Reviewers' comments:
Reviewer #1 (Remarks to the Author):

Authors employed a newly-proposed deep machine learning model, called deep convolutional
generative adversarial networks (DCGAN), to reconstructing lost BOLD signal in individual participants.
They showed that the DCGAN model can be harnessed to learn individual patterns of brain activity and
generate BOLD signals in artificially and non-artificially (i.e. DBS electrodes) compromised cortical
regions.

1. Although interesting, I'm concerned about the real usefulness of this approach as - for instance -
the artefact sizes are usually small in DBS patients and we can still have quite good results even with
the artefact.

2. Additionally, it seems very difficult to create an algorithm replacing missing data. Authors gave the
example of faces, which is fine since human faces have patterns, but do we know that BOLD signal
has such patterns? Reconstructing in a healthy subject the BOLD signal with missing data is great, but
I think that reconstructing a BOLD signal post DBS the same as pre DBS is flawed.... do we know that
the signal has to be the same? wouldn't the lesioning effect change the BOLD signal? I think after the
intervention it becomes hard to have a gold standard to compare to. Likewise, what if the DBS
settings are changed (or DBS is simply turned on)? That would certainly change brain activity. In
these cases the assumption that “functional brain organization, as assessed with functional
connectivity, is assumed to be relatively stable over time” is simply not true.

Minor
3. please fix the reference “(Wang et al., 2015)”, not quoted as a number.

Reviewer #2 (Remarks to the Author):
Reconstructing lost BOLD signal in individual participants using deep machine learning

The authors used GANs to reconstruct artificially lost signal in BOLD fMRI data. Time series correlated
between original and reconstructed datasets at low- to moderate correlation coefficient strengths, and
so did FC maps. The reconstruction technique was also applied to surgical patients with implanted
depth electrodes.

The work has an interesting scope and the paper was overall well written. However, I was not so sure
whether the authors made a strong case for the necessity and utility of their method, as i felt that
their evaluations lacked the necessary rigor and depth. Their analytical pipeline introduces/enhances
spatial autocorrelation at multiple levels, which may enhance performance artificially. Indeed, a simple
learner that fills in signal from neighbouring non-missing vertices might perhaps perform similarly or
even better than the proposed DNN model so one would like to see some more evaluations on that
end. The evaluations were based on rather conventional and legacy 3T data (GSP); there was
unfortunately no replication in a different, potentially more state of the art imaging dataset such as
HCP, which may have been a worthwhile test of generalizability of the proposed technique. The clinical
test case application was based on 2 patients only and thus relatively preliminary.

My main specific comments on the work are listed below:
1. The topic of correcting corrupted BOLD fMRI datasets is certainly a useful one. I was wondering,

however, whether these complex models actually outperform simpler approaches and how good the
performance really is given the somewhat low-to-medium correlation coefficients reported. Specific



comments relative to this issue can be seen below

a) The reconstruction technique fills in BOLD time series in cortical patches, and shows that simulated
time series were "quite similar" i.e. correlate on average ~0.23-0.35 with actual time series. I was
somewhat underwhelmed by the low strength of these correlations, and would think that these limit
the utility of the technique in providing useable surrogates of lost signal. Please comment on this
issue, and what a reasonable expectation is in this regard (also based on the suggested additional
evaluations outlined below).

b) The GSP data that was used on the simulation experiment is somewhat conventional i.e. 3mm
voxels and 3s TR. For a more technically oriented report like the current one, a more thorough
evaluation across other datasets is strongly recommended. The HCP dataset, for example, offers
approximately 2mm voxel size and sub-second temporal resolution; given the increasing shift towards
multi-band acquisitions, HCP-grade scans becoming increasingly the state of the art at 3T and beyond.
An additional evaluation of more "contemporary BOLD fMRI" data would strengthen the
generalizability of the current work (and HCP data is already being provided in preprocessed form
through the web).

c) Preprocessed data was smoothed on the cortical surface and then downsampled, which increases
spatial autocorrelation between features and may thus favor prediction based on global signals. I was
suprised that data were smoothed prior to parcellating them via the DK atlas, as this introduced
additional data blurring.

d) Also with respect to the above comment: How well does a simple spatial diffusion of the boundary
signals towards the missing vertices do (e.g. each missing vertex close to a boundary is a assigned a
weighted average of non-missing neighbouring vertices, and the process is iteratively performed until
the missing patch is filled)? The authors are recommended to report mean correlations of such
baseline models as well, to better evaluate the gain that can be observed from using more complex
DNN approaches compared to simple in-painting approaches.

2. DK parcels are anatomically defined and do not necessarily respect functional boundaries,
potentially blurring BOLD fMRI signals from different regions/networks. Other atlases, such as the
Schaefer or Gordon parcellations respect functional boundaries more explicitly, and may thus provide
more distinctive functional signals in specific ROIs. Evaluating the current approach based on these
alternative atlases that may have more specific functional signatures would be important to provide
additional information on the ability of the approach to fill in lost signal from specific functional
clusters.

3. A further application would have been to also verify the ability of the approach in filling in missing
TRs / time points. Some processing procedures such as scrubbing remove for example motion
contaminated time points, so the scope of the current work could be broadened by evaluating whether
the technique can adequately fill in missing TRs as well (at a whole-brain level).

4. T am not sure whether the comparison of preoperative to postoperative scans is a good evaluation
scheme for the "in-painting" perfomance of the approach, given that there are inherent test-retest and
state changes between both time points. Also, an evaluation based on only 2 patients seems
somewhat preliminary to fully evaluate the model performance in a 'real world' case.

5. The authors carried out GSR during their preprocessing, which is a somewhat controversial
technique in the overall rs-fMRI literature. How well does the approach perform when no GSR is



applied to the input data? Are findings overall robust and correlations similar? In the case of omission
of GSR in the processing, how well does a simple in-painting technique perform that paints missing
vertices with global signal, and how much better is the DNN compared to this (based on non-GSR
corrected data) in terms of overall correlations?

Minor comment:
-Please specify how surface registration was done in the current work. Was this based on folding, or
MSM-all? The latter may improve functional alignment, which may augment model performance.



Dear Editor,

Thank you for the opportunity to receive feedback on our manuscript, “ Reconstructing lost
BOLD signal inindividual participants using deep machine learning.” We appreciate the
thorough reviewer feedback — it has influenced our revised manuscript significantly. We have
thought carefully about every point made, and thoroughly attempted to incorporate their
implications into our work. Specifically, we have performed additional analyses suggested by
reviewers and substantially increased our DBS patient sample size from 2 to 12 subjects and
replicated the results. We believe that the result is a significantly stronger manuscript.

Although we believe that all concerns raised by reviewers are sufficiently addressed in the
revised manuscript, we would be happy to make further revisions should further opportunities for
improvement be apparent because our goal isto produce the strongest manuscript possible.

Below we list each reviewer’ s comments and our response to each comment.

Reviewer #1 (Remarksto the Author):

Authors employed a newly-proposed deep machine learning model, called deep convolutional
generative adversarial networks (DCGAN), to reconstructing lost BOLD signal in individual
participants. They showed that the DCGAN model can be harnessed to learn individual patterns
of brain activity and generate BOLD signalsin artificially and non-artificially (i.e. DBS
electrodes) compromised cortical regions.

1. Although interesting, I’'m concerned about the real usefulness of this approach as - for instance
- the artefact sizes are usually small in DBS patients and we can still have quite good results even
with the artefact.

The reviewer is correct that anatomical MRI images may not be particularly compromised near
the electrodes, however, we want to point out that functional MRI signals can be significantly
compromised by wires outside the skull that connect the implanted electrodes to the stimulator.
Please see raw fMRI data shown in Figure 4 (also shown below, compromised regions are
indicated with arrows). The fMRI signal in some parts of the temporal lobe is amost completely
lost. Moreover, we have observed that significant artifacts arise when the stimulator is turned on
in the MRI scanner.
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In the revised manuscript, we have supplemented the clinical portion of our study and added 10
patients with DBS electrodes to our analyses, totalling 12 patients. In these patients, we
measured the surface area of the compromised region and, on average, the compromised area
covered 8.36% of the cortical surface, which represents a substantial portion of the cortex (see
Figures 4 and S3A for two examples). Among the 12 patients, the BOLD signal within the
compromised area was nearly 40% lower on average compared to the presurgical BOLD signal
(Figure S3B), with some regions showing atotal loss of BOLD signal. Therefore, any study
investigating functional connectivity or task-related BOLD activity in these patients will missa
large part of the picture if these artifacts are left unaddressed.

More importantly, the usefulness of our technigque goes beyond the study on DBS patients. We
want to emphasize that we simply used patients with DBS as an example to demonstrate the
performance of our technique, because of the availability of pre-surgical and post-surgical data
for comparisons. Once validated, the technique can be used in many other scenarios where fMRI
signals are affected by different sources of noise. For example, MRI signals near the temporal
pole and basal frontal lobe are known to be compromised by susceptibility artifacts. A technique
that is capable of reconstructing lost signal at the individual subject level has the potential to
address these long-time challengesin the field of MRI.

2. Additionally, it seems very difficult to create an algorithm replacing missing data. Authors
gave the example of faces, which is fine since human faces have patterns, but do we know that
BOLD signal has such patterns? Reconstructing in a healthy subject the BOLD signal with
missing datais great, but | think that reconstructing a BOLD signal post DBS the same as pre
DBSisflawed.... do we know that the signal has to be the same? wouldn't the lesioning effect
change the BOLD signal? | think after the intervention it becomes hard to have a gold standard
to compare to. Likewise, what if the DBS settings are changed (or DBSis simply turned on)?



That would certainly change brain activity. In these cases the assumption that “functional brain
organization, as assessed with functional connectivity, isassumed to be relatively stable over
time” issimply not true.

BOLD signalsin different brain regions have very stable patterns when considered in
relationship to one another. Based on these patterns, research over the last decade has identified
multiple large-scale networks in the brain, whereby the activity of given sets of regionsrise and
descend together, signaling a cooperative functional connection between them (Biswal et al.,
1995; Fox and Raichle, 2007; Greicius et al., 2003; Tononi et a., 1998; Van Dijk et al., 2010;
Yeo et a., 2011). These networks are stable and are at play both during rest and during task
performance (Bressler and Menon, 2010; Seeley et a., 2007; Toro et al., 2008) and give us
insightsinto the functional organization of the human brain.

Regarding the justification of comparing post-DBS data to pre-DBS data, the reviewer is
absolutely right that there will be differences between pre-surgical and post-surgical data, and
there will be differences once the stimulator is turned on (although in this study we only used
data when the stimulator is turned off). We would like to emphasize two important points. The
first oneisthat the compromised region is not the same as the electrode implantation region. The
el ectromagnetic interference occurs on the surface of the cortex that is adjacent to connection site
on the skull. As such, while the electrode implantation site is in the subthalamic nucleus, the
regions experiencing interference are located in the lateral parietal, lateral temporal, and lateral
occipital cortices (see Figure 4, 5, S3, and $4). However, while the BOLD signal isdisrupted in
these patients due to the connectors, the underlying brain activity in these regionsisintact. In
other words, what is disrupted is the detection of the activity, not the activity itself.

This leads usto our second point, which is that the functional connectivity of an intact region
exhibits high stability over time, which renders possible the comparison of its activity at two
timepoints. As aproof of concept, we investigated functional connectivity of the region that is
contralateral to the compromised region, i.e. the right temporoparietal region, which suffered no
interference. We found that the post-operative functional connectivity maps of the vertices
within this right hemispheric region are highly and significantly correlated with their pre-
operative functional connectivity maps (r=0.75, standard error=0.02; t(10.98)=42.96, p<0.001).
Asavisual reference, Figure $4 shows the functional connectivity maps of a given vertex in two
patients, before and after electrode implantation (also shown below). The maps for the
uncompromised region (right-hand column) exhibit very high similarity: In Patient 1, the
correlation between the functional connectivity maps at the two different timepointsisr = 0.81,
whilein Patient 2 the correlationisr = 0.85. This proof of concept directly demonstrates the
viability of comparing pre- and post-implantation fMRI data to assess the accuracy of our
reconstruction method.
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Fig. $4. FC mapsremain stable after electrode implantation.

Here we show proof of concept that FC maps remain stable following electrode implantation
surgery. We generated pre- and post-operative FC maps from one seed in the compromised
region (left hemisphere), and the same seed in the uncompromised region in the right
hemisphere. FC maps are shown here for two representative patients. The left hemisphere
post-operative FC map presents substantial differences from the pre-operative FC map, as
indicated by alow correlation of r = 0.28 in Patient 1 and r = 0.47 in Patient 2. When looking
at the uncompromised seed in the right hemisphere, the post-operative FC map is highly
similar to the intact pre-operative FC map, as shown by a correlation of r = 0.81 in Patient 1
andr = 0.85 in Patient 2. Thus, functional connectivity does not seem substantially affected
by electrode implantation.

These findings were added to the manuscript:

“However, functional brain organlzatlon as assessed with functional connectivity, is assumed to
be relatively stable over time®. Although the implantation surgery may cause microlesion effects
and lead to changes in brain circuits involving the stimulation target (i.e., the subthalamic
nucleus), the surgery isless likely to change functional connectivity in the area of signal 10oss,
which isrelatively far from the location of the stimulator and the motor network being
modulated. As a proof of concept, we investigated functional connectivity of the right
temporoparietal region of the two patients (note that signal 1oss was observed only in the left
hemisphere). We found that the post-operative FC maps in the right hemisphere are highly and
significantly correlated with the pre-operative FC maps (r=0.75, standard error=0.02;
t(10.98)=42.96, p<0.001). However, for the compromised region in the left hemisphere, we
found that the post-operative FC maps are only weakly positively correlated with the pre-
operative FC maps (r=0.37, standard error=0.03; t(11.02)=11.24, p<0.001). As an example, we
show cortical FC maps using a seed placed in two representative patients compromised regions
(Fig. $4). Unlike the weak and disorganized FC maps obtained from patients’ compromised | eft
temporoparietal region, the FC maps generated from seeds in the right temporoparietal region
show high similarity to their pre-operative FC maps (right hemisphere seeds across the two



patientsin Figure $4: r=0.83+0.03, p<0.001; left hemisphere seeds across both patients:
r=0.38+0.13, p<0.001) (Fig. $4).

Having shown that FC maps are relatively stable following electrode implantation, we
next assessed the reconstructive accuracy of our DCGAN model for the patients' compromised
region in the left hemisphere.”

Minor
3. please fix the reference “(Wang et al., 2015)”, not quoted as a number.

Thank you for pointing this out. We have fixed the reference.



Reviewer #2 (Remarksto the Author):

The authors used GANs to reconstruct artificially lost signal in BOLD fMRI data. Time series
correlated between original and reconstructed datasets at |ow- to moderate correlation coefficient
strengths, and so did FC maps. The reconstruction technique was also applied to surgical patients
with implanted depth electrodes.

The work has an interesting scope and the paper was overall well written. However, | was not so
sure whether the authors made a strong case for the necessity and utility of their method, asi felt
that their evaluations lacked the necessary rigor and depth. Their analytical pipeline
introduces/enhances spatial autocorrelation at multiple levels, which may enhance performance
artificialy. Indeed, asimple learner that fillsin signal from neighbouring non-missing vertices
might perhaps perform similarly or even better than the proposed DNN model so one would like
to see some more evaluations on that end. The evaluations were based on rather conventional and
legacy 3T data (GSP); there was unfortunately no replication in a different, potentially more state
of the art imaging dataset such as HCP, which may have been a worthwhile test of
generalizability of the proposed technique. The clinical test case application was based on 2
patients only and thus relatively preliminary.

My main specific comments on the work are listed below:

1. The topic of correcting corrupted BOLD fMRI datasetsis certainly a useful one. | was
wondering, however, whether these complex models actually outperform simpler approaches and
how good the performance really is given the somewhat |ow-to-medium correlation coefficients
reported. Specific comments relative to this issue can be seen below

a) The reconstruction technique fillsin BOLD time seriesin cortical patches, and shows that
simulated time series were "quite similar" i.e. correlate on average ~0.23-0.35 with actual time
series. | was somewhat underwhelmed by the low strength of these correlations, and would think
that these limit the utility of the technique in providing useable surrogates of lost signal. Please
comment on thisissue, and what a reasonable expectation isin this regard (also based on the
suggested additional evaluations outlined below).

We would like to thank the reviewer for raising thisimportant point. We feel it necessary here to
make a distinction between BOLD time series and functional connectivity derived from them.
We reconstructed the BOLD images frame by frame without using any temporal information and
then checked the BOLD time series post hoc. While the reconstructed BOLD signal showed
moderate correlation with original intact signal, functional connectivity patterns derived from
these signal's are more amenabl e to interpretation, and carry more useful information for basic
and clinical applications. In our study we found that functional connectivity maps derived from
reconstructed vertices exhibited average correlations between r = 0.61 and r = 0.79 with the
original intact connectivity maps, which are considered very high correlations. In aprevious
publication that systematically evaluated the test-retest reliability of resting state functional



connectivity, it has been shown that the overall test-retest reliability is between 0.5 and 0.6 with
12-min fMRI data (see Figure 5in Mueller et al., 2015). This suggests that the reliability of
functional connectivity maps derived from our reconstructed BOLD signal is considerably
higher than test-retest reliability; in other words, even if one can fix the noise source that causes
the BOLD signal loss and rescan the subject, the result is no better than using our technique to
reconstruct the compromised signal.

Another important point that we would like to emphasize is the individual-specific nature of the
reconstructions. The reconstructed functional connectivity maps are most similar to the subject’
own intact maps rather than to the group map or the most similar individual’s map. Therefore,
the reconstructed signals carry individual-specific information, which is crucial for clinical
applications where patient heterogeneity requires researchers to move away from group-level
analyses.

b) The GSP data that was used on the simulation experiment is somewhat conventional i.e. 3mm
voxels and 3s TR. For amore technically oriented report like the current one, a more thorough
evaluation across other datasets is strongly recommended. The HCP dataset, for example, offers
approximately 2mm voxel size and sub-second temporal resolution; given the increasing shift
towards multi-band acquisitions, HCP-grade scans becoming increasingly the state of the art at
3T and beyond. An additional evaluation of more "contemporary BOLD fMRI" data would
strengthen the generalizability of the current work (and HCP datais already being provided in
preprocessed form through the web).

We agreethat it is necessary to test the success of the model in different datasets to demonstrate
generalizability. To this end, we analyzed healthy young adult data acquired through a Siemens
MRI scanner (the GSP data), and older adult patient data acquired through a Philips scanner (the
DBS data), with different MRI sequences. We observed good performance of our techniquein
both datasets. Importantly, the patient data was of lower quality, mostly due to increased head
motion in the patient sample. We chose to test our method in these lower-quality datasets as they
better represent real-world clinical applications than the high-quality HCP data acquired using
the state-of-the-art PRISMA scanner. It goes without saying that it is a harder task to generate
accurate reconstructions with data that is of lower quality. Therefore, we do not believe that
using state-of-the-art fMRI data would add any valuable information above and beyond what we
have achieved in these two datasets. If anything, we hypothesize that the reconstructions might
be even more accurate, as state-of-the-art data would have, as the reviewer mentioned, shorter
TRs, and therefore more volumes and more data for a given scan duration. Feeding more data to
amachine learning algorithm will always output a better model, and therefore more accurate
reconstructions.

In summary, the success of our model in two datasets that differ in MRI scanners, MRI
sequences, head motion, age, and health status support the generalizability of the machine
learning method presented in the paper.

¢) Preprocessed data was smoothed on the cortical surface and then downsampled, which



increases spatial autocorrelation between features and may thus favor prediction based on global
signals. | was suprised that data were smoothed prior to parcellating them viathe DK atlas, as
this introduced additional data blurring.

While spatial autocorrelation isaconcernin fMRI research, most groups still choose to apply
smoothing to resting-state fMRI data as the benefit of boosting SNR is greater than the cost of
maintai ning autocorrelations. To our knowledge, almost al parcellation methods use smoothed
data, including cortical parcellations such as Glasser et a. (2016); Gordon et al. (2016); Schaefer
et a. (2018), as well as parcellations of smaller regions such as the hippocampus, like Plachti et
al. (2019) and Robinson et al. (2015). Smoothing serves to lessen partial volume effects and
boost signal-to-noise ratio, which is useful for parcellation. Even state-of-the-art methods, such
as Glasser’s multi-modal parcellation (Glasser et al., 2016), uses datathat is at least minimally
smoothed before parcellation. Glasser et a. were able to minimize smoothing as they used an
areal parcellation.

Importantly, in our study the DKT atlas was only used to define separate regions to be artificially
compromised. For example, we used DKT labels 4, 13, 19, 20, 21, 28 to define the lateral frontal
cortex, in which we subsequently removed the BOLD signal. However, the data fed to the
machine learning algorithm for training, as well as the data it outputted during testing, wasin
vertex space. The reconstruction of the BOLD signal was therefore done at the level of

individual vertices within the regions, rather than at the level of the DKT-based region asa
whole. As such, there was no additional blurring of the data through DKT segmentation.

We have added clarifications regarding the use of vertex space by the machine learning
algorithm in the Results section:

“The DCGAN model was trained on a resting-state fMRI dataset of 80 randomly-chosen
participants (240 frames for each participant, in vertex space) from the publicly-available Brain
Genomics Superstruct Project (GSP) database™. In an independent test dataset comprised of 20
participants, we artificially removed BOLD signal in various cortical surface regions and used
the trained generator to reconstruct compromised BOLD framesin vertex space.”

Methods section:

“ Eighty participants were randomly selected from the Brain GSP dataset™? to build the training
dataset, which consisted of 19,200 intact flattened BOLD frames in vertex space. The data from
20 other participants, again selected randomly from the GSP, constituted the test dataset, which
was independent from the training dataset. We used a DCGAN model? to create BOLD framesin
vertex space based on each individual participant’s data.”

d) Also with respect to the above comment: How well does a simple spatia diffusion of the
boundary signals towards the missing vertices do (e.g. each missing vertex close to aboundary is
aassigned aweighted average of non-missing neighbouring vertices, and the processis
iteratively performed until the missing patch isfilled)? The authors are recommended to report
mean correlations of such baseline models as well, to better evaluate the gain that can be
observed from using more complex DNN approaches compared to simple in-painting
approaches.



The reviewer suggested an interesting spatial diffusion method. However, a simple linear
interpolation method implies an inherent homogeneity within the compromised region, and will
inevitably result in a smoothed patch (because it is essentially aweighted smoothing approach).
Thiswill lead to high functional correlations within the patch, and high correlations between the
filled area and neighboring regions. Secondly, as can be seen in the real-world example of
patients with intracortical electrodes (see Figure 5), the compromised region is often quite large.
If we use the spatial diffusion method, signal reconstruction of the vertices on the border
surrounding the compromised region will be more reasonable but the vertices inside the
perimeter would get progressively worse as we move further away from the perimeter and
towards the center. The region of signal loss may comprise vertices that have very different
functional connectivity profiles. Thisis evidenced by parcellation methods such as Glasser’s,
Schaefer’s, our own (Wang et al., 2015) and others’, which all show that the area encompassing
the lateral temporal, parietal, and occipital cortices is made up of many different functional
networks. A spatial diffusion method would not allow for sharp differentiationsin functional
connectivity or BOLD activity between neighboring voxels or vertices and would instead
mandate gradients.

However, as can be seenin Figure 1 (also shown below), our machine learning method is able to
reconstruct largely uncorrelated signalsin two proximal vertices, that also have very different
functional connectivity profiles. Critically, the reconstructed signal can even recover anti-
correlations between the compromised region and its neighboring regions (see Vertex 2 below
and its anti-correlation with the adjacent temporoparietal junction). Complex, fine-grained
functional connectivity patterns within the compromised regions were a so reconstructed in the
DBS patients, which may not have been recovered if a spatial smoothing approach had been
used.
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2. DK parcels are anatomically defined and do not necessarily respect functional boundaries,



potentially blurring BOLD fMRI signals from different regions/networks. Other atlases, such as
the Schaefer or Gordon parcellations respect functional boundaries more explicitly, and may thus
provide more distinctive functional signalsin specific ROIs. Evaluating the current approach
based on these alternative atlases that may have more specific functional signatures would be
important to provide additional information on the ability of the approach to fill in lost signal
from specific functional clusters.

We apologize for the unclear description of the method that might have caused this confusion.
As mentioned above, the DKT parcels were only used to define regions within which we
subsequently removed the signal in order to artificially compromise different regions throughout
the cortical surface. Technically, we can remove signal from any arbitrary patch or use any
anatomical or functional atlas. The reconstruction of the signal was done at the level of
individual vertices, and functional connectivity was measured across vertices and not across
DKT parcels. Therefore, our machine learning method was not subject to any bias introduced by
the atlas. This has been clarified in the revised manuscript (see added text in response to
comment 1c).

3. A further application would have been to also verify the ability of the approach in filling in
missing TRs/ time points. Some processing procedures such as scrubbing remove for example
motion contaminated time points, so the scope of the current work could be broadened by
evaluating whether the technique can adequately fill in missing TRs as well (at awhole-brain
level).

We would like to thank the reviewer for proposing this idea and we completely agree that it
would be extremely valuable if the method can in the future be extended to filling in missing
TRs. If successful, this would address the whole-brain signal contamination problem caused by
head motion and make a magjor contribution to the field of fMRI. However, interpolating TRsisa
much harder problem that goes beyond the scope of current study, in that one must consider not
only the spatial information within the frame but also the complex temporal patterns between
frames. In other words, the model must be able to learn not only the 2-D spatia patterns but also
the 3-D temporal dynamics. Thus, the complexity of learning will be exponentially increased.

Nevertheless, given the preliminary successin recovering signal within the frame, we are
enthusiastic about the prospect of using machine learning for the important applications proposed
by the reviewer. We have included this future direction in the Discussion.

4. | am not sure whether the comparison of preoperative to postoperative scans is a good
evaluation scheme for the "in-painting” performance of the approach, given that there are
inherent test-retest and state changes between both time points. Also, an evaluation based on
only 2 patients seems somewhat preliminary to fully evaluate the model performancein a'rea
world' case.

We completely agree with the reviewer that our patient sample wastoo preliminary. In the
revised manuscript we have substantially enlarged our sample size and included 12 surgical
patients who were implanted with deep brain stimulators (DBS). The results are largely the same
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as those reported previously with two patients. These findings demonstrate that our method can
successfully be used in areal-world clinical study.

Regarding the justification of comparing post-DBS data to pre-DBS data, the reviewer is
absolutely right that there will be differences between pre-surgical and post-surgical data, and
there will be differences once the stimulator isturned on. We would like to emphasize two
important points. The first one is that the compromised region is not the same as the electrode
implantation region. The electromagnetic interference occurs on the surface of the cortex that is
adjacent to connection site on the skull. As such, while the el ectrode implantation site isin the
subthalamic nucleus, the regions experiencing interference are located in the lateral parietal,
lateral temporal, and lateral occipital cortices (see Figure 4, 5, S3, and $4). However, while the
BOLD signal isdisrupted in these patients due to the connectors, the underlying brain activity in
these regions isintact. In other words, what is disrupted is the detection of the activity, not the
activity itself.

This leads usto our second point, which is that the functional connectivity of an intact region
exhibits high stability over time, which renders possible the comparison of its activity at two
timepoints. As a proof of concept, we investigated the functional connectivity of the region that
is contralateral to the compromised region in two patients, i.e. the right temporoparietal region,
which suffered no interference. We found that the post-operative functional connectivity maps of
the vertices within this right hemispheric region are highly and significantly correlated with their
pre-operative functional connectivity maps (r=0.75, standard error=0.02; t(10.98)=42.96,
p<0.001). Asavisua reference, Figure S4 shows the functional connectivity maps of a given
vertex in two patients, before and after electrode implantation (also shown below). The maps for
the uncompromised region (right-hand column) exhibit very high similarity: In Patient 1, the
correlation between the functional connectivity maps at the two different timepointsisr = 0.81,
whilein Patient 2 the correlation isr = 0.85. This proof of concept directly demonstrates the
viability of comparing pre- and post-implantation fMRI data to assess the accuracy of our
reconstruction method.
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Fig. $4. FC mapsremain stable after electrode implantation.

Here we show proof of concept that FC maps remain stable following electrode implantation
surgery. We generated pre- and post-operative FC maps from one seed in the compromised
region (left hemisphere), and the same seed in the uncompromised region in the right
hemisphere. FC maps are shown here for two representative patients. The left hemisphere
post-operative FC map presents substantial differences from the pre-operative FC map, as
indicated by alow correlation of r = 0.28 in Patient 1 and r = 0.47 in Patient 2. When looking
at the uncompromised seed in the right hemisphere, the post-operative FC map is highly
similar to the intact pre-operative FC map, as shown by a correlation of r = 0.81 in Patient 1
and r = 0.85 in Patient 2. Thus, functional connectivity does not seem substantially affected
by electrode implantation.

These findings were added to the manuscript:

“However, functional brain organization, as assessed with functional connectivity, is assumed to
be relatively stable over time™. Although the implantation surgery may cause microlesion effects
and lead to changes in brain circuits involving the stimulation target (i.e., the subthalamic
nucleus), the surgery is unlikely to change functional connectivity in the area of signal |oss,
which isrelatively far from the location of the stimulator and the motor network being
modulated. As a proof of concept, we investigated functional connectivity of the right
temporoparietal region of the two patients (note that signal 1oss was observed only in the left
hemisphere). We found that the post-operative FC maps in the right hemisphere are highly and
significantly correlated with the pre-operative FC maps (r=0.75, standard error=0.02;
t(10.98)=42.96, p<0.001). However, for the compromised region in the left hemisphere, we
found that the post-operative FC maps are only weakly positively correlated with the pre-
operative FC maps (r=0.37, standard error=0.03; t(11.02)=11.24, p<0.001). As an example, we
show cortical FC maps using a seed placed in two representative patients' compromised regions
(Fig. $4). Unlike the weak and disorganized FC maps obtained from patients' compromised | eft
temporoparietal region, the FC maps generated from seeds in the right temporoparietal region
show high similarity to their pre-operative FC maps (right hemisphere seeds across the two
patientsin Figure $4: r=0.83+0.03, p<0.001; left hemisphere seeds across both patients:
r=0.38+0.13, p<0.001) (Fig. $4).

Having shown that FC maps are relatively stable following el ectrode implantation, we
next assessed the reconstructive accuracy of our DCGAN model for the patients' compromised
region in the left hemisphere.”

5. The authors carried out GSR during their preprocessing, which is a somewhat controversial
technique in the overall rs-fMRI literature. How well does the approach perform when no GSR is
applied to the input data? Are findings overall robust and correlations similar? In the case of
omission of GSR in the processing, how well does a simple in-painting technique perform that
paints missing vertices with global signal, and how much better isthe DNN compared to this
(based on non-GSR corrected data) in terms of overall correlations?
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Asthe reviewer duly noted, GSR has been atopic of debate for over a decade. The major
problem associated with GSR is that it introduces spurious temporal anticorrelations in
functional connectivity analyses. To date, there is still no consensus about whether GSR should
or should not be included in resting state data processing. The benefits and disadvantages of
including GSR may also vary depending on the purpose of the studies. For example, Power et al.
(2017b) compared various combinations of denoising strategies. They showed that GSR isthe
only denoising method that effectively removes global signals, including artefactual signals and,
crucially, global neural activity (Power et al., 2017b), which is proposed to be modulated mainly
by respiration and/or arousal/vigilance (falling asleep is linked to slower and deeper breathing
(Power et a., 2017a; Power et al., 2017b)). GSR is thus useful in studies that wish to control for
global neural activity (e.g., controlling for levels of alertness), but should be avoided in studiesin
which the global neural signal is of interest, as for example in arousal or sleep studies (Power et
al., 2017a). In arecent study, (Li et al., 2019) highlighted the usefulness of GSR in detecting
individual differencesin behavior; resting-state data preprocessed with GSR led to greater
associations between whole-brain functional connectivity and measures of cognition, personality,
and emotion. Whether GSR should be used for resting state fMRI preprocessing is beyond the
scope of our study. However, given that GSR is useful in controlling for global noise, we chose
to include this step in this study. It isworth noting that our image reconstruction was performed
in each frame independently of the temporal correlations. Thus, the inclusion or exclusion of
GSR would have little impact on the reconstruction technique.

Minor comment:

-Please specify how surface registration was done in the current work. Was this based on folding,
or MSM-all? The latter may improve functional alignment, which may augment model
performance.

The registration was based on folding. We completely agree with the reviewer that MSMAII
improves functional alignment. MSMAII is an inter-subject registration based on a multimodal
surface matching (MSM) algorithm and a variety of modalities released by the HCP (Glasser et
al., 2016; Robinson et al., 2014). In our previous work, we have evaluated functional
connectivity measures based on MSM-all registration and confirmed that it outperforms folding-
based registration (Li et al., 2019). However, MSMAII registration requires multi-modal features
such as myelin maps, resting state network maps, and resting-state visuotopic maps (Glasser et
al., 2016). In this study, our data are BOLD images with compromised signals, thusit is probably
invalid to use the compromised information for registration.
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REVIEWER COMMENTS</B>
Reviewer #1 (Remarks to the Author):

I'm satisfied with the new version of the manuscript.

Reviewer #2 (Remarks to the Author):

I would like to thank the authors for their response. However, I had the impression that several of my
more substantiative comments were not thoroughly addressed in this revision. Some analyses were
suggested to strengthen the current study, but hese were not carried out by the authors
unfortunately.

1) With respect to my previous suggestion 1b, the authors reply that it is an easier task to reconstruct
a high resolution signal compared to a low resolution one and thus do not carry out the evaluation
based on the the HCP dataset (which the authors do not demonstrate however). I would have actually
predicted the opposite, as a high resolution signal contains more high frequency content. Moreover,
rather ‘naive’ reconstruction techniques based on blurring may not achieve a high performance for
high resolution data while they still fare ok for low def data.

I would thus like to reiterate my suggestion that the authors should ideally evaluate their algorithm for
HCP-style data as well. HCP is an open and easily accessible benchmark dataset that is widely used in
the neuroimaging community. Furthermore, and unlike the authors’ statement, HCP style acquisitions
are increasingly becoming the state-of-the-art for clinical research as well (see eg. also the disease-
oriented initiatives from HCP), so showing generalizability of their method to HCP type datasets would
be worthwhile. As such, I think the works scope can be increased by evaluating how well the algorithm
works for data that has higher spatial / temporal resolution.

2) In their response to my comment 1d), where I asked about the performance benefits relative to a
simple diffusion methods, the authors give a conceptual response. While this is fair, my comment was
trying to encourage the authors to run the diffusion method as a baseline model that they can
compare the performance of their neural network to. This evaluation would then allow them to provide
an answer that is supported by this assessment, and in particular whether their approach outperforms
rather ‘naive’ inpainting methods that simply operate based on tissue blurring.

3) My prior question 5) asked about the stability of their algorithm relative to including/omitting GSR.
This was not fully answered in the authors response.



Response to reviewers' comments

Reviewer #1 (Remarks to the Author):
I'm satisfied with the new version of the manuscript.

We would like to thank the reviewer for taking the time to review our manuscript.

Reviewer #2 (Remarks to the Author):

| would like to thank the authors for their response. However, | had the impression that several of my
mor e substantiative comments were not thoroughly addressed in this revision. Some analyses were
suggested to strengthen the current study, but these were not carried out by the authors
unfortunately.

We thank the reviewer for the careful and thoughtful review of our manuscript and the highly
constructive comments. We apologize for the initial incomplete response, but are happy to let the
reviewer know that we have now performed all the analyses requested by the reviewer, and we feel
that these additional findings make the manuscript substantially stronger and more robust than the
initial version. We hope that the reviewer will find these new analyses satisfactory.

1) With respect to my previous suggestion 1b, the authors reply that it is an easier task to reconstruct
a high resolution signal compared to a low resolution one and thus do not carry out the evaluation
based on the the HCP dataset (which the authors do not demonstrate however). | would have actually
predicted the opposite, as a high resolution signal contains more high frequency content. Moreover,
rather ‘naive’ reconstruction techniques based on blurring may not achieve a high performance for
high resolution data while they still fare ok for low def data.

| would thus like to reiterate my suggestion that the authors should ideally evaluate their algorithm
for HCP-style data aswell. HCP is an open and easily accessible benchmark dataset that iswidely
used in the neuroimaging community. Furthermore, and unlike the authors’ statement, HCP style
acquisitions are increasingly becoming the state-of-the-art for clinical research aswell (see eg. also
the disease-oriented initiatives from HCP), so showing generalizability of their method to HCP type
datasets would be worthwhile. As such, I think the works scope can be increased by evaluating how
well the algorithm works for data that has higher spatial / temporal resolution.

We agree that the widespread use of the HCP dataset makes it especially relevant to test our model
on these data, and have performed the analyses requested by the reviewer. For each HCP participant,
we truncated the data to 8 min to match the GSP dataset. We had initially hypothesized that
reconstructive accuracy would be higher for HCP data due to its higher spatial and temporal
resolution. However, as the reviewer correctly predicted, we found the opposite. Nevertheless, our
model still successfully reconstructed HCP time series and functional connectivity (FC) maps in all
cortical regions (see the new Table 1 below for detailed results on each cortical region), the time
series reconstructions were marginally less accurate than the GSP-based ones after Bonferroni
correction (independent samples t-test on data collapsed across cortical regions, time series:
t(30.21)=2.41, p=0.022; significant p threshold = 0.017) and the FC maps reconstructions were
significantly less accurate (t(38)=12.88, p<0.001) (new Fig. 4A).

Because our model is learning the spatial patterns embedded in each individual frame of the fMRI
data, we postulated that signal-to-noise ratio of the images would have a significant impact on the



model performance. We thus compared the temporal SNR (tSNR) of HCP data and GSP data. We
calculated tSNR based on the standard deviation of the BOLD signal (Triantafyllou et al., 2005;
Marcus et al., 2013), and found that the HCP dataset indeed has a significantly lower tSNR than the
GSP dataset (independent samples t-test, t(139.43)=49.31, bootstrapped p = 0.001) (new Fig. 4B).

To demonstrate that a higher SNR of the fMRI data will lead to increased model performance, we
temporally smoothed the BOLD time series of the HCP data by averaging every 4 images together.
This temporal smoothing procedure is equivalent to increasing the TR of HCP data from 0.72s to
2.88 5 (0.72 s x 4), which is comparable to the GSP TR (3.00 s). We found that the tSNR was
significantly improved compared to the raw data (paired samples t-test, t(99)=-40.68, p < 0.001) (new
Fig.4B). We then used the temporally smoothed HCP data for model training and testing, and found
that the reconstructions were more accurate than those of the model trained on raw HCP data (paired
samples t-test on data collapsed across all cortical regions, time series: t(19)=-4.67, p<0.001; FC
maps: t(19)=143.21, p<0.001) (new Fig. 4A; see Table 1 for reconstructive accuracy of each model in
the five cortical regions). Compared to the GSP dataset, the temporally smoothed HCP data still had
lower tSNR (independent samples t-test, t(198)=23.26, bootstrapped p = 0.001) (new Fig. 4B),
however its reconstructions were non-significantly different from the GSP’s in terms of time series
(independent samples t-test: t(32.12)=1.16, p = 0.26), and marginally less accurate in terms of FC
maps after Bonferroni correction (independent samples t-test, t(38)=2.43, p = 0.02; significant p
threshold=0.017). These results indicate that SNR of the training images is an important factor to
consider for machine learning-based reconstruction.

We have added the following text and figures to the manuscript:

Results:

“We replicated our findings by performing the same time series and FC-based analyses in a dataset
sporting higher spatial and temporal resolutions: the HCP dataset'>. Again, the data of 80 randomly
chosen participants were used to train our DCGAN model, and the data of 20 independent
participants were used to test reconstruction. Multilevel linear models revealed significant positive
correlations between the original and reconstructed time series in all regions: temporal cortex:
r=0.3120.05 (CI [0.29, 0.33], t(19)=27.60, p<0.001), lateral frontal cortex: r=0.124+0.04 (CI [0.11,
0.14], t(19)=14.33, p<0.001), medial frontal cortex: r=0.1810.05 (CI [0.16, 0.20], t(19)=16.73,
p<0.001), parietal cortex: r=0.24+0.05 (CI [0.22, 0.27], t(19)=19.71, p<0.001), and occipital cortex:
r=0.35+0.07 (C1[0.32, 0.39], t(19)=23.39, p<0.001) (Table 1). We reconstructed FC maps, and
multilevel linear models again revealed significant positive correlations in all regions: temporal
cortex: r=0.60£0.07 (CI [0.57, 0.63], t(19)=38.04, p<0.001), lateral frontal cortex: r=0.44+0.05 (CI
[0.42, 0.47], 1(19)=39.47, p<0.001), medial frontal cortex: r=0.4610.06 (CI [0.43, 0.49], t(19)=32.53,
p<0.001), parietal cortex: r=0.62+0.03 (CI [0.60, 0.63], t(19)=81.92, p<0.001), and occipital cortex:
r=0.65%0.06 (CI [0.62, 0.68], t(19)=46.90, p<0.001) (Table 1). Comparing the HCP and GSP
reconstructions, the GSP-trained model yielded marginally more accurate time series reconstructions
when correcting for multiple comparisons (mean difference=0.02, CI [0.004, 0.04], t(30.21)=2.41,
p=0.022, 1°=0.16; significant p threshold=0.017) and significantly more accurate FC map
reconstructions (mean difference=0.11, CI [0.10, 0.13], t(38)=12.88, p<0.001, n2=0.81) (Fig. 4A),
despite the HCP dataset having higher spatial and temporal resolutions. We postulated that the HCP
data may have a lower temporal signal-to-noise ratio (tSNR) than the GSP dataset, and indeed this
was the case (1(139.43)=49.31, bootstrapped p=0.001, n°=0.95) (Fig. 4B). To counteract this, we
temporally smoothed the HCP data by averaging together every 4 frames before retraining and
retesting the model. This significantly increased tSNR (t(99)=-40.68, p<0.001, n2=0.94) (Fig. 4B)
and yielded more accurate reconstructions than the raw HCP-trained model (time series: mean



difference=-0.01, CI [-0.02, -0.01], t(19)=-4.67, p<0.001, 1>=0.53; FC maps: mean difference=-0.09,
CI[-0.10, -0.09], t(19)=-143.21, p<0.001; n2=l.00) (Fig. 4A; see Table 1 for reconstruction details on
each cortical region). The tSNR of the temporally smoothed HCP data remained lower than the
GSP’s (1(198)=23.26, bootstrapped p=0.001, n2=0.73) (Fig. 4B), however the time series
reconstructions are similar in accuracy to the GSP’s (mean difference=0.01, CI [-0.008, 0.03],
1(32.12)=1.16, p=0.26, 1°=0.04), while the reconstructed FC maps are marginally less accurate after

Bonferroni correction (mean difference=0.02, CI[0.003, 0.04], t(38)=2.43, p=0.020, 112:0.13;
significant p threshold=0.017) (Fig. 4A). These findings indicate that tSNR has an important effect
on machine learning reconstructive accuracy.”

Discussion:

“Of note, the temporal signal-to-noise ratio (SNR) of the training data is an important factor that
modulates reconstructive accuracy.”

“We have replicated our findings in multiple datasets and have shown that it is possible to reconstruct
lost BOLD signal in healthy individuals as well as in a clinical sample with compromised fMRI.”

Table 1. Time series and functional connectivity map reconstructive accuracy following various models.

Reconstruction accuracy r St dev. t p Reconstruction accuracy r St dev. t p
Time series Functional connectivity maps
GSP DCGAN GSP DCGAN
Temporal cortex 0.33 0.02 6549 <0.001 Temporal cortex 0.62 0.06 47.88 <0.001
Lateral frontal cortex 0.16 0.07 9.74 <0.001 Lateral frontal cortex 0.60 0.04 65.04 <0.001
Medial frontal cortex 0.23 0.04 23.24 <0.001 Medial frontal cortex 0.61 0.05 51.87 <0.001
Lateral parietal cortex 0.25 0.03 37.03 <0.001 Lateral parietal cortex 0.70 0.03 110.62 <0.001
Occipital cortex 0.37 0.06 26.65 <0.001 Occipital cortex 0.79 0.05 68.39 <0.001
GSP (no GSR) DCGAN GSP (no GSR) DCGAN
Temporal cortex 0.33 0.02 69.29 0.001 Temporal cortex 0.61 0.06 4219 <0.001
Lateral frontal cortex 0.17 0.08 9.93 <0.001 Lateral frontal cortex 0.62 0.05 59.56 <0.001
Medial frontal cortex 0.23 0.04 23.64 <0.001 Medial frontal cortex 0.60 0.06 46.13 <0.001
Lateral parietal cortex 0.25 0.03 34.43 <0.001 Lateral parietal cortex 0.69 0.03 99.54 <0.001
Occipital cortex 0.37 0.07 25.33 <0.001 Occipital cortex 0.78 0.06 60.96 <0.001
GSP diffusion GSP diffusion
Temporal cortex 0.24 0.06 18.20 <0.001 Temporal cortex 051 0.10 2254 <0.001
Lateral frontal cortex 0.10 0.04 9.70 <0.001 Lateral frontal cortex 0.40 0.11 15.85 <0.001
Medial frontal cortex 0.17 0.05 16.11 <0.001 Medial frontal cortex 0.46 0.09 22.03 <0.001
Lateral parietal cortex 0.18 0.04 22.14 <0.001 Lateral parietal cortex 0.52 0.05 47.23 <0.001
Occipital cortex 0.29 0.08 16.46 <0.001 Occipital cortex 0.59 0.13 1942 <0.001
HCP DCGAN HCP DCGAN
Temporal cortex 031 0.05 27.60 <0.001 Temporal cortex 0.60 0.07 38.04 <0.001
Lateral frontal cortex 0.12 0.04 14.33 <0.001 Lateral frontal cortex 0.44 0.05 39.47 <0.001
Medial frontal cortex 0.18 0.05 16.73 <0.001 Medial frontal cortex 0.46 0.06 32.53 <0.001
Lateral parietal cortex 0.24 0.05 19.71 <0.001 Lateral parietal cortex 0.62 0.03 81.92 <0.001
Occipital cortex 0.35 0.07 23.39 <0.001 Occipital cortex 0.65 0.06 46.90 <0.001
HCP (temporally smoothed) DCGAN HCP (temporally smoothed) DCGAN
Temporal cortex 031 0.05 27.32 <0.001 Temporal cortex 0.62 0.06 43.39 <0.001
Lateral frontal cortex 0.14 0.04 1586 <0.001 Lateral frontal cortex 0.56 0.05 54.81 <0.001
Medial frontal cortex 0.20 0.05 17.41 <0.001 Medial frontal cortex 0.58 0.06 44.94 <0.001
Lateral parietal cortex 0.25 0.05 21.64 <0.001 Lateral parietal cortex 0.68 0.03 97.91 <0.001
Occipital cortex 0.37 0.06 27.52 <0.001 Occipital cortex 0.79 0.06 63.31 <0.001
HCP diffusion HCP diffusion
Temporal cortex 0.23 0.05 2152 <0.001 Temporal cortex 0.47 0.08 26.32 <0.001
Lateral frontal cortex 0.07 0.04 844 <0.001 Lateral frontal cortex 0.38 0.06 29.60 <0.001
Medial frontal cortex 0.12 0.05 11.34 <0.001 Medial frontal cortex 0.36 0.07 21.59 <0.001
Lateral parietal cortex 0.17 0.05 14.26 <0.001 Lateral parietal cortex 0.58 0.04 66.37 <0.001
Occipital cortex 0.28 0.07 18.90 <0.001 Occipital cortex 0.63 0.07 39.20 <0.001

R coefficients and standard deviations are shown for correlations between original and reconstructed data. T and p values
indicate whether correlations are significantly different from 0.
DCGAN: Deep convolutional generative adversarial networks; GSP: Genomic Superstruct Project; GSR: Global signal

regression; HCP: Human Connectome Project.
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Fig. 4. DCGAN successfully reconstructsimages acr oss datasets, and tSNR of the training data
modulates reconstr uctive accur acy. Box-and-whisker plots are shown, with the center line indicating the
median, box limits indicating upper and lower quartiles, whiskers indicating 1.5 times the interquartile range,
and plus signs indicating outliers. (A) GSP’s reconstructive accuracy is generally greater than HCP’s (time
series: (1(30.21) =2.41, p=0.022 (marginally significant after Bonferroni correction); FC maps: t(38) = 12.88,
p <0.001). Its reconstructive accuracy for time series is non-significantly different from the temporally-
smoothed (t.s.) HCP’s (1(32.12) = 1.16, p= 0.26), and its FC map reconstructive accuracy is marginally greater
when correcting for multiple comparisons (1(38) = 2.43, p = 0.020). Temporally-smoothed HCP data yielded
more accurate reconstructions than the raw HPC data (time series: t(19) =-4.67, p < 0.001; FC maps: t(19) =
143.21, p<0.001). (B) In accordance with these results, the temporal signal-to-noise ratio (tSNR) is higher in
the datasets that yielded more accurate reconstructive accuracy. The tSNR of the GSP dataset is greater than
both the raw HCP (1(139.43) = 49.31, bootstrapped p = 0.001) and t.s. HCP (t(198) = 23.26, bootstrapped p =
0.001) datasets. Temporally smoothing the HCP data significantly increased its tSNR (t(99) = -40.68, p <
0.001).

*:p<0.001

+: marginally significant with Bonferroni-corrected p value

n.s.: non-significant

2) In their response to my comment 1d), where | asked about the performance benefitsrelative to a
simple diffusion methods, the authors give a conceptual response. While thisisfair, my comment was
trying to encourage the authors to run the diffusion method as a baseline model that they can
compar e the performance of their neural network to. This evaluation would then allow themto
provide an answer that is supported by this assessment, and in particular whether their approach
outperforms rather ‘naive’ inpainting methods that simply operate based on tissue blurring.

We agree with the reviewer that testing a more naive reconstruction method provides a good basis for
comparison, and apologize for previously including only a conceptual response. As the reviewer
suggested, we performed diffusion-based reconstructions using the GSP data, whereby each
compromised vertex was assigned a BOLD value based on the average of the BOLD signal in



adjacent vertices. The process was started at the perimeter of the compromised region so that those
vertices could be filled in using the adjacent uncompromised vertices. Then, reconstruction moved
inwards, with new vertices being assigned a BOLD value based on the adjacent vertices that were
reconstructed in the previous step.

As predicted, both time series and FC maps reconstructed by the diffusion model (see Table 1 for
results in each cortical region) were worse than those derived from the DCGAN model (reconstructed
time series: paired samples t-test, t(19)=9.15, p < 0.001; reconstructed FC maps: paired samples t-
test, t(19)=27.62, p < 0.001) (new Fig. 5). In the new Figure 3, we show FC maps generated from 1)
original, 1) DCGAN-reconstructed, and iii) diffusion-reconstructed vertices in all five cortical areas;
DCGAN FC maps are more similar to the original ones than the diffusion FC maps. We replicated
this result in the truncated raw HCP dataset (reconstructed time series: paired samples t-test,
t(19)=176.20, p < 0.001; reconstructed FC maps: paired samples t-test, t(19)=53.50, p < 0.001) (new
Fig. 5). This finding suggests that our DCGAN model was able to reconstruct BOLD signals using
information beyond the nearby vertices, likely including time series and FC information from distant
areas.

We have added the following text and figures to the manuscript:

Results:

“To assess the power of DCGAN, we compared its performance to a simpler diffusion-based method
for filling in compromised cortical regions (see Methods). The diffusion model was able to
reconstruct both time series and FC maps (Table 1). As predicted, its reconstructions are less accurate
than the DCGAN model’s (time series: mean difference=0.07, CI [0.06, 0.09], t(19)=9.15, p<0.001,
n2=0.82; FC maps: mean difference=0.18, CI [0.16, 0.19], 1(19)=27.62, p<0.001, n2=0.98) (Fig. 5).
As an example, in Fig. 3 we show FC maps generated from 1) original (top row), ii) DCGAN-
reconstructed (middle row), and iii) diffusion-reconstructed (bottom row) vertices in all five cortical
areas. We replicated these results in the raw HCP dataset (reconstructed time series: mean
difference=0.07, CI [0.065, 0.067], t(19)=176.20, p<0.001, n2=1.00; reconstructed FC maps: mean
difference=0.06, CI [0.059, 0.064], t(19)=53.50, p<0.001, n’=0.99) (Fig. 5; Table 1). This finding
suggests that our DCGAN model extrapolates information embedded within nearby as well as distant
cortical regions to reproduce patterns of brain activity, while more naive methods can only rely on
nearby information.”

Discussion:

“The DCGAN model outperformed a more naive diffusion-based reconstruction method, indicating
that machine learning is able to extrapolate information embedded within the whole BOLD image,
while simpler filling-in methods are restricted to using nearby information, thereby limiting their
ability to capture principles of brain organization.”



Figure 3
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Fig. 3. The DCGAN-generated functional connectivity maps are highly smilar to the original maps,
throughout cortex. The top row shows functional connectivity (FC) maps of seeds from intact BOLD frames
in the temporal, lateral frontal, medial frontal, lateral parietal, and occipital cortices. The middle row shows the
FC maps of the same seeds extracted from DCGAN-reconstructed BOLD frames. The similarity between the
original and reconstructed FC maps is high, with the following correlation coefficients: r = 0.96 for the
temporal seed, r = 0.84 for the lateral frontal seed, r = 0.89 for the medial frontal seed, r = 0.84 for the lateral
parietal seed, and r = 0.88 for the occipital seed. The bottom row shows diffusion-reconstructed FC maps.
While correlations with original FC maps are also high, they are consistently lower than DCGAN correlations:
r = 0.84 for the temporal seed, r = 0.80 for the lateral frontal seed, r = 0.42 for the medial frontal seed, r =0.71
for the lateral parietal seed, and r = 0.83 for the occipital seed.



Figure 5
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Fig. 5. The DCGAN model outperformsa diffusion-based model. Box-and-whisker plots are shown, with
the center line indicating the median, box limits indicating upper and lower quartiles, whiskers indicating 1.5
times the interquartile range, and plus signs indicating outliers. DCGAN-reconstructed time series are more
similar to the original ones than diffusion-reconstructed time series, in both the GSP dataset (t(19) =9.15, p<
0.001) and the HCP dataset (t(19) = 176.20, p < 0.001). The DCGAN model also outperforms the diffusion
model when reconstructing functional connectivity (FC) maps, in both the GSP (t(19) =27.62, p<0.001) and
HCP (t(19) = 53.50, p < 0.001) datasets.

*:p<0.001

3) My prior question 5) asked about the stability of their algorithm relative to including/omitting
GSR. Thiswas not fully answered in the authors response.

We apologize for the incomplete response. We agree that it is important to address the issue of GSR
in resting-state FC studies, and we therefore reran our analyses using GSP data preprocessed without
GSR. We found that the reconstructive accuracy using these data was very similar to the previous
reconstruction results (see Table 1 and new Supplementary Fig. 2). The data processed without GSR
yielded significantly lower reconstructive accuracy for time series (paired samples t-test: t(19)=-2.81,
p = 0.01) and significantly higher reconstructive accuracy for FC maps (paired samples t-test,
t(19)=4.87, p < 0.001) compared to GSR-processed data. However, the effect size was negligible in
both cases, as evidenced by the extremely low mean differences in r coefficients: -0.001 for time
series and 0.003 for FC maps. This finding indicates that GSR does not affect machine learning
reconstructive accuracy in any meaningful way, and that the information learned by the model is
stable.

We have added the following text and figures to the manuscript:

Results:
“The resting-state fMRI data used for reconstruction were preprocessed with global signal regression
(GSR), which introduces spurious temporal anticorrelations in FC analysis'*. While progress has



been made, there is still no consensus about whether GSR should or should not be included in
resting-state data preprocessing'”. To ensure the robustness of our results, we retrained our DCGAN
model using the same data, albeit preprocessed without GSR. This data yielded lower reconstructive
accuracy for time series (mean difference=-0.001, CI [-0.003, -0.0004], t(19)=-2.81, p=0.01, n2=O.29)
and higher reconstructive accuracy for FC maps (mean difference=0.003, CI [0.002, 0.005],
t(19)=4.87, p<0.001, 1°=0.55) compared to GSR-preprocessed data (Supplementary Fig. 2; see Table
1 for reconstruction details on each cortical region). Importantly, however, the effect was negligible
in both cases, as evidenced by the near-zero mean differences in r coefficients: -0.001 (CI [-0.003, -
0.0004]) for time series and 0.003 (CI [0.002, 0.005]) for FC maps (Supplementary Fig. 2). This
finding indicates that GSR does not affect machine learning reconstructive accuracy in any
meaningful way, and that the information learned by the DCGAN model is stable. The remaining
analyses were conducted on GSR-preprocessed GSP data.”

Discussion:

“Additional control analyses revealed that global signal regression (GSR), a preprocessing step that
amplifies anti-correlations in the brain through its mathematical mandate'*'*, does not meaningfully
impact the learning of these principles.”

Supplementary Figure 2
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Supplementary Fig. 2. Reconstructive accuracy is stable regardless of whether global signal regression
isapplied to the data. Compared to data preprocessed with global signal regression (GSR), data preprocessed
without GSR yielded significantly lower reconstructive accuracy for time series (t(19) =-2.81, p=0.01) and
significantly higher reconstructive accuracy for FC maps (t(19) = 4.87, p < 0.001). Crucially, the effect is so
small (mean differences in r coefficients: -0.001 for time series and 0.003 for FC maps) that it is deemed
inconsequential. GSR therefore has no meaningful impact on DCGAN reconstructive accuracy. Error bars
represent standard errors.

*:p=<0.05

**: p<0.001
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REVIEWERS' COMMENTS
Reviewer #2 (Remarks to the Author):

I thanks the authors for the additional revisions, and am now happy with the manuscript.



