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This valuable study advances our understanding of best practices for analyzing
population-level data using advanced functional alignment methods. It provides
convincing evidence that demographic-specific functional templates improve functional
neuroimaging studies that use hyperalignment. This study will be of interest to cognitive
neuroscientists, neuroimaging methodologists, and computational researchers with an
interest in the human brain.
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Abstract

Hyperalignment aligns individual brain activity and functional connectivity patterns to a
common, high-dimensional model space, resolving idiosyncrasies in functional-anatomical
correspondence and revealing shared information encoded in fine-grained spatial patterns. Given
that the brain undergoes significant developmental and functional changes over the lifespan, it is
likely that certain features in brain functional organization are more prominent in certain age
groups than others. In this study, we examined whether age-specific functional templates, as
compared to a canonical template, could enhance alignment accuracy across diverse age groups.
We used the Cambridge Centre for Ageing and Neuroscience (Cam-CAN) dataset (18 to 87 yo) to
build age-specific templates and tested their performance for analyzing data in young and old
brains in both the Cam-CAN dataset and the Dallas Lifespan Brain Study (DLBS) dataset (20 to 90
yo). We found the congruent age-specific template outperforms the incongruent template for
various analyses, including inter-subject correlation of hyperaligned connectivity profiles and
predicting individualized connectomes and brain responses to the movie using the template. The
results are consistent across both datasets. This work enhances our understanding of age-related
differences in brain function, highlights the benefits of creating age-specific templates to refine
hyperalignment model performance, and may contribute to the development of age-sensitive
diagnostic tools and interventions for neurological disorders.

Introduction

Information encoded in the cortex can be decoded from fine-grained patterns of cortical activity
via multivariate pattern analysis of fMRI data (Haxby et al., 2001 2, 2014 (% ). However, there is
considerable variability across individual brains when encoding the same information (Cox &

functional correspondence between brains due to topographic variability. Hyperalignment is a
computational approach for modeling how the brain encodes shared information across
individuals, despite individual variability in cortical topographies (Haxby et al., 20117, 2020 3).
Hyperalignment can be trained using either brain responses (Haxby et al., 2011 ; Guntupalli et al.,
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and fine-scale information encoded in the brain. This approach also enhances the reliability of
individual differences by affording analysis of differences in the fine-grained structure of the
functional connectome (Feilong et al., 2018 2, 2021 ).

Given that the brain undergoes substantial developmental, structural, and functional changes
across the lifespan, brain functional organization may demonstrate age-specific features that are
not prominent in other age groups. These age-related variations can impact the alignment of
neural data across individuals. Consequently, the performance of hyperalignment models in
human connectomics may be significantly influenced by the age of the individuals used to build
the templates. In this study, we investigate whether the incorporation of age-specific templates
enhances the performance of hyperalignment models. Examining this aspect could not only
improve hyperalignment accuracy across diverse age groups but also inform age-sensitive
intervention strategies. Individual differences in the brain arise from both aging and neurological
diseases and brain injuries. This knowledge also could open new pathways for creating more
effective diagnostic tools for neurological disorders (Anderson et al., 2021 &, 2024 ®).

We investigated this problem by developing age-specific hyperalignment templates using the
Cambridge Centre for Ageing and Neuroscience (Cam-CAN) dataset and evaluating their
performance with three indices: (a) inter-subject correlation (ISC) of connectomes, (b) prediction
accuracy of individualized connectomes, and (c) prediction accuracy of individualized brain
responses to the movie. Across all three analyses, we found consistent advantages of congruent
age-specific templates (i.e., those constructed using data from the same age group) over
incongruent templates. Together, these results demonstrate the importance of accounting for age-
specific features of brain functional organization when applying functional alignment methods.

Methods
fMRI dataset

The Cambridge Centre for Ageing and Neuroscience (Cam-CAN) dataset comprises fMRI data of
over 600 people from a cross-sectional adult lifespan (18 to 87 years old) population-based sample,
with approximately 25 minutes of fMRI data per individual (Taylor et al., 2017 %). All MRI datasets
were collected at MRC-CBSU using a 3T Siemens TIM Trio Scanner with a 32-channel head coil, 3.0
x 3.0 x 4.44 mm? voxels and 20% gap. Each individual’s fMRI data were collected during three
different tasks:

1. 8 minutes 40 seconds of resting state with eyes closed (‘rest’);

2. 8 minutes of movie-watching of the film “Bang! You're dead” (‘bang’);

3. 8 minutes 40 seconds of a sensorimotor task (‘smt’) during which participants were asked to
press a button upon the presentation of a visual and/or auditory stimulus.

Both resting state and the sensorimotor task used single echo sequences with TR = 1970 ms, TE =
30 ms, flip angle = 78°, and the movie-watching task used multi-echo sequences with TR = 2470 ms,
TEs = 9.4, 21.2, 33, 45, 57 ms, flip angle = 78°. 646 participants have the full records of all three
functional scans (age distribution shown in Table 12).

We classified the participants into three different age groups—young, mid, and old—with each
group consisting of approximately the same number of individuals. Our analyses focus on the
young and old groups.

Preprocessing

We preprocessed all MRI data using fMRIPrep (Esteban et al., 2019 (%), with version 20.2.7. For
each participant, the cortical surface was reconstructed using the high-resolution structural scans.
The functional data were corrected for head motion, projected onto the cortical surface model,
and resampled to the onavg-ico32 cortical surface template, which uniformly samples different
parts of the cortex (Feilong et al., 2024 @). After that, we used linear regression to partial out
nuisance regressors from our data. The list of nuisance regressors includes 6 head motion
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Age Group Age Range Number of Participants Training Group Test Group
Young 18-45 215 144 71
Ooid 65-90 216 144 72

Table 1. Age group division and corresponding training/test set sizes
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parameters and their derivatives, framewise displacement, global signal, 6 aCompCor components
from cerebrospinal fluid and white matter, and polynomial trends up to the 2nd order. After the
regression, we normalized the time series of each cortical vertex to zero mean and unit variance.

Individual connectome calculation

We computed two kinds of connectomes based on different functional scans:

1. using both resting state and sensorimotor task data,
2. using movie-watching data,

This division allows us to examine template performance using both functional connectivity and
response time series to the movie. To calculate functional connectivity, we downsampled the data
matrices for each individual and each task from ‘onavg-ico32’ space (19341 vertices) to ‘onavg-
ico® space (1210 vertices) and used the time-series for downsampled data as connectivity targets.
Correlations between connectivity target time-series and vertex time-series are indices of
functional connectivity. Each vertex’s connectivity profile is a vector of 1210 elements, where each
element is the correlation between the time series of the vertex and the time series of a
connectivity target. We z-scored the connectivity profile for each of the 19341 vertices, and these
connectivity profiles collectively form the connectome matrix of the individual and task.

Hyperalignment template creation

For each age group (young and old), we built the templates using approximately two thirds of the
participants and withheld the remaining one third for testing. Given there are multiple ways to
choose the participants, we repeated the procedure 10 times, each time randomly choosing two
thirds of the participants without replacement. The participants used for evaluation were always
independent from the participants used for training.

We combined fMRI data of different tasks to maximize the amount of data we use to compute the
connectomes, given that differences in connectomes based on different tasks are much smaller in
scale compared to individual differences (Gratton et al., 2018 2). Each whole brain template was
created using a searchlight-based algorithm (Feilong et al., 2023 (%, section 4.2) with a 20 mm
searchlight radius, based on the training group participants’ connectome data calculated from the
resting state data and sensorimotor task data. There are 19341 overlapping searchlights, each
containing an average of approximately 121 vertices (range: 44 to 187). For each searchlight, we
created a local template so that its representational geometry and topographies are representative
of the training participants. We first concatenated the vertices of all participants and performed a
PCA on the concatenated data, to derive a PC template that reflects the representational geometry
of the searchlight, where Mp) is the PC template, B(p) is the local data matrix of the p-th
participant, and n is the number of participants.

11[ (PC) =

We then applied a rotational matrix R to the PC template to minimize the topographic differences
without changing the information content, where | -| is the Frobenius norm.

R = arg I\gn i ||:\[(p(-)]? — B(,,)lﬁ.

p=1
To find the solution R, we applied the orthogonal Procrustes algorithm to concatenated data
matrices (see formula below).

2
B(U A"\[(I’C)

R = arg min : - : R
R

Bawy| [Meo] |,

The local templates MpcR searchlights were then combined to form the whole-brain template. For
each participant p, we derived two transformation matrices using Procrustes algorithm: R(y),
which projects data from the participant’s native cortical space to the template space and was used
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in inter-subject correlation (ISC) analyses, and R/, , which projects data from the template space

back to the participant’s native cortical space and was used in the prediction analyses (Figure 12,

see also Supplementary Figure 1 (%). Note that these matrices differ from the rotation matrix R
used to derive the local template.

Given that functional connectomes may differ across tasks, for each template based on resting
state and sensorimotor data, we also computed a corresponding template based on the movie-
viewing data. This was used in the analysis of predicting individual connectomes, as described
below.

Inter-subject correlation (ISC)

We computed the inter-subject correlation (ISC) of connectivity profiles in the common model
space to evaluate template performance, where higher ISCs indicate better performance. For each
participant in the test set, we computed the participant’s hyperalignment transformation matrix
R(y) using the connectome based on resting state and sensorimotor task data, and applied the
transformation matrix to the original movie-watching responses to compute the hyperaligned
connectome. This ensures that the data used to compute hyperalignment transformation are
independent from the data used to evaluate performance. We computed ISC as the correlation
between the participant’s connectivity profile and the average profile across other test

templates and 10 old templates), and we averaged ISC maps of the same kind (young or old) for
each participant. We converted r values to z values (Fisher transform, arctanh(r)), averaged the z
values, and converted them back to r values. Based on the analysis, we either averaged them
across cortical vertices (Figures 2a, 2b@, Supplementary 3a, 3b @) or participants of the same age
group (Figures 2c(%, Supplementary 3c2).

Predicting individual connectome

We also tested the prediction of connectomes in held-out test participants’ native anatomical space

multiplication of the movie-viewing template and the individual’s transformation matrix Rb,, s

derived from resting state and sensorimotor task data.

We then compared the predicted connectome with the participant’s actual movie-viewing
connectome based on the correlation of the corresponding connectivity profiles in these two
connectomes.

Predicting individual responses to the movie

Similarly, we predicted individual responses to the movie using the same templates created for the
congruent and incongruent age groups. Using the Individualized Neural Tuning (INT) model
(Feilong et al., 2023 (@), each individual’s connectome was modeled as the same template
connectome with an individualized transformation, and we established correspondence between
the modeled connectome and the brain responses to the movie using the same group of training
participants used to build the template. In other words, we applied the INT model to enrich the
template so that it could predict individualized brain responses in addition to individualized
connectomes based on the template. We then evaluated the template’s performance using
correlation coefficients between the measured response time series to the movie and the predicted
time series.

Validation dataset

The results based on the Cam-CAN dataset demonstrate that hyperalignment templates from the
same age group work better than templates from age-incongruent templates, and this effect
generalizes across tasks (from resting state and sensorimotor to movie-watching) and scan
protocols (from single-echo sequences to multi-echo sequences). We further tested the
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Figure 1. Schematic of the procedure for building and testing hyperalignment templates.

Darker arrows indicate congruent templates (i.e., from the same age group), whereas light arrows indicate incongruent

templates.
Training data (young) » Templates (young) Test data (young) T
\ Validation tests:
/ ISC & connectome
Training data (old) > Templates (old) »| Test data (old) prediction

Figure 2. Inter-subject Correlation Results (Cam-CAN).

(a) The average z (+ SD) for the old group was 0.6897 + 0.0759 for congruent templates and 0.6700 + 0.0839 for incongruent
templates. The mean ISC difference (+ SE) was 0.0197 + 0.0017, t(212) = 11.33, Cohen’s d = 0.7766 and p < 1022, The average z
(+ SD) for the young group was 0.8566 + 0.1151 for congruent templates, and 0.8337 + 0.1069 for incongruent templates. The
mean ISC difference (+ SE) was 0.0229 + 0.0008, t(209) = 30.09, Cohen’s d = 2.0765 and p < 10777, (b) Scatter plot of each
participant’s average ISC value derived from different congruent and incongruent templates. (c) Topographic distribution of
ISC difference across different brain regions.
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generalizability of our results using an independent dataset—the DLBS dataset, which was
collected with a different scanner, a different group of participants, and different tasks (See
Supplementary @).

Results

We evaluated the performance of the templates using three metrics: (a) ISC of functional
connectivity in the common template space, where higher ISCs indicate better alignment of
connectivity in the template space; (b) similarity between model-predicted and measured
connectomes in each participant’s native anatomical space; and (c) similarity between model-
predicted and measured neural responses to the movie, where higher similarity suggests the
template contains more relevant information and better predicts individualized connectomes and
movie responses. Across all metrics, we found that congruent age-specific templates outperformed
age-incongruent templates.

Inter-subject correlation

We first evaluated the performance of templates constructed from both young and old age groups
on ISCs of connectomes in the common model template space. We computed the z-difference
(difference in Fisher z transformed correlations) between post-alignment ISC values derived from

specific templates yields higher ISCs in both age groups, with a more pronounced effect in the
young group. Breaking down the data by participant, we found that most participants (97.6% in
the young group, 74.2% in the old group) exhibited higher ISCs when comparing the results for
congruent and incongruent templates (Figure 2b (). The topography of mean ISC differences

temporal, and parietal lobes. The ISC for the young group was consistently higher than that for the
old group for both congruent and incongruent templates. This reflects, at least in part, differences
in data quality between the two age groups (Supplementary Figure 2 (2).

Predicting connectomes

Higher ISCs can arise from both (a) better alignment across participants and (b) filtering out noise
during hyperalignment transformations. Though it is unlikely that our ISC results were driven by
reduced noise, to rule out the possibility, we assessed how well different templates predict each
participant’s connectome.

For each individual, we calculated the correlation between the predicted connectome, generated
using young and old training group hyperalignment templates calculated with rest and smt fMRI
data, and the actual connectome, calculated using movie watching fMRI data. A higher correlation
indicates a more accurate prediction, which means better performance of the hyperalignment
template.

We compared the performance of congruent templates (built from the same age group) and
incongruent templates (built from a different age group). For each participant in the test sets of
both age groups, we calculated the predicted connectome using 20 templates—10 from each age
group. We then computed the correlation for each participant and averaged the individual results
calculated using congruent and incongruent templates for each participant in both groups. The
results clearly indicate that predictions using congruent templates are more accurate than those
using incongruent templates. Examining the participant breakdown in Figure 3b @, we observed
that almost all participants (98.6% in the young group and 94.4% in the old group) have a better
connectome prediction using congruent templates than using incongruent templates from the
other group. The topographic distribution of mean differences between the predicted

templates generally perform better in the frontal and parietal lobes—regions primarily
responsible for cognitive functions—which can be significantly influenced by age.
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Figure 3. Prediction performance comparison between congruent and incongruent templates.

(a) The average z (+ SD) for the old group was 0.4279 + 0.0558 for congruent templates, and 0.4126 + 0.0597 for incongruent
templates. The mean difference of predicted connectome (+ SE) was 0.0154 + 0.0007, t(212) = 21.91, Cohen’s d = 1.5014 and p
< 107>, The average 7 (+ SD) for the young group was 0.5716 + 0.0779 for congruent templates, and 0.5568 + 0.0743 for
incongruent templates. The mean difference of predicted connectome (+ SE) was 0.0147 + 0.0004, t(209) = 39.07, Cohen’s d =
2.6963 and p < 1097, (b) Scatter plot of each participant’s average correlation value derived from different congruent and
incongruent templates. (c) Topographic correlation difference across different brain regions.
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To evaluate the influence of age on the performance of hyperalignment template across the entire
lifespan, we computed the correlation between actual connectome and predicted connectome of
all participants using both young templates and old templates. As an individual’s age becomes
more distant from the template age group, the relative performance of the template decreases
(Figure 4a, 4b @),

Overall, congruent age-specific templates better predict participants’ connectomes than
incongruent templates. As the participant’s age diverges further from the template age group, the
prediction accuracy gets worse. This result indicates that age independent templates are necessary
for improving the performance of hyperalignment.

Predicting brain responses to the movie

Besides functional connectivity, congruent templates also performed better than incongruent
more congruent the template age group is with a participant’s age, the more accurate the
prediction becomes.

We used the same 10 functional templates for each age group, based on different participants
randomly chosen as described earlier, to calculate individual transformation matrices and predict
movie responses. We then focused on differences in performance between using congruent and
incongruent templates.

Next, we computed correlation coefficients between the measured response time series to the
movie and the predicted time series to evaluate template performance. The correlation
coefficients were Fisher-transformed to z values and aggregated either across different parts of
the brain (Figures 5a, 5b %) or across participants (Figure 5c (3). Prediction performance for both

groups was better when using congruent templates than incongruent templates, with the young
group showing a larger congruency effect than the old group.

Discussion

In this paper, we analyzed the effect of age on hyperalignment performance. Our findings
demonstrate the significant impact of age-specific hyperalignment templates on the accuracy of
individualized connectome prediction, neural response to the movie, as well as the inter-subject
correlation (ISC) values after hyperalignment.

The ISC results demonstrate the age effect on hyperalignment template performance. Average ISC
values in the hyperalignment common model space are higher when projecting individual
connectome to the common model space derived from congruent age group templates—those
aligned with the participant’s age group—rather than incongruent age group templates. By
contrast, the congruency effect in the visual cortex is much smaller, suggesting that the aging
effect on functional connectivity is smaller in these areas.

Moreover, congruent hyperalignment templates consistently achieved higher correlation between
predicted individual connectomes and actual connectomes in participants’ native anatomical
spaces compared to incongruent templates. When predicting an individual’s connectome in
different age groups using either old group templates (> 65 years old) or young group templates (<
45 years old), as the individual’s age becomes more distant from the template age group, the
prediction accuracy drops, and the difference between congruent and incongruent template
prediction increases. Movie response prediction further indicates that the more congruent the
template age group is with the participant’s age, the more accurate the prediction becomes.

We applied ISC analysis to an independent dataset, DLBS, to further validate the generalizability of
our findings (see Supplementary Material @2). The results were consistent with those observed in
the Cam-CAN dataset, showing that congruent templates yielded higher average ISC values than
incongruent templates.
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Figure 4. Comparison of individual connectome prediction across all age spans.

(a) Scatter plot showing Pearson correlation between actual connectome and predicted connectome derived from young and
old templates for individuals across all age spans (b) Correlation difference among individuals between two age group
templates, ordered by age.
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Figure 5. Predicting brain responses to the movie based on congruent and incongruent templates.

(a) The average z (+ SD) for the old group was 0.1661 + 0.0600 for congruent templates, and 0.1612 + 0.0636 for incongruent
templates. The mean difference (+ SE) was 0.0049 + 0.0010, ¢(212) = 5.02, Cohen’s d = 0.3443 and p < 10°°. The average z (+ SD)
for the young group was 0.2925 + 0.0627 for congruent templates, and 0.2441 + 0.0490 for incongruent templates. The mean
difference (+ SE) was 0.0485 + 0.0013, £(209) = 35.99, Cohen'’s d = 2.4833 and p < 10", (b) Scatter plot of each participant’s
average predicted response values derived from different congruent and incongruent templates. (c) Topographic distribution
of predicted response difference across different brain regions.
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Previous hyperalignment study shows that the more data used in building the templates for
estimating individual tuning matrices, the better the model performs (Feilong et al., 2023 ®). We
expect, therefore, that the effect of age-congruency of templates will be greater if the templates are
built with larger data sets. Currently, the templates are built using only approximately 16 minutes
of fMRI functional data from around 200 participants. We expect that better and more stable
model performance could be achieved by incorporating data from more participants and
increasing the amount of data per participant, preferably to at least an hour. Moreover,
incorporating data using richer stimulus paradigms in template construction might provide
additional information that could enhance template performance. Currently our templates are
constructed using only resting state and sensorimotor task data. Naturalistic stimuli, such as
movie-viewing, more broadly sample cognitive and brain states. With increased data collection
and richer, naturalistic stimulus paradigms, we could capture a broader range of neural activities
and idiosyncrasies, potentially leading to more robust and flexible hyperalignment templates and
a more precise and reliable alignment between individual connectomes and the common model
space.

In this work, we only focused on the impact of age on hyperalignment templates and observed a
significant improvement using congruent age templates compared to incongruent ones. Congruent
age templates may provide more sensitive study of the effect of age-related diseases, such as
Alzheimer’s disease and Parkinson’s disease, on functional brain organization. It may even be
fruitful to develop separate hyperalignment templates for distinct populations characterized by
different neurological or psychiatric diseases. Just as age introduces specific variations in neural
architecture, various diseases produce unique alterations in brain structure and function. By
constructing disease-specific templates, it may be possible to capture these distinctive neural
patterns with greater accuracy, leading to more precise alignment of individual connectomes. This
approach could provide insights into the pathophysiological mechanisms underlying various
clinical conditions and broaden the use of hyperalignment models in clinical neuroscience.

Data availability
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Reviewer #1 (Public review):

Summary:

The authors present a compelling case for the necessity of age-specific templates in functional
hyperalignment. Given that the brain undergoes substantial developmental, structural, and
functional changes across the lifespan, a 'one-size-fits-all' canonical template is often
insufficient. This study effectively demonstrates that incorporating age-congruent features
significantly enhances the performance and sensitivity of hyperalignment models. By
validating these findings across two independent datasets (Cam-CAN and DLBS), the paper
provides robust evidence that accounting for age-related functional organization is a critical
prerequisite for accurate functional alignment in lifespan research.

Strengths:

(1) The authors used three metrics to evaluate performance. Across all metrics, they found
that age-congruent templates outperformed age-incongruent templates, suggesting that age-
specific templates can improve alignment.

(2) These findings highlight the superiority of age-congruent templates for hyperalignment.
This work underscores the importance of age-matching in cross-subject functional mapping
and represents a vital step forward for the methodology.

Weaknesses:

(1) Participant Demographics and Group Separation:
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The study defines the 'older’ cohort as 65-90 years and the 'younger' cohort as 18-45 years.
While this 20-year gap (ages 46-64) effectively maximizes the contrast between groups, the
results in Figure 4a suggest that the predicted individualized connectomes follow a
continuous distribution. Given this continuity, could the authors provide the average median
trends for Figures 2a and 2b to illustrate how the model behaves across the missing age
range?

(2) Request for Implementation:

I have been unable to locate the source code associated with this publication. Could the
authors please provide a link to the repository or clarify if the implementation is available for
reproduction?

(3) Analysis of Prediction Performance and Distribution:

While Figures 3b and 5b clearly demonstrate that the congruent template improves
correlation, Figure 4a shows a distinct shift in the scatter distribution. Could the authors
provide a detailed explanation of the prediction performance metrics used? Specifically, I
would like to understand how the underlying method accounts for the distribution
differences observed when applying the congruent template.

https://doi.org/10.7554/eLife.110566.1.sa1

Reviewer #2 (Public review):
Summary:

In this study, Zhang and colleagues examine the role of participant selection in creating and
using functional templates to improve analyses using hyperalignment. Hyperalignment aligns
participants' functional MRI data to a shared functional template, analogous to the
anatomical templates used to bring anatomical MRI data into a shared space (e.g., MNI152).
The question of appropriate template creation is especially pressing for population-level
analyses, where a large number of demographic groups (e.g., different age ranges, clinical
statuses) may be included in the same analysis. These different demographic groups may
have differences in their functional organization that complicate the creation of a single
study-specific functional template.

To provide an initial investigation of the potential effect of demographic-specific templates,
the authors use the publicly available Cam-CAN dataset, which contains participants from 18
to 87 years of age. They define a young adult (< 45 years of age) and an older adult group (>
65 years of age) from this dataset with approximately the same number of participants. They
investigate whether "age-congruent” templates (i.e. defined in the same age group they are
used) improve three analyses where hyperalignment has been previously shown to boost
performance: inter-subject correlation, predicting individual connectomes, and predicting
individual functional responses. Using the Cam-CAN-derived older adult template, they then
replicate the ISC analyses using the publicly available Dallas Lifespan Brain Study (DLBS).

Overall, the presented results are highly suggestive that age-congruent templates consistently
improve performance, though the absolute effects are small.

Strengths:

The use of a separate validation sample, reusing the same template calculated with Cam-CAN,
highlights the potential of developing independent templates for individual demographic
groups and then distributing these for wider use, analogous to the MNI templates that are
widely used throughout the field of neuroimaging. This suggests that the potential impact of
this framework is significant.
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Weaknesses:

While the authors appropriately highlight the potential applications of this result (e.g., to
different clinical statuses), it is not apparent how to appropriately extend this methodology to
many common experimental paradigms. For example, in case-control studies (where
researchers are interested in comparing clinical and non-clinical participants) the use of two
different functional templates may complicate rather than ease analyses. Providing this as a
potential limitation of the current template construction method, or providing
recommendations to researchers interested in comparing across groups, would help to
increase the impact of this work.

https://doi.org/10.7554/eLife.110566.1.sa0
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