 2, 13, and 14. However, when we compared these updated results to
the original result, we found that non of the additional adjustments significantly altered the re-
sults. We have added the following description of the performed adjustments to the methods section:

In Section 4.5 we have updated the description of the adjustments performed on PAD be-
fore GWAS:

"Before performing GWAS, we removed individuals of non-white British ancestry and sub-
jects from related pairs. We then adjusted the PAD for age at imaging visit, age2, sex, age × sex, age2

× sex, total intracranial volume, the first 40 principal components from genetic ancestry analysis,
head motion, genotyping array, and imaging center using linear regression. The adjusted PAD was
then normalized with an inverse normal transformation. After normalization the linear regression
adjustments were reapplied."

Additionally, we have updated the description in Section 4.5 for the adjustments performed on PAD
before testing for association between PAD and cognitive measures:

"Before performing the association test we first removed individuals of non-white British
ancestry and subjects from related pairs. We then adjusted the PAD for age at imaging visit, age2,
sex, age × sex, age2 × sex, total intracranial volume, the first 40 principal components from genetic
ancestry analysis, head motion, genotyping array, imaging center, and assessment center where
neuropsychological tests were conducted. The adjustments was performed using linear regression."
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The authors showed that by a transfer learning in IXI, the performance of CNNs
trained in the Icelandic sample significantly improves in the UK Biobank. I
was curious what if the transfer learning was performed in a small subset of
UK Biobank sample? The prediction is supposed to be more accurate, right? If
so, shouldn’t the authors use this more accurate prediction for GWAS discov-
ery?

a. While it is likely that transfer learning on a small subset of the UK Biobank sample will lower the
UK Biobank test MAE. We refrained from doing this because we want to use as many subjects as
possible in the downstream analysis and because of the limited age range in the UK Biobank sample
(all subjects are in the age range 45 to 80 years). Training on such a limited age range would severely
bias the model towards predicting ages inside this range. To get around this, it is necessary to train
the model on a sample with a wider age range. This is why we transfer learned on the IXI sample,
which includes subjects in the age range 20 to 86 years, before carrying out the downstream analysis.

We have added a paragraph to the end of Section 2.2 to clarify this:

"In subsequent sections, the CNNs trained with transfer learning on the IXI sample will be
used in downstream analysis of the UK Biobank sample. While it is likely that transfer learning on a
small subset of the UK Biobank sample will lower the UK Biobank test MAE, we refrained from
doing this because we want to use as many subjects as possible in the downstream analysis and
because of the limited age range in the UK Biobank sample (all subjects are in the age range 45 to 80
years). Training on such a limited age range would severely bias the model towards predicting ages
inside this range. To get around this, it is necessary to train the model on a sample with a wider age
range. This is why we use the CNNs trained on the IXI sample, which includes subjects in the age
range 20 to 86 years, in the downstream analysis."

Split of datasets into training, validation and testing seems to be arbitrary.
Is it possible to randomly split the datasets say 100 times and assess the
variability of prediction?

a. It is possible to train our brain age prediction 100 times. However, this would be extremely time
consuming using the resources available to us. It would entail training four CNNs 100 times. Using
four parallel GPUs, we expect the training to take at the very least 100 days. We already trained the
model four additional times (Section 2.3) and did not see much variability in the PAD (ICC=0.86).
We could train more models but we do not expect the results to change much.

Page 15: please report the SBM and BVM features used in the model in the sup-
plementary.

a. The names of the 311 SBM and 204 VBM features used to train the brain age prediction models have
been added to Supplementary table 1 and 2.

Page 7: "we did not spend as much time optimizing these CNNs"; Page 9: "the
new PAD estimates are less optimized".

What does less optimized exactly mean? Why not use a consistent procedure,
same as what was used in the original PAD estimation?

a. A consistent procedure was used when training the CNNs for the new PADs. However, it is
well known that the training of deep learning networks is equivalent to the minimization of a
non-convex cost function. This means that 1) the cost function can have local minima and saddle
points that the optimization algorithm can get stuck in, and 2) different initialization can lead to
different solutions. In view of this it makes sense to try different random initialization points
and focus on the network that corresponds to the best local minimum, i.e., the CNN that has the
lowest validation error. This was carried out when we trained the original method but could
not be done when we retrained the CNNs in Section 2.3. Even though the retrained CNNs did
not find the exact same solution as the original CNN, we found that the agreement between
the original PAD and the four new PADs calculated with the retrained CNNs is quite high (ICC=0.86).

We changed the sentence on page 7 to clarify this:
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"The reason why the error is higher here compared to the original results is that we did
not reinitialize and retrain the CNNs in cases were the optimization got stuck in a poor local
minimum or a saddle point."

The sentence on page 9 has been removed in response to a comment below (see the reply).

Table 2: why test R2 can be negative?

a. There are several definitions of R2, we used the scikit-learn implementation3 of R2. The possibility
of negative R2 values is noted in the scikit-learn documentation:

"Unlike most other scores, R2 score may be negative (it need not actually be the square of
a quantity R)."

Specifically, the R2 is negative when the model fits worse than a horizontal line4.

Table 3 only presents selective results rather than all cognitive tests. If
no association was found for other tests, it should be mentioned in the main
text. Detailed statistics should be reported in supplementary.

a. All association results for the cognitive tests we performed have been added to Table 6 (Appendix
C). Additionally, we have added a sentence to Section 2.4 clarifying which cognitive tests did not
show evidence of association with PAD:

"We did not find evidence of association between PAD and performance on the fluid intel-
ligence, numeric memory, pairs matching, and prospective memory tests."

LocusZoom plot should be presented for the two GWAS significant SNPs. In par-
ticular, the one on chr1 doesn’t seem to be very reliable. It’s not GWAS
significant with random CNN weight initialization. And remember that some
covariants haven’t been properly controlled.

a. As per the reviewers request, LocusZoom plots for the two GWAS significant SNPs have been
added to the manuscript (Figure 13 and 14 in Appendix I). We plotted the UK Biobank PAD GWAS
results for a 0.2 Mb radius around the two GWAS significant variants (Figures 13 and 14). The LD
information was estimated from the European population in the 1000G phase 3 release from Nov
2014.

The chr1 variant is not unreliable, it is associated with PAD in the replication set (effect =
-0.07, p=8.8e-04) and associated with increased CSF in multiple cortical regions which is consistent
with increased brain age (Table 8). The reason for the apparent discrepancy is because the random
weight initialization CNNs converged to less optimal solutions (see the above discussion) than the
brain age prediction CNN used in the GWAS. Which in turn results in lower association values for
the PAD estimated with random weight initialization CNNs. Because of this, we find that reporting
association results for suboptimal solutions could be misleading to the reader and therefore we have
removed Table 14 in Appendix G and any text in Section 2.5 referring to this table.

The authors mentioned that PAD was estimated to be heritable in prior studies.
It would be helpful to compute the heritability of PAD in the UK Biobank as a
comparison.

a. We have added a SNP-heritability estimate of PAD in the UK Biobank to Section 2.5:

"Running LD score regression [2] on the GWAS results, we estimated the SNP-heritability

3https://scikit-learn.org/stable/modules/generated/sklearn.metrics.r2_score.html
4https://stats.stackexchange.com/questions/12900/when-is-r-squared-negative
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for PAD to be h2
snp = 0.264 (95% CI = [0.178, 0.350])5. This h2

snp estimate is close to the one previously
estimated by Kaufmann et al. [8] [h2

snp = 0.1828 (SE = 0.02)]. And predictably our h2
snp is lower than

the narrow-sense heritability estimate of PAD estimated by Cole et al. [6] [h2 = 0.66 (SE = 0.09)]
using a twin study sample."

And a new section to methods (Section 4.6) describing details of how the heritability analy-
sis was performed:

"To estimate SNP-heritability (h2
snp) we ran LD score regression [2] on the PAD GWAS sum-

mary statistics. We used the ldsc command line tool6 and followed standard procedure when
running it. We used precomputed European 1000 Genomes phase 3 LD Scores, and filtered out rare
variants with MAF < 0.01 and imputation quality score < 0.9 before training the LD score regression
model. If the slope of this regression model is adjusted for the sample size and the number of SNPs
it can be used to calculate an estimate of h2

snp [2]. Additionally, the intercept of the model minus one
is a measure of confounding bias in the test statistics, due to confounding effect such as cryptic
relatedness and population stratification [2]."

Computational cost (time and memory use) of CNN should be reported.

a. A sentence reporting the computational cost of each CNN has been added to Section 4.3.

"Our CNN implementation uses about ~8 GB of memory and the training time using an
Intel Xeon Gold 6130 Processor CPU with 32GB of RAM, and an NVIDIA Tesla V100 16GB GPU was
about two days."

The flow of the text can be further improved. Currently one needs to go back
and forth between the results and methods to figure out what has been done.

a. The structure of the papers follows the guidelines set by Nature Communications (results section
before methods). The way the paper is currently written is that the main text includes a general
outline of the experiments and the more technical details are left for the methods section. The benefit
of the current format is that it simplifies the reading of the paper for those with experience with the
technical aspects of the paper, such as deep learning. As things stand, we are not prepared to change
the flow of the manuscript unless the reviewer specifies what information he feels is lacking from
the results section.

Page 9: "We also see that the other three sequence variants and PAD are asso-
ciated with numerous structural brain phenotypes"

This is sort of circular because search of the three sequence variants were
restricted to those associated with brain phenotypes.

a. The sentence in consideration has been changed to reflect this (Section 2.5):

"Although it was known a priori that the other three sequence variants would associate
with structural brain phenotypes, the specific structural brain phenotypes that associate with these
variants are listed in Tables 10-12."

Page 9: "we scanned for the phenotype effects of all five single-nucleotide
polymorphisms (SNPs) in the UK Biobank data analyzed by the Roslin Institute"
The main text should be more self-contained even if detailed results are pre-
sented in the supplementary.

What are those phenotypes? Is this a PheWAS study? What is the main find-
ing/conclusion?

a. The Roslin gene ATLAS is a large database of associations between hundreds of traits and millions
of variants using the UK Biobank cohort [3]. Originally, the phenotype associations from the Roslin

5Additionally, the intercept of the LD score regression model is equal to 0.991 (95% CI = [0.979 , 1.003]), which
indicates that the model did not find any evidence of confounding effects in the PAD GWAS results.

6https://github.com/bulik/ldsc
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gene ATLAS were included for the variants reported in our manuscript to show that the PAD
variants associate with more phenotypes than we had access to in our study. These results are not
important to our main findings. Therefore, we decided to remove them from the new version of the
manuscript.
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REVIEWERS' COMMENTS:  
 
Reviewer #2 (Remarks to the Author):  
 
The authors have done a good job responding to the reviewers comments and the manuscript is 
further improved.  
 
I'm still don't think that the authors adaquately justify why sex and scanner should be used in an 
age prediction model. My understanding is that covariates should be included if there are likely to 
relate to the outcome measure (i.e., age), not other predictor variables (i.e., brain imaging 
measures). If they did want to justify the value of adding these measures, then it would be 
possible to do so using sensitivity analyses (e.g., with/without covariates), applied to 
males/females only etc., but I believe that this is beyond the scope of the current paper and 
perhaps focus for another occasion.  
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