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The paper introduces a python package for imputation, filtering, segmentation, feature extraction and
visualisation of CNA profiles. It explains some of the elements of the package, and then demonstrates
how data from multiple cohorts can be processed and combined using the package preprocessing
pipeline. The authors then use processed data from 3 different cohorts to perform cancer type
prediction using a CNN. From this, they get an interesting result to find a biomarker that differentiates
two different lung cancers. Throughout, they show visualisations using their package. The package itself
seems well documented and designed to be used. There is some clarification required in the methods
section specifically around the CNN training and the models therein. There is also one major question of
whether all the preprocessing steps are actually required for the downstream CNN analysis. Overall,
however, this is a well written manuscript, providing a useful software tool for further analysis of CNA
data.

Major comments:

- CNN section- how are the segments decided- is it based on all the training data, or just data in a batch?
- Throughout the results pertaining to figure 3A-C, you call it test accuracy- to be clear is this is based on
your CV hold outs? This should be reworded everywhere to reflect this. As cross validation indicates, this
is not a test set and is a validation set- which is also the way you use it.

- Regarding the above, you have a comment saying: "the best test accuracy without cross-validation was
92.34%". Could you please clarify what you mean by this. Only in the CNN section do you describe your
training approach, which does not mention a test or separate validation set.

- It reads slightly unclearly- you have a section called "model transfer", but are you training 3 different
models- one per dataset? You only have one figure for training results which suggests one dataset, but
then you have this section called model transfer?

- Re all the above, please dedicate a small subsection in methods making this clearer. Are there
dedicated test sets? If your main results are for aggregated data, then what are you testing on to ensure
generalisability? What is the point of training the 3 different models on 3 different datasets? Perhaps it
would make more sense to hold one dataset out as your test set. In some ways, that is what the model
transfer is showing, but it would be less confusing to clarify that aim instead of suddenly introducing 3
models.

- If the CNN architecture is essentially the same as in Attique et. al., the performance is basically the
same and they use only CNs a gene locations- how does this demonstrate that the preprocessing from
CNSistent is necessary or advantageous for this task? Maybe having a result which combines CN calls
naively over gene locations and comparing to this across the aggregate datasets would be a good way of
comparing? l.e showing that preproccessing does offer an advantage when combining different datasets



together? Also because this is what you argue in your abstract. For this analysis you would have to make
sure you also compare across the same samples to differentiate between filtering/other preprocessing
steps.

- In Figure 3l, you say "notice the similarity of chromosome 3 pattern for the correctly classified LUSC
samples (red) and the misclassified ones (orange)". This is confusing because the orange and red are not
similar. In fact for this whole section, it seems that figure 31 does not align with what you are saying?
Minor comments/errors:

- Clarification on why CNSistent needs a reference genome if it's dealing with segments? How is this
information used- is it just for the known gaps?

- Your caption of Supplementary Figure 1 has a typo about a breakpoint at 16 instead of 14.

- You do not explain how you use the knee pt to filter (i.e is it samples above/below the knee pt.)

- Your CNN graphic is difficult to interpret and non-standard.

- CNN section should clarify at the beginning what the input is and what the output is (i.e a prediction
that a sample belongs to a particular cancer type) before explaining the architectural details.

- Even though you control for class imbalance, some cancer types are so poorly represented it is unlikely
a CNN could learn that, you do kind of mention this in the discussion, but maybe some sort of minimum
threshold for inclusion would make sense.

- For Fig2D you refer to it as GND, but the axes/title says hemizygosity-are these things equivalent? E.g
could have 3-3, low hemizygosity but not diploid? Or if it's aggregated across the whole genome its
assumed equivalent?

- There is a grammatical error "Runtimes decreased in a near-linearly with the number of compute
cores"

- You make a comment that "We therefore suspect some TCGA lung cancers might be cases of co-
occurring adeno and squamous carcinomas." This is a possibility but given pleiotropy of many
phenotypes- it may also be that the biomarker is not always unique to squamous carcinomas.
Suggestions/Nice to haves:

- Maybe make it clearer inside the paper what visualisations come with CNSistent. Looking at the
software documentation, there's obviously a lot of useful visualisations that come with that- and some
of them you have used in Figure 3 for e.g.

- Given there are more total CN callers, maybe good to mention somewhere how CNSistent would work
for total CNs only.

- You remove profiles that you say are uninformative, could you not include this and then just show how
accuracy correlates with no. of break-pts (for e.g). In some ways one might think that there could be
useful information in few alteration profiles- because those alterations might be more upstream/causal.
- The aggregation step could maybe affect downstream analysis. I.e taking the average could introduce
CNs that were never called. Even using min/max- this implies a constant copy number in that region,
which may lose information- e.g if it is a functional region having two diff CNs across gene might imply
non-functionality. Did you explore the effect of aggregation step? Perhaps taking a small enough
resolution of segment types would account for this anyway.
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