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Abstract

Population-level inferences and individual-level analyses are two important aspects in functional
magnetic resonance imaging (fMRI) studies. Extracting reliable and informative features from
fMRI data that capture biologically meaningful inter-subject variation is critical for aligning and
comparing functional networks across subjects, and connecting the properties of functional brain
organization with variations in behavior, cognition and genetics. In this study, we derive two new
measures, which we term functional density map and edge map, and demonstrate their usefulness
in characterizing the function of individual brains. Specifically, using data from the Human
Connectome Project (HCP), we show that (1) both functional maps capture intrinsic properties of
the functional connectivity pattern in individuals while exhibiting large variation across subjects;
(2) functional maps derived from either resting-state or task-evoked fMRI can be used to
accurately identify subjects from a population; and (3) cross-subject alignment using these
functional maps considerably reduces functional variation and improves functional
correspondence across subjects over state-of-the-art multimodal registration algorithms. Our
results suggest that the proposed functional density and edge maps are promising features in
characterizing the functional architecture in individuals and provide an alternative way to explore
the functional variation across subjects.
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1. Introduction

A substantial degree of anatomical and functional variability in the human brain has been
observed across individuals (Mueller et al., 2013; Laumann et al., 2015), which has a strong
link with differences in behavioral performance (Stephen, 2016). Morphological
measurements such as cortical thickness, sulcal depth and curvature can be computed from
structural magnetic resonance imaging (MRI) scans and have been widely used to explore
individual anatomical variability on the cortex (Fischl and Dale, 2000; Im et al., 2008).
Functional variability in individuals can be captured by functional MRI (fMRI) in either task
or resting conditions. Recently, functional connectivity derived from fMR/ data has been
utilized to investigate individual functional variability (Mueller et al., 2013). /ndividual
differences in functional connectivity have been demonstrated, to be heterogeneous across
the cortex in Mueller et al. (2013). Significantly higher variability has been shown in
heteromodal association cortex while lower variability was found in unimodal cortices.
However, the entire functional connectome is noisy, sensitive to local perturbations (Jiang et
al., 2013), and difficult to visualize due to its high dimensional nature. Independent
Component Analysis (ICA) is often employed to reduce the spatial dimension of fMRI data
(Smith et al., 2013) but may fail to localize individual components. Low-dimensional
functional measurements that can characterize functional connectivity profiles while
preserving their spatial localization may provide a better way to compare and visualize
functional differences at the individual level.

In contrast to individual-level analysis, group-level fMRI features obtained by averaging
data across subjects have been more extensively investigated since the early 1990s. Group-
level analysis often benefits from improved signal-to-noise ratio (SNR) but is hampered by
substantial anatomical and functional variability across subjects. To enable a reliable group-
level analysis, anatomical and functional correspondence need to be established among
subjects before calculating the group average for subsequent analysis. Although anatomical
variability can be largely removed through an alignment of morphological features (Liu et
al., 2004; Gholipour et al., 2007; Fischl et al., 2008; Conroy et al., 2013), substantial
functional variability often remains after structure-based cross-subject registration. Recent
studies (Sabuncu et al., 2010; Conroy et al., 2013; Robinson et al., 2014) have attempted to
remove functional variability by using fMRI-derived features in the registration, thus
improving the power of analysis at the group level (Glasser et al., 2016).

In this work, we address two fundamental problems in the analysis of functional
neuroimaging data. First, state-of-the-art fMRI studies utilize high-dimensional functional
connectivity profiles (Yeo et al., 2011) or ICA-based fMRI features (Smith et al., 2013;
Glasser et al., 2016). However, these measurements may not well characterize the unique
functional architecture of an individual brain. Second, group analysis is complicated by the
large cross-subject variability of structure-function relationship, which reduces the power to
detect group effects in functional studies. To address these issues, here we derive a
functional density map and an edge map from fMRI data to characterize the functional
connectivity pattern in individuals, and use these maps to establish functional
correspondence across subjects for group analysis. The functional density map quantifies
and summarizes functional connectivity strength at each location on the cortex. A cortical

Neuroimage. Author manuscript; available in PMC 2018 September 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Tong et al.

Page 3

location will have a large density value if it is strongly connected to a large number of other
locations. The functional edge map derived from the functional density maps was inspired
by the work of Gordon et al. (2014). It models the transitions in functional connectivity
patterns and corresponds to functional boundaries. Large values in an edge map indicate
sharp change of functional connectivity patterns. Using data from 100 unrelated subjects
distributed by the Human Connectome Project (HCP) WU-UMinn Corsortium (Van Essen et
al., 2013), we demonstrate that:

1. The functional density and edge maps are unique at the individual level and
capture functional variation across subjects, and thus can serve as functional
fingerprints to identify subjects from a large population;

2. Individual functional density and edge maps can be used to establish functional
correspondence across subjects and produce sharp group averages. The group-
average functional density and edge maps are highly reproducible across
independent samples;

3. Cross-subject alignment using functional maps derived from resting-state fMRI
improves the alignment of task activations across subjects. These functional
maps can be used as promising measures for driving the functional alignment in
order to remove inter-subject functional variations and to establish functional
correspondence across subjects for group analysis.

These results suggest that the proposed functional density and edge maps capture intrinsic
properties of subject-specific functional connectivity patterns, and have the potential to
characterize functional variation in the population, improve function-based cross-subject
alignment and increase the power of group-level inferences.

2. Materials and Methods

2.1. Data

A data set of 100 unrelated young and healthy subjects was downloaded from the HCP WU-
Minn Consortium (Van Essen et al., 2013). Multimodal MR images, including T1-weighted
and T2-weighted imaging, fMRI and diffusion-weighted imaging were collected from all
subjects on a customized Siemens 3T Connectome Skyra scanner using HCP’s acquisition
protocol (Van Essen et al., 2012). Structural images were acquired using a 3D MPRAGE T1-
weighted sequence with 0.7 mm isotropic resolution. Other parameter settings included: TR
=2,400 ms; TE = 2.14 ms; T1 = 1,000 ms; flip angle = 8°. Two resting-state and seven task
fMRI sessions were collected for each subject. The tasks included working memory (WM),
gambling, motor, language, social cognition, relational processing and emotional processing.
In each session, two runs were acquired using single-shot EPI with alternating (left-to-right,
LR and right-to-left, RL) phase encoding directions. The two resting sessions were acquired
on separate days with the following scanning parameters: TR = 720 ms; TE = 33.1 ms; flip
angle = 52°; slice thickness = 2.0 mm; 72 slices; 2 mm isotropic voxels; multiband factor =
8; matrix size = 104 x 90; partial Fourier = 6/8; echo spacing = 0.58 ms; bandwidth (BW) =
2,290 Hz/px; time points = 1,200. The acquisition protocol of the task sessions was identical
to that of the resting sessions to achieve maximal compatibility between task and resting
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data. Full details about subject recruitment and MRI data acquisition can be found in (Smith
etal., 2013; Barch et al., 2013).

2.2. Preprocessing

The HCP minimal preprocessing pipeline (Glasser et al., 2013) was utilized to process the
data set, which included artifact removal, motion correction and alignment to standard space
using cortical folding features. Software used by this pipeline included FSL (FMRIB’s
Software Library) (Jenkinson et al., 2012), FreeSurfer (Fischl, 2012), and the Connectome
Workbench (Marcus et al., 2013). Specifically, the processing of structural MRI comprised
the PreFreeSurfer (Jovicich et al., 2006; van der Kouwe et al., 2008), FreeSurfer recon-all
(Dale et al., 1999; Fischl et al., 1999a,b, 2001, 2002; Ségonne et al., 2007) and
PostFreeSurfer steps (Glasser et al., 2014), and the cortical and subcortical fMRI signals
were processed separately in fMRISurface (Glasser et al., 2013) and fMRIVolume
(Andersson et al., 2003; Greve and Fischl, 2009) pipelines. fMRI data were resampled onto
a standard “grayordinate” space, which used a surface representation with 32,492 vertices on
each hemisphere. The fMRI time series were then temporally demeaned and linearly
detrended within each run, followed by a bandpass filtering (0.01-0.08 Hz). Next, the
whole-brain signal was regressed out and surface-based smoothing using a Gaussian kernel
with 6mm full-width at half-maximum (FWHM) was applied. Finally, two runs within each
resting-state or task session were concatenated.

2.3. Calculation of functional density and edge maps

Given a cortical mesh Pwith N vertices, in order to calculate a density value for each vertex,
we first constructed a weighted graph by connecting all neighboring vertices of the mesh and
computing the Pearson distance between each pair of neighboring vertices 7and /.

dig=1—(yi, ;) (1)

where yjand y;are the normalized fMRI time series and (*,*) denotes the standard inner
product. The shortest path between each pair of vertices through the weighted graph was
then computed and defined as their geodesic distance (Honnorat et al., 2015). 7he geodesic
distance between two vertices reflects the dissimilarity of their time series through the
surface. However, it should be mentioned that the geodesic distance is also affected by the
spatial distance since it is the accumulated sum along the shortest path. Tow vertices with a
long spatial distance are more likely to have a large geodesic distance. The density value at
vertex /can then be computed using a Gaussian kernel (Rodriguez and Laio, 2014):

N =2
p= > aexp(— D0

2
k=1,k+#i dc

O]

where g, is the geodesic distance between vertex /and vertex &, NVis the total number of
vertices, and d, is a free parameter. The parameter a was set to 1 and the parameter b was set
to zero as suggested in Rodriguez and Laio (2014). It can be seen that a vertex which is
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functionally similar to other vertices (i.e., has short geodesic distances to other vertices)
tends to have a larger density value. In the present study, for each subject, the parameter ad,
was set to the top 0.1% smallest geodesic distance for each subject since we found that with
this parameter setting the functional density map can capture fine details in the functional
architecture. Figure 1 shows examples of the functional density map. Vertices within each
functionally homogeneous region have high density while vertices near the boundary of
functional regions have low density values. Although the top 0.1% smallest geodesic
distance appears to be a good choice for a, when calculating the functional density map,
functional organization at different scales can be observed when other values of g are used,
which may provide additional information for functional analysis. Therefore, we calculate a
functional edge map in order to utilize the multi-scale information in the functional density
map. Specifically, a watershed segmentation method (Beucher and Lantuéjoul, 1979;
Gordon et al., 2014) was applied to the functional density maps computed at a range of d,
values, generating binary edges at different scales. A cross-scale functional edge map can
then be obtained by averaging the functional edges across scales.

2.4. Individual identification

We used two resting-state fMRI sessions on separate days (denoted as R1 and R2) and four
task fMRI sessions (motor, language, working memory, and emotion) collected from each
subject. When using the functional maps derived from session X'to predict the identities of
subjects in session Y; we first computed a functional map (density map or edge map) for
each session of each subject. Then for a particular subject in session Y'whose identity was
considered unseen, the similarity between the subject’s functional map and each functional
map in session X'was calculated. The subject was assigned the identity of the subject in
session X'who had the largest similarity measure. This procedure was repeated for all
subjects in session Y. In this work, Pearson correlation between functional maps was used as
the similarity measure. The prediction accuracy was calculated as the ratio of the number of
subjects whose identities were correctly predicted to the total number of subjects.

2.5. Generation of sharp group-average maps

We concatenated two resting-state sessions and computed the functional density and edge
maps for each subject in the MSM-Sulc registered space (Robinson et al., 2014). We then
employed the Spherical Demons (SD) method (Yeo et al., 2010) to further align subjects,
using the proposed functional maps as features and default parameters in the MATLAB
implementation of the SD algorithm. The group-level density and edge maps were
calculated by averaging registered functional maps. We also performed a group parcellation
by applying the watershed technique (Beucher and Lantuéjoul, 1979) to the group average of
functional edge maps. The watershed method provided an initial delineation of over 800
small parcels. For each boundary of the parcels, the average value of the functional edge
map along the boundary was calculated. A large average value indicates a sharp boundary
between two parcels while a small value indicates a weak boundary. Parcels were then fused
iteratively until a predefined number of parcels was achieved. Specifically, in each iteration,
two adjacent parcels were fused if the average boundary value between them was the
smallest among all edges, that is, two parcels that had the most similar functional density
values were fused. The number of parcels was set in the range of{75,100,125,150,175,200%}.
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The Dice coefficient was calculated between the parcellation results of two groups. A high
Dice value indicates high reproducibility of the parcellation results. The final number of
parcels was set to 150 in this work. This number was selected according to the highest Dice
value between two independent groups.

2.6. Functional correspondence between different contrasts

3. Results

We hypothesized that the proposed functional maps can capture the functional organization
of the cortex across different conditions. Therefore, we evaluated whether cross-subject
alignment using functional maps derived from resting-state fMRI improved the alignment of
task activations. The fMRI data from HCP has been registered to a common space using the
MSM-Sulc registration to remove anatomical variation, which provides an initialization for
the functional alignment. In the present work, we refined the MSM-Sulc registration by
using the SD algorithm (Yeo et al., 2010), and the proposed functional density maps derived
from resting-state fMRI as features to drive the alignment. The resulting transformations
were then applied to the corresponding task activation maps. We compared this registration
to two methods proposed in (Robinson et al., 2014): (1) MSM-Sulc, which uses anatomical
features for registration; and (2) MSM-AII, which uses anatomical features, myelin (T1/T2)
map and resting-state fMRI features for registration. For each of these registration methods,
we calculated a group-average activation map in the registered space. For the registration
algorithm that best aligns the task data, the group-average task activation map should be
most representative of the individual activation maps. We therefore computed the
correlations between the group-average map and the registered individual activation maps
for each of the three registration algorithms across 86 contrasts derived from seven tasks.
Higher average correlation coefficient across subjects for each contrast indicates more
accurate alignment of the task activation maps. For each contrast, a paired t-test was used to
assess if the correlations between two registration methods were significantly different.

3.1. Functional variation across subjects and conditions

Figure 2 shows functional density maps (A, upper panel) and functional edge maps (B,
upper panel) computed from the resting-state fMRI data of two randomly selected subjects.
The functional density map reflects the connectivity strength at each cortical location. Large
density values are observed in the somato-motor region, the sensory speech area and the
primary visual cortex. For each pair of subjects, we correlated the functional maps computed
from the two resting-state sessions. As shown in Figure 2, for both functional maps, intra-
subject inter-session correlations are significantly higher than inter-subject correlations using
the paired t-test, indicating that the proposed functional maps are reproducible across
repeated sessions for the same subject and capture intersubject variation in the functional
architecture.

Figures 3 and 4 respectively show the functional density and edge maps of the same subject
computed from different resting-state and task sessions. Changes to the functional maps
across conditions can be clearly observed. The functional maps of all the 100 subjects in
different conditions can be found at https://youtu.be/p2tHOvOv3Bg and https://youtu.be/
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Jn6sB1lyHUs4. These figures show that both the connectivity strength and the transition of
functional connectivity patterns are affected when subjects perform different tasks. However,
intra-subject correlations between different rest-task or task-task pairs are much higher than
inter-subject correlations as shown in Figure 3 and Figure 4.

3.2. Identification of individual subjects

We first predicted the identity of individuals using the proposed functional maps computed
from resting-state fMRI sessions. Using the functional density map as features, the
prediction accuracy was 0.99 when R1 was treated as unseen data and R2 as the database.
The accuracy was 0.96 when predicting R2 using R1. When the functional edge map was
used as features, both prediction accuracies increased to 100%. The identity prediction was
also carried out using different rest-task (i.e., the R1-WM pair or the R2-emotion pair) and
task-task pairs (i.e., the WM-emotion pair or the motor-language pair). The prediction
accuracy ranged from 83% to 98% when the functional density map was used as features.
When the functional edge map was used, we achieved perfect prediction accuracy in all rest-
task and task-task pairs.

3.3. Sharp and robust group-averaged maps

Figure 5 (left column) shows the group-average functional maps in the MSM-Sulc registered
space. These maps were quite blurry, indicating that functional regions of different subjects
were not well aligned after structure-based registration. When we refined the MSM-Sulc
registration using the SD algorithm with the functional maps as features, the group-average
functional maps became sharper after each iteration of the SD algorithm (Figure 5).

We then randomly split the 100 subjects into two independent groups and computed the
average functional maps of the two groups (Figure 6, top and middle). The correlation
between the average functional density maps of the two independent groups was 0.997, and
the correlation between the two functional edge maps was 0.987, indicating high
reproducibility of the proposed functional maps at the population level. The high
reproducibility of these functional maps also ensured the robustness group-level
parcellations: when the total number of parcels was set to 150 (Figure 6, bottom), a Dice
coefficient of 0.916 was achieved between the parcellations derived from the two
independent groups, which is comparable to those of the state-of-the-art parcellation results
(Shen et al., 2013; Parisot et al., 2016; Wang and Wang, 2016).

3.4. Improved correspondence with task activations

As shown in Figure 7, MSM-AII registration significantly improved the alignment of task
activations over MSM-Sulc registration across all the 86 contrasts (all paired t-test p < 0.01),
suggesting that the additional features utilized in the MSM-AII registration (i.e., the myelin
map and features computed from resting-state fMRI) improved the alignment of functional
organization across subjects (Robinson et al., 2014). Our proposed functional alignment
method using the functional density maps computed from resting-state fMRI can further
significantly improve the alignment of task data over MSM-AlI registration across all the 86
contrasts (all paired t-test p< 0.01). /n addition, an average distortion map was calculated as
described in Robinson et al. (2014). Figure 8 shows the comparison of distortion maps using
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different approaches. It can be seen that the three approaches, which utilized different
features for registration, are very different in the amount of areal distortion. The proposed
density-driven alignment has larger areal distortions over cortex than the other two
approaches. However, we note that it is difficult to assess which level of distortion is needed
to achieve functional homology.

4. Discussion

In this work, we have proposed functional density and edge maps and shown that they are
robust and reproducible within subjects, and can capture the unique functional architecture
of individuals across resting-state and different task conditions. Therefore, they can be used
as functional fingerprints to identify subjects from a large population. Cross-subject
registration driven by these functional maps produced robust group-average functional maps
and group-level parcellations, and improved the functional correspondence between resting-
state and task activations in every contrast that we tested.

4.1. Individual variability in function

The human brain of each individual is unique in anatomy and function, thus making us think
or behave differently. Recent advances in fMRI acquisition (e.g., higher field strength and
faster acquisition) (Setsompop et al., 2012; Feinberg and Setsompop, 2013; Kirilina et al.,
2016) have improved the SNR of functional images, allowing for more reliable
characterization of brain function at the individual level. Using resting-state fMRI, recent
studies have shown that individual attention ability (Rosenberg et al., 2016), personality
(Yarkoni, 2015), intelligence (Finn et al., 2015) and aging (Geerligs et al., 2015) are highly
related with the differences of individual brain function.

In this work, we derived the functional density and edge maps to characterize the individual
functional architecture and compare individual differences in function. The functional
density map reflects the connectivity strength at each cortical location while the functional
edge map captures the transition of functional connectivity patterns. We have shown that
variation of functional maps exists both within and across subjects. Intra-subject variation is
potentially due to factors such as motion, metabolic state, fluctuating hormones and fMRI
acquisition settings. A recent study (Laumann et al., 2015), which repeatedly scanned a
subject over one year, demonstrated that over 9 mins of fMRI data can generate respectable
reproducibility at the individual level. Using the resting-state fMRI data from the HCP with
approximately 30 mins for each session, the obtained intra-subject inter-session correlations
of the proposed functional maps are significantly higher than inter-subject correlations.
When performing a specific task, the connectivity strength and transition of the functional
connectivity pattern may change dramatically. However, functional maps also capture
intrinsic properties of brain function, which are stable across different conditions. Therefore,
intra-subject correlations of rest-task pairs and task-task pairs are still much higher than
inter-subject correlations.
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4.2. Prediction of individual identity

The intra-subject reliability and inter-subject variation of functional neuroimaging data
allows us to identify an individual from a large population. In (Finn et al., 2015), the
connectivities between 268 regions spanning the whole brain were used as features to
predict the identity of individuals. There are two drawbacks in this method: (1) it requires a
group parcellation of the brain to calculate functional connectivity features for prediction,
and the prediction accuracy dramatically decreased if a coarse level of group parcellation
(e.0., (Yeo etal., 2011)) was used; (2) each individual has a unique functional architecture as
shown in our work and other studies (Wang et al., 2015). Applying a group-level parcellation
to individuals may not well capture functional variability across subjects, which is the basis
of identity prediction. In this work, we computed functional density or edge maps for each
subject to encode functional variability for the prediction of individual identities, while
obviating the need for a group parcellation for the prediction. In different pairs of rest-rest
and rest-task sessions, the prediction accuracy ranged from 83% to 98% when the functional
density map was used as features. We achieved perfect accuracy when the functional edge
map was used. The improvement of the prediction accuracy using the functional edge map
over the functional density map may be attributable to the multi-scale information in the
functional edge map in contrast to the single-level information in the functional density map.
These results suggest that individuals have unique and inherent functional architectures,
which are preserved in both resting-state and task conditions. We note that although the
effect of anatomical difference was minimized by cross-subject registration using anatomical
features, the prediction accuracy may be affected by residual anatomical difference. The
proposed functional maps may contain residual anatomical variation as well. The
preprocessing steps including the volume-to-surface mapping, smoothing, and motion
correction can potentially affect the prediction accuracy. We carried out an additional
experiment to investigate whether smoothing affects the accuracy of individual identity
prediction. After removing the smoothing step in the preprocessing, the prediction accuracy
was 0.97 when predicting R2 using R1 and also 0.97 when predicting R1 using R2. These
results are consistent with those presented in Section 3.2, which demonstrates the robustness
of the proposed functional maps.

4.3. Functional alignment for group analysis

The high inter-subject variation as described above imposes challenges on robust group-level
functional analysis. It is essential to establish functional correspondence across subjects
before statistical analysis at the group level. As noticed by prior studies, registrations driven
by cortical folding patterns may lead to suboptimal alignment or misalignment of function in
many regions of the brain (Fischl et al., 2008), and result in blurring functional maps at the
group level. Weak boundaries between small areas may not be detectable if the
connectivities are averaged over functionally dissimilar vertices. This will lead to less
accurate analysis at the group level. In order to improve the alignment in function, Sabuncu
et al. (2010) proposed to refine inter-subject alignment by using task fMRI data collected
during movie watching. Although this improved functional alignment, it required consistent
task activations by using a shared external stimulus. Robinson et al. (2014) showed a
significant improvement in functional alignment by using resting-state fMRI measurements
derived from Independent Component Analysis (ICA) (Smith et al., 2013). However, 26 ICA
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components as used in (Robinson et al., 2014) do not cover the entire cortex, reducing the
spatial resolution of the data. Thus, features derived from ICA components may lose spatial
information and not fully characterize individual functional organization. /n a recent work
(Nenning et al., 2017), spectral maps were derived, from functional connectivity of resting-
state fMRI, which served as promising features for improving the functional alignment of
task activations. In this work, the functional alignment was driven by the proposed
functional density and edge maps. After registration, sharp group-average maps were
obtained, which can be used in robust group-level analysis (e.g., group-level parcellation).

4.4. Functional correspondence between different tasks

The inherent properties of the brain in both resting and task conditions may manifest in the
correspondence between functional connectivity measurements derived from resting-state
and task data. Here we have shown that the alignment of the proposed functional density
maps obtained from resting-state fMRI improved the alignment of task activations that we
quantified. The correspondence between different types of data allows the prediction of
individual task activations from task-free measurements such as resting-state features (Tavor
et al., 2016) or diffusion measurements (Osher et al., 2016). In addition, an improvement of
the alignment of task activations using the proposed method was achieved over the MSM-
All registration method (Robinson et al., 2014). 7his indicates that the proposed functional
density maps can characterize the inherent functional architecture of each individual,
providing promising measures for the alignment of task activations.

4.5. Limitations and future work

Some interesting work could be further investigated in the future. First, only resting-state
fMRI data was utilized in this study to establish functional correspondence across subjects.
A combination of data from multiple modalities (e.g., myelin map and task fMRI data) may
enhance the reliability of the functional alignment (Glasser et al., 2016), although the
advantage of not using these modalities is that unbiased hypothesis testing is still possible
for any measure that is not included in the registration. In addition, previous studies have
shown that functional connectivity is dynamic and can change considerably over short
periods of time (Hutchison et al., 2013). It would be interesting to investigate the dynamic
changes of the proposed functional density maps and parcellation over time. Further, the
present study only investigated the correspondence between resting-state fMRI
measurements and task activations. Whether the alignment of resting-state fMRI data can
improve the alignment of other imaging modalities, such as diffusion data, could be further
studied in the future. Moreover, the proposed density maps can be easily computed from
connectivities derived from diffusion tractography, which might further improve cross-
subject registration and parcellation. Another limitation of the current study is that only 100
unrelated subjects from HCP were used for evaluation in this work. Evaluating our algorithm
on a wider range of data will enhance the reproducibility of the proposed method. It would
be interesting to apply the proposed method to a larger data set (e.g., the 1200 subjects
released very recently by the HCP) or other data sets in future studies.
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Figure 1.
Calculation of the functional edge map using multi-scale information from the functional

density maps. When calculating the functional density map, the parameter a, was set such
that the effective number of neighboring vertices corresponds to 0.1% of the total number of
vertices on the surface. When calculating the functional edge map, the parameter a; was set
at the following values: {0.05%, 0.1%, 0.2%, 0.3%, 0.4%, 0.5%, 0.6%, 0.7%, 0.8%, 0.9%,
1%}. These values were used to extract fine to coarse scale information from the functional
connectivity patterns. The second row shows the binary edge map derived from each
functional density map with different values of a,. A multi-scale functional edge map can be
obtained by averaging the binary edge maps across scales.
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Figure 2.
The functional density and edge maps derived from resting-state fMRI are unique at the

individual level. (A) Functional density maps computed from the two resting-state fMRI
sessions of two randomly selected subjects (upper panel). When correlating the functional
density maps of two resting-state sessions for each pair of subjects, intra-subject correlations
are much higher than inter-subject correlations (lower panel). (B) Comparison of the
functional edge maps computed from different subjects (upper panel), and the comparison of
intra-subject inter-session variation and inter-subject variation of the functional edge map
(lower panel). In both (A) and (B), the red line corresponds to the average of the intra-
subject correlations.
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Figure 3.
The functional density maps capture intrinsic properties of the functional organization across

resting and task conditions. Intra-subject correlations of the functional density maps between
different rest-task and task-task pairs are significantly higher than inter-subject correlations.
In all panels, the red line corresponds to the average of the intra-subject correlations.
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The functional edge maps reflect the functional boundaries between different functional
regions across resting and task conditions. Intra-subject correlations of the functional edge
maps between different rest-task and task-task pairs are significantly higher than inter-
subject correlations. In all panels, the red line corresponds to the average of the intra-subject
correlations.
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Before registration First iteration
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Figure 5.
Functional map based registration improves functional alignment. Group-average functional

maps in the MSM-Sulc registered space (sulcal depth based registration) were blurry (left
column). Group-average functional maps became sharper after each iteration of the
Spherical Demons (SD) algorithm driven by the proposed functional maps. The top row
shows the registration driven by the functional density map, while the bottom row shows the
registration driven by the functional edge map.
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Figure 6.
Group-average functional density and edge maps are highly reproducible. (A) The average

functional density maps computed from two independent groups. The correlation between
the two density maps was 0.997. (B) The average functional edge maps computed from two
independent groups. The correlation between the two density maps was 0.987. (C) Cortical
parcellations derived from the average functional edge maps with the number of parcels set
to 150. A Dice coefficient of 0.916 was achieved between the parcellations derived from the
two independent groups.
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Improvement of aligning task activations after applying functional registration
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Figure 7.
The alignment of resting-state fMRI data using the functional density map improves the

alignment of task activations. The average correlations between the group-average activation
map and individual activation maps after registration (MSM-Sulc, blue; MSM-AII, green;
proposed functional density map based registration, red) across 86 task contrasts are shown
in the top panel. The bottom panel shows the group activation results for the Gambling task:
reward contrast after the registration.
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Figure 8.
The comparison of distortion maps using different approaches. The three approaches, which

utilized different features for registration, are very different in the amount of areal distortion.
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