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Abstract

Energy landscape analysis is a data-driven method to analyze multidimensional time series, including functional magnetic resonance
imaging (fMRI) data. It has been shown to be a useful characterization of fMRI data in health and disease. It fits an Ising model
to the data and captures the dynamics of the data as movement of a noisy ball constrained on the energy landscape derived from
the estimated Ising model. In the present study, we examine test-retest reliability of the energy landscape analysis. To this end,
we construct a permutation test that assesses whether or not indices characterizing the energy landscape are more consistent across
different sets of scanning sessions from the same participant (i.e., within-participant reliability) than across different sets of sessions
from different participants (i.e., between-participant reliability). We show that the energy landscape analysis has significantly higher
within-participant than between-participant test-retest reliability with respect to four commonly used indices. We also show that
a variational Bayesian method, which enables us to estimate energy landscapes tailored to each participant, displays comparable
test-retest reliability to that using the conventional likelihood maximization method. The proposed methodology paves the way to
perform individual-level energy landscape analysis for given data sets with a statistically controlled reliability.
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Brain activity is dynamic and nonlinear in nature. Such non-
ICA ...l independent component analysis linear brain dynamics are considered to underly many functions
of the brain such as cognition, action, and learning [1-3], and
ICC ... ...l intraclass correlation coefficient ~ mathematical modeling is widely accepted as a useful tool for
simulating such brain dynamics on different scales [1-7]. There

TSS total sum of squares . ..
are also many methods for analyzing empirical data of neural
MEG ...l magnetoencephalogram  dynamics, including dynamic causal modeling [8, 9], functional

network analysis [10, 11], its dynamic variants [12-14], and
MEM ... ... maximum entropy model  hidden Markov models [15-17].
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Population-level inferences are a common practice for ana-
lyzing brain activity in empirical data. However, both the struc-
ture and dynamics of the brain vary even among healthy in-
dividuals, let alone among individuals belonging to a disease
group due to the heterogeneity of the disease. Therefore, al-
though population-level inferences increase the data size and
often help us to reach statistically significant observations, they
may yield inaccurate results and loss of information when the
observed data are individual-specific. To avoid population-
level inferences, it is necessary to establish the reliability of
individual-level inferences of collective brain dynamics.

Finn et al. examined the role of individual variability in func-
tional networks measured by functional magnetic resonance
imaging (fMRI) and its ability to act as a fingerprint to iden-
tify individuals [18] (see [19, 20] for earlier studies). In order
for individual fingerprinting to be successful, the test-retest reli-
ability of the functional network must be higher across sessions
obtained from the same individual (i.e., within-participant reli-
ability) than across sessions obtained from different individuals
(i.e., between-participant reliability). Indeed, it was found that
within-participant reliability was robust and that both resting-
state and task fMRI from different sessions of the same in-
dividual could be used to perform fingerprinting [21]. Other
studies also confirmed the ability of functional networks from
fMRI data as fingerprints of individuals, including the develop-
ment of different methods to quantify and improve fingerprint-
ing [22-26]. The ability of functional connectivity to act as
individual fingerprints has also been confirmed with electroen-
cephalogram (EEG) [27] and magnetoencephalogram (MEG)
data [28, 29].

Functional networks or its dynamic variants are not the only
tools for analyzing brain dynamics or fingerprinting individ-
uals. One way to analyze fMRI or other multidimensional
time series data from the brain is to infer dynamics of discrete
states. Each state may correspond to a particular functional net-
work [13, 15, 30-33] or a spatial activation pattern [17, 34, 35],
and the transition from one state to another may correspond
to a regime shift in the brain. Energy landscape analysis is
a method to characterize brain dynamics as a movement of
a stochastic ball constrained on an energy landscape inferred
from the data [36-38]. Quantifications of the estimated energy
landscapes such as the height of the barrier between two lo-
cal minima of the energy allow intuitive interpretations; a lo-
cal minimum of the energy is a particular spatial activity pat-
tern and defines a discrete brain state. A high barrier between
two local minima implies that it is difficult for the brain dy-
namics to transit between the two local minima. Indices from
energy landscape analysis have been shown to be associated
with behavior of healthy individuals in a test of bistable visual
perception task [37, 39], executive function [40], fluid intel-
ligence [41], healthy aging [42], autism [43], Alzheimer dis-
ease [44], schizophrenia [45, 46], attention deficit hyperactivity
disorder [47], and epilepsy [48].

These successful applications of energy landscape analysis
are likely to owe to advantages of the method compared to other
related methods such as functional network analysis and hid-
den Markov models. For example, with energy landscape anal-

ysis, one can borrow concepts and computational tools from
statistical physics of spin systems to quantify the ease of state
transition by the energy barrier [38] and complexity of the dy-
namics by different phases (e.g., spin-glass phase) and suscep-
tibility indices [41]. In addition, each network state is by def-
inition a binary activity pattern among a pre-specified set of
regions of interest (ROIs) and therefore relatively easy to in-
terpret. Despite its expanding applications, the validity of the
energy landscape analysis has not been extensively studied ex-
cept that one can measure the accuracy of fit of the model to
the given data [38, 49-52]. A high accuracy of fit does not
imply that the estimated energy landscape is a reliable finger-
print for individuals. In fact, if fMRI data are nonstationary,
an energy landscape estimated for the same individual in two
time windows may be substantially different from each other,
whereas the accuracy of fit may be high in both time windows.
Furthermore, the original energy landscape analysis method re-
quires pooling of fMRI data from different individuals unless
the number of regions of interest (ROIs) to be used is relatively
small (e.g., 7) or the scanning session is extremely long. This is
because the method is relatively data hungry [38]. The concept
of individual fingerprinting is unclear when pooling of data is
necessary.

The present study is a precursor to being able to assess indi-
vidual differences. We assess potential utility of energy land-
scape analysis in individual fingerprinting by investigating its
test-retest reliability. Specifically, we ask how much features
of the estimated energy landscapes are reproducible across dif-
ferent sessions from the same individual as opposed to across
sessions belonging to different sets of individuals. We hypothe-
size that test-retest reliability is higher between sessions for the
same individual than between sessions for different individuals.
Code for computing energy landscapes with the conventional
and Bayesian methods is available on Github [53].

2. Methods

2.1. Midnight Scan Club data

We primarily use the fMRI data in the Midnight Scan Club
(MSC) data set [22]. MSC data set contains five hours of
resting-state fMRI data in total recorded from each of the 10
healthy human adults across 10 consecutive nights. A resting-
state fMRI scanning section lasted for 30 minutes and yielded
818 volumes. Imaging was performed with a Siemens TRIO 3T
MRI scanner using an echo planar imaging (EPI) sequence (TR
= 2.2 s, TE = 27 ms, flip angle = 90°, voxel size = 4 mm x 4
mm X 4 mm, 36 slices).

The original paper reported that the eighth participant (i.e.,
MSCO08) fell asleep, showed frequent and prolonged eye clo-
sures, and had systematically large head motion, resulting in
much less reliable data than those obtained from the other par-
ticipants [22]. We also noticed that the accuracy of fitting the
energy landscape, which we will explain in section 2.4, fluc-
tuated considerably across the different sessions for the tenth
participant (i.e., MSC10), suggesting unstable quality of the
MSC10’s data across sessions. Therefore, we excluded MSCO08
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and MSC10 from the analysis.

We used SPM12 (http://www.fil.ion.ucl.ac.uk/spm) to pre-
process the resting-state fMRI data as follows: we first con-
ducted realignment, unwraping, slice-timing correction, and
normalization to a standard template (ICBM 152); then, we
performed regression analyses to remove the effects of head
motion, white matter signals, and cerebrospinal fluid signals; fi-
nally, we conducted band-pass temporal filtering (0.01-0.1 Hz).

We determined the ROIs of the whole-brain network using
an atlas with 264 spherical ROIs whose coordinates were set
in a previous study [54]. We then removed 50 ROIs labelled
‘uncertain’ or ‘subcortical’, which left us with 214 ROIs. The
214 ROIs were labeled either of the nine functionally different
brain networks, i.e., auditory network, dorsal attention network
(DAN), ventral attention network (VAN), cingulo-opercular
network (CON), default mode network (DMN), fronto-parietal
network (FPN), salience network (SAN), somatosensory and
motor network (SMN), or visual network. We merged the DAN,
VAN, and CON into an attention network (ATN) to reduce the
number of observables from nine to seven, as we did in our pre-
vious study [43]. This is due to the relatively short length of the
data and the fact that energy landscape analysis requires suffi-
ciently long data sets if working with 9 observables. In fact, the
DAN, VAN, and CON are considered to be responsible for simi-
lar attention-related cognitive activity [54], justifying the merge
of the three systems into the ATN. We call the obtained N =7
dimensional time series of the fMRI signal the whole-brain net-
work. We calculated the fMRI signal for each of the seven net-
works (i.e., ATN, auditory network, DMN, FPN, SAN, SMN,
and visual network) by averaging the fMRI signal over the vol-
umes in the sphere of radius 4 mm in the ROI and over all ROIs
belonging to the network.

In addition to the whole-brain network, we used a separate
30-ROI coordinate system [55] and determined the multi-ROI
DMN and CON. We used a different parcellation system for the
DMN and CON than the 264-ROI system used for the whole-
brain network. It is because the former (i.e., 30-ROI) coordinate
system provides much fewer ROIs for the DMN and CON than
the 264-ROI system does, which is convenient for energy land-
scape analysis. The original study identified 12 and 7 ROIs for
the DMN and CON, respectively [55]. To reduce the dimension
of the DMN, we averaged over each pair of the symmetrically
located right- and left-hemisphere ROIs in the DMN into one
observable. The symmetrized DMN, which we simply call the
DMN, has eight ROIs because four ROIs (i.e., amPFC, vmPFC,
pCC, and retro splen) in the original DMN are almost on the
midline and therefore have not undergone the averaging be-
tween the right- and left-hemisphere ROIs [42]. For the CON,
we used the original seven ROIs as the observables. Note that
the whole-brain network contains the DMN and CON as single
observables, whereas the DMN and CON we are introducing
here are themselves systems containing N = 8and N = 7
observables, respectively.

We denote the fMRI signal for the ith ROI at time ¢ by x!
(i = 1,...,N;t = 1,...,tmax), where N is the number of
ROIs, and 4« is the number of time points. We then re-
moved the global signals and transformed the signals into their

o st (ot
z-values using z! = (!

Y —m')/s', where m' and s’ represent
the mean and standard deviation, respectively, of xf over the V
ROIs at time ¢; m! is the global signal [56]. The global signal in
resting-state functional MRI data is considered to be dominated
by physiological noise mainly originating from the respiratory,
scanner-related, and motion-related artifacts. Global signal re-
moval improves various quality-control metrics, enhances the
anatomical specificity of functional-connectivity patterns, and
can increase the behavioral variance [57, 58]. The same or sim-
ilar global signal removal was carried out in previous energy
landscape studies [41, 42].

2.2. Human Connectome Project data

For validation, we also analyzed fMRI data that were
recorded from healthy human participants and shared as the
S1200 data in the Human Connectome Project (HCP) [59].
In the data set, 1200 adults between 22-35 years old under-
went four sessions of 15-min EPI sequence with a 3T Siemens
Connectome-Skyra (TR = 0.72 s, TE = 33.1 ms, 72 slices,
2.0 mm isotropic, field of view (FOV) = 208 x 180 mm) and
a T1-weighted sequence (TR = 2.4 s, TE = 2.14 ms, 0.7 mm
isotropic, FOV = 224 x 224 mm). Here, we limited our analy-
sis to those included in the 100 unrelated participant subset re-
leased by the HCP. We confirmed that all these 100 participants
were among the subset of participants who completed diffusion
weighted MRI as well as two resting-state fMRI scans.

The resting-state fMRI data of each participant are composed
of two sessions, and each session is broken down into a Left-
Right (LR) and Right-Left (RL) phases. We used data from
participants with at least 1150 volumes in each of the four ses-
sions after removing volumes with motion artifacts, which left
us with 87 participants. For the 87 participants, we first re-
moved the volumes with motion artifacts. Then, we used the
last 1150 volumes in each session to remove possible effects of
transient.

We used independent component analysis (ICA) to remove
nuisance and motion signals [60]. Furthermore, any volumes
with frame displacement greater than 0.2 mm [61] were ex-
cised [62] because the ICA-FIX pipeline has been found not to
fully remove motion-related artifacts [63, 64]. We standardized
each voxel by subtracting the temporal mean. Lastly, global
signal regression of the same form as that for the MSC data
(see section 2.1) was used for removing remaining noise.

In each volume, we averaged the fMRI signal over all the
voxels within each ROI of the AAL atlas [65]. Note that this
atlas is composed of 116 ROIs. Then, we mapped each cortical
ROI to either of the parcellation scheme from the Schaefer-100
atlas [66]. System assignment was based on minimizing the
Euclidian distance from the centroid of an ROI in the AAL to
the corresponding centroid of an ROI in the Schaefer atlas. We
removed 42 ROIs labeled ‘subcortical’ or ‘cerebellar’, which
left us with 74 ROIs. These 74 ROIs were labelled either of
the N = 7 functionally different brain networks: control net-
work, DMN, DAN, limbic network, salience/ventral attention
network, somatomotor network, and visual network, altogether
defining a whole-brain network.
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2.3. Fitting of the pairwise maximum entropy model

To carry out energy landscape analysis, we fit the pairwise
maximum entropy model (MEM), also known as the Ising
model, to the preprocessed fMRI data in essentially the same
manner as in previous studies [38, 67].

For each session, we first binarized zf for each ¢th ROI (with
i€ {l,...,N}) and time ¢ (with ¢ € {1,...,tmax}) using a
threshold that we set to the time average of z{. A computational
study showed that binarization did not affect important infor-
mation contained in originally continuous brain signals [68].
We denote the binarized signal at the ith ROI and time ¢ by
o!, which is either +1 or —1 corresponding to whether z! is
larger or smaller than the threshold, respectively. The activity
pattern of the entire network at time ¢ is described by the N-
dimensional vector

Vi=lot,...,o] € {-1,1}". (1)

It should be noted that there are 2V activity patterns in total,
enumerated as V7, ..., Von. The empirical mean activity at the
1th ROl is denoted by

1 tmax

(0;) = at. )
1

tIIlaX t=

The empirical mean pairwise joint activation for the ¢th and jth
ROIs is defined by

1
— > _ 00} 3)

The pairwise MEM maximizes the entropy of the distribu-
tion of activity patterns under the condition that (o;) and (o;0;)
(with 1 < ¢ < j < N) are the same between the estimated
model and the empirical data. The resulting probability distri-
bution of activity pattern V' = [o1, ..., oy], denoted by P(V),
obeys the Boltzmann distribution [69] given by

e_E(V)

P(V) )

= 2N _E(V, b
Ek:le (Vi)

where E(V) represents the energy of activity pattern V' given
by

N 1 N N
E(V) = — Zhiai — 5 ZZJZ‘J‘O'Z‘U]‘- 5
i=1

i=1j=1

In Eq. (5), the fitting parameter h; represents the tendency for
the ¢th ROI to be active (i.e., o; = +1), and J;; quantifies the
pairwise interaction between the ith and jth ROIs.

We denote the mean activity and mean pairwise activity from
the estimated model by (0;)m and (0;0;)m, respectively. By
definition, we obtain

(Oi)m =Y 0 (Vi) P(Vi) 6)
k=1

and
2N
(0i0)m = > _ 03(Vi)oj (Vi) P(Vi). (7)
k=1

We calculated h; and J;; by iteratively adjusting (o;)m and
(0i0;)m towards the empirically values, i.e., (¢;) and (c;0;),
respectively, using a gradient ascent algorithm. The iteration
scheme is given by

R = 19 + elog <<”1>'> ®)
0i)m
and
0;0;

where superscript new and old represent the values after and
before a single updating step, respectively, and € is the learning
rate. We set e = 0.2.

2.4. Accuracy of fit

We evaluated the accuracy of fit of the pairwise MEM to the
given fMRI data [38, 42, 50]. The accuracy index is given by

Dy —Dy

T (10)
where
2N
Py (Vi)
D, = Px (Vi) 1o 11
4 ; N( k) g2 PZ(Vk) ( )

is the Kullback-Leibler divergence between the probability dis-
tribution of the activity pattern in the ¢th-order (¢ = 1,2) MEM,
P;(V'), and the empirical probability distribution of the activity
pattern, denoted by Py (V). Note that P>(V') is equivalent to
P(V) given by Egs. (4) and (5). The first-order, or independent,
MEM (i.e., £ = 1) is Eq. (4) without interaction terms, that is,
Jij = 0Vi,j in Eq. (5). We obtain 7p = 1 when the pairwise
MEM perfectly fits the empirical distribution of the activity pat-
tern, and rp = 0 when the pairwise MEM does not fit the data
any better than the independent MEM.

To assess the dependency of rp on the number of sessions
to be concatenated for the estimation of the pairwise MEM, m,
the network (i.e., whole-brain, DMN, or CON), and the type of
concatenation (i.e., within-participant or between-participant),
we examined the multivariate linear regression model given by

rp = Bo + Bim + Balyhole + B3lcon + Balwitmin.  (12)

In Eq. (12), Sy is the intercept, dummy variable Iyl is equal
to 1 for the whole-brain network and O for the other two net-
works, Icon is equal to 1 for the CON, and 0 for the other
two networks, and Iinin 1S equal to 1 for the within-participant
comparison and O for the across-participant comparison.
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2.5. Bayesian approximation method

The pairwise MEM and the subsequent energy landscape
analysis have mostly been restricted to analysis of group-level
data. This is because the methods in its original form are data-
hungry, requiring concatenation of fMRI signals from different
individuals. If there are sufficiently many or long sessions of
fMRI data from a single participant, as in the present study, one
can only concatenate the data from the same participant and
thus avoid group-level energy landscape analysis. However,
fMRI data from a single participant are more often than not
too short to allow individual-level energy landscape analysis.
In addition, the length of fMRI data, ¢,,,x, that is necessary for
reliably estimating the pairwise MEM with /N nodes is roughly
proportional to the number of states, 2 [38]. To overcome
this problem and obtain the energy landscape for each individ-
ual, we employed a recently developed variational Bayes ap-
proximation method for estimating the pairwise MEM [40, 70],
which runs as follows.

We denote by S,, the N-dimensional time series obtained
from an nth session of fMRI. Different fMRI sessions typically
originate from different participants in the same group (e.g.,
control group). We denote the number of sessions available by
D. Let S be the concatenated data, i.e.,

S=ul_S,. (13)

The variational Bayes approximation method estimates a pair-
wise MEM for each S,, (withn € {1,...,D}).

This method introduces a prior distribution for
the set of session-specific model parameters, 6, =
(h17h27~-~7hN;J12aJ137~--;JNfl,N) € RM, where
n € {1,...,D}and M = N(N + 1)/2. We give the prior
distribution for

O =[60y,...,0p] (14)
by
D M
pOln. ) =[] T] »@nre N (oar, 1anr)), (15
n=1M’'=1

where p(z| N (u,0?)) represents the probability density of x
obeying the one-dimensional normal distribution with mean
and variance equal to u and o2, respectively. Here, n =
(M, .-, 77M)T € RM is the prior mean vector, o =
(o1,...,an)" € RY is the prior precision vector, and ' rep-
resents the transposition. In Eq. (15), we have assumed that the
signals from all the D sessions are mutually independent.

Now, we derive the posterior distribution of ©. It is in-
tractable to derive the posterior because the normal distribution
is not the conjugate prior for the Boltzmann distribution. There-
fore, we use a variational approximation to the posterior [71]
using the normal distribution as follows:

D M
Q(@|Sa77704) = H H p(enlw’p\/—(/JnM’)1/ﬁnM’))- (16)

n=1M'=1

. 7#71M)—r S R]W and ﬁn =
,Bnm) " € RY, which are the posterior mean vector

We write g, = (fn1,-.
(Bn1, - - -

and the posterior precision vector for session n € {1,..., D},
respectively. One obtains the variational approximate solu-
tion for distribution ¢ by optimizing the evidence lower bound
(ELBO), also called the free energy [40, 70]. By maximizing
the free energy with respect to ¢, we have the posterior mean
and precision vectors in terms of the prior mean and precision
vectors as follows:

M = T+ tmaXA;,la(<5n> —(0)n); (17

6n = o+ tmaxcn7 (18)
where

Apa = diag(a) 4 tmaxCy, (19)

and diag(-) represents the diagonal matrix whose entries
are given by the arguments. In Eq. (17), {(Gn,) =
((o1),...,(oN), (0102), (0103),...,(on_10N)) T is the vec-
tor composed of the empirical mean activity and empirical
pairwise joint activation; (&), is the model mean of 7, =
(0‘1, 09,...,0N,0102,0103, ... ,UN,loN)T when the model
parameters (hq, ha, ..., hn,J12,J13, ..., Nv_1,N) are given
by ; C,; = Cov,(dy,) is the covariance matrix of &, when
the model is given by 1. In Eq. (18), ¢y, is the vector composed
of the diagonal element of C,,. In other words, the ith element
of ¢y, is the variance of the ¢th element of 7,, under parameters
7.

Now, we fix ¢ and maximize the free energy with respect to
and a to obtain the equations for updating 17 and « as follows:

1 D
e = B;unm, (20)
1 & , 1]
o = [D;{(pww) +WH (21)

where M’ € {1,...,M}.

Thus, we have updated the posterior distribution 6,5,/ ~
N (pnnrrs 1/ Brarr ), m € {1,...,D}, M" € {1,..., M} using
the prior distribution 0,5, ~ N (9, 1/ ), and then up-
dated the prior distribution using the new posterior distribution.
We summarize the steps of the variational Bayes approximation
method as follows:

1. Initialize the hyperparameters by independently drawing
each nyp (with M’ € {1,..., M}) from the normal dis-
tribution with mean 0 and standard deviation 0.1. We also
set the first N entries of the prior precision vector o,
corresponding to h;, i € {1,...,N}, to 6, and set the
remaining M — N entries of « corresponding to J;;,
1<i<j<N,to30.

2. Calculate the posterior mean vector and posterior precision
vector for each n € {1,..., D} using Egs. (17) and (18).

3. Update the prior mean vector, n = (11,...,m) ", and
the prior precision vector, &« = (ay,...,ap) ", using
Egs. (20) and (21).

ELBO(iter)
4. If ELBO(iterefl) -

erwise, we return to step 2. Here, ELBO(iter) represents
the ELBO value after ‘iter’ iterations of steps 2 and 3.

1| < 1078, we stop the iteration. Oth-
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Figure 1: Schematic of a disconnectivity graph showing the relationships be-
tween the activity patterns that are energy local minima. The arrow indicates
the height of the energy barrier between local minima 1 and 2 from the view-
point of 7.

2.6. Energy landscape and disconnectivity graph

Once we have estimated the pairwise MEM, we calculated
the energy landscape [36-38, 42]. The energy landscape is de-
fined as a network with 2%V nodes in which each node is an
activity pattern. We first constructed a dendrogram called the
disconnectivity graph. We show a hypothetical disconnectivity
graph in Fig. 1. See Appendix A 5 for visualization of a real
disconnectivity graph and its randomized counterpart. In the
disconnectivity graph, a leaf corresponds to an activity pattern
Vi that is a local minimum of the energy. There are four local
minima in the disconnectivity graph shown in Fig. 1. The ver-
tical position of the leaf represents the energy value of the local
minimum. A low energy value corresponds to a high frequency
of appearance through Eq. (5). For example, in Fig. 1, activ-
ity pattern ~y; is the one that appears with the highest frequency
among all the 2V activity patterns.

By definition, activity pattern Vj is a local minimum of en-
ergy if and only if V}, appears more frequently (thus has a lower
energy) than any other activity pattern adjacent to V. Two
activity patterns are defined to be adjacent in the network of
activity patterns if and only if they have the opposite activity
o; € {—1,1} for just one 7. Note that the network of activ-
ity patterns is the hypercube composed of 2V nodes in which
each node representing an activity pattern is adjacent to N other
nodes. To obtain the disconnectivity graph, we first enumerate
the local minima. Then, for each pair of local minima v and
~', we determine the smallest energy value Eyy, that a path con-
necting v and +’ needs to go through as follows. There may
be various paths connecting v and +/. Then, we sequentially
remove nodes in the descending order of the energy until there
is no path connecting v and +’. The energy of the node that we
have removed the last is the Ey, value for v and ~'. The hor-
izontal dashed line in Fig. 1 indicates the EYj, value (= 0.69)

for the pair of local minima v; and ~». The difference between
FE1, and the energy at the local minimum represents the energy
barrier that the dynamics of the brain have to overcome to reach
from one local minima to the other. In Fig. 1, the energy bar-
rier between ; and v, from the viewpoint of v is 0.64, which
is indicated by the double-headed arrow. The disconnectivity
graph shows FEyy, and the energy barrier values for all pairs of
the local minima.

2.7. Measures of discrepancy

To assess within-participant test-retest reliability of energy
landscape analysis, we compared two energy landscapes that
we separately estimated for two sets of fMRI data, which were
in different sessions for the same participant or obtained from
different participants. We decided to make within-participant
versus between-participant comparisons because a successful
individual fingerprinting requires that the within-participant
test-retest reliability is high enough, whose examination re-
quires a baseline. Higher within-participant test-retest reliabil-
ity than between-participant one implies that the energy land-
scape analysis provides reliable fingerprints for individuals. To
analyze test-retest reliability, we measured the following four
indices of the discrepancy between the two energy landscapes.

2.7.1. Discrepancy in terms of the interaction strength

The energy landscape is primarily a function of
{Jij}ijeqr,...,ny because {hi,...,hy} tend to take val-
ues close to 0 if we set our threshold to binarize z! such that
the fraction of o; = —1 and that of o; = 1 is not heavily
imbalanced [41]. Therefore, we measured the discrepancy
between two energy landscapes in terms of the estimated
{Ji;}. We define the discrepancy using the Frobenius distance
as follows:

dy = J(1 2

22
N =T . @
’Llj 1+1

where J(1) = (Ji(jl)) and J® = (Ji(f)) denote the pairwise
interaction matrices according to the pairwise MEM estimated
for the first and second data sets, respectively.

2.7.2. Discrepancy in terms of the activity patterns at the
local minima of the energy

A local minimum of the energy landscape is locally the most
frequent activity pattern. We compared the location of the local
minima in the two energy landscapes by calculating the Ham-
ming distance between the activity patterns at the local minima
from the first energy landscape and those from the second en-
ergy landscape as follows.

First, we assumed that minor local minima characterized by
low energy barriers with other local minima did not play impor-
tant roles because the brain state would stay near such shallow
local minima only briefly. Therefore, we started by removing
minor local minima of the energy as follows. We generated
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N random binary time series of length 4¢,,,,x by independently
drawing the N X 4t,,,x binary numbers, i.e., —1 or +1, with the
same probability (i.e., 0.5). The multiplication factor was set at
4 because we mainly analyzed energy landscapes of the empir-
ical fMRI data with ¢,,,, volumes that were concatenated over
four sessions. Then, we inferred the pairwise MEM for the gen-
erated random binary time series and calculated the maximum
length of the branch in the disconnectivity graph. A branch
corresponds to a local minimum of the energy landscape. We
define the branch length for local minimum ~ by the smallest
value of the energy barrier between v and another local mini-
mum " among all local minima +'(# ). In the disconnectivity
graph shown in Fig. 1, the branch length for 7; is the length of
the arrow. We claim that the energy landscape estimated for
the random binary time series, including the number and depth
of its local minima, does not have functional meanings. There-
fore, in an energy landscape estimated for the empirical data,
the local minima whose branch length is comparable with the
maximum branch length for the random binary time series are
not important.

To implement this idea, we generated random binary time
series, inferred the energy landscape, computed its maximum
branch length, and repeated all these steps 100 times. We de-
note the average and standard deviation of the maximum branch
length on the basis of the 100 random binary time series by
i’ and o’, respectively. We then identified the local minimum
with the shortest branch length in the original disconnectivity
graph. We removed that local minimum as being significant if
its branch was shorter than p’ + 20’. If we removed this lo-
cal minimum, we recomputed the branch length of each local
minimum whose branch had merged with the removed branch.
Then, if the shortest branch was shorter than p/ + 207, we re-
moved the branch and repeated these steps until all the local
minima have branches whose length is at least u’ + 20’. We
refer to the local minima that survive this test as major local
minima.

We denote the activity patterns at the major local minima
of the first energy landscape by ‘71(1), , V#l), where m;
is the number of the major local minima in the first energy
landscape. Similarly, we denote the activity patterns at the
major local minima of the second energy landscape by V(2),
- ‘77%22) To examine similarity between {‘71(1), .. (1)} and
{‘71(2)7 ceey Vygi)}, we need to match the major local minima
between the two energy landscapes. To this end, we assume

without loss of generality that m; < mo and pair each ffg(l)

(with £ € {1,...,my}) with a V? (with ¢/ € {1,...,my})
under the condition that different %(1),5 are not matched to
the same ‘71(,2). We call the obtained correspondence between
{‘71(1), ce Vn(lll)} and {‘71(2), . (2)} a matching. Figure 2
describes how to match between the local minima of two en-
ergy landscapes.

Note that mo — m4 major local minima in the second energy
landscape are not matched to any major local minimum in the
first energy landscape. We quantify the quality of a matching

o g o e e e e

AV VD) =6, da (VD V) =7, dp(VO, VD) =4, dy =5.67

.

AV vy =1, dy (VO vy =0, ab(VO, VD) =1 dy = 0.67

dg(VO V) =1, dig(VO, 72 =0, dg(V 0, VD) =3, dy =1.33

Figure 2: Schematic diagram describing how to match the local minima be-
tween two energy landscapes. In this example, there are three and four lo-
cal minima in the first and second energy landscapes, respectlvely With the
first matching given by {(\71(1)7 171<2)), (\72(1)7 f/<2 ), (V(l) V )} we ob-
tain dy = 5.67. We calculate dy for all the posmble 24 matchmgs The
smallest dy value is 0.67. We adopt the matching that minimizes dy, i.e.,

{72, (D, v, (7, vy

by
Zd’ ( v ,f/p((>) (23)

where V(( 2) is the activity pattern at the major local minimum

paired with Ve(l) in the considered matching; dj; is the Ham-

ming distance between the /V-dimensional binary vectors f/[(l)

and 17:(22), i.e., the number of ROIs whose binary activity (i.e.,

o; = —1 or +1) is opposite between \N/e(l) and V((ze)) We cal-
culate dy for all the possible matchings and select the one that
minimizes dy, which we simply refer to as dy hereafter. A
small dy value implies that the two energy landscapes are simi-

lar in terms of the activity patterns at the local minima of energy.

2.7.3. Discrepancy in terms of the activity patterns aver-
aged over the attractive basin

Brain dynamics tend to visit local minima of the energy land-
scape but also fluctuate around it. Therefore, we addition-
ally measured a distance between the two energy landscapes in
terms of the activity patterns averaged over the attractive basin
of local minima as follows.

Consider a major local minimum of the first energy land-
scape, ‘72(1). The attractive basin of %(1) is a set of activity

patterns. By definition, V' is in the attractive basin of %(1) if
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and only if the gradient-descent walk starting from V' eventu-
ally reaches %(1). The gradient-descent walk on the set of ac-
tivity patterns is defined by a series of moves from an activity
pattern to another such that the move from V' is allowed only
when the next activity pattern is the one that attains the small-
est energy (i.e., largest probability of appearance) among the
neighbors of V. Intuitively, if we release a ball at V, the ball
following the gradient moves on the energy landscape until it
reaches ‘7@(1) and stops there if there is no dynamical noise.
We calculate the average of the activity patterns within the
attractive basin of %(1), which we denote by ugl). Note that

ugl) is an N-dimensional vector, which we assume to be a col-
umn vector, whose ith entry is the average of o; € {—1, 1} over

all the activity patterns in the attractive basin of f/l(l).

Similarly, denote by ué?) the average of the activity patterns

in the attractive basin of ‘713(,2) in the second energy landscape.
(2)

Then, we calculate the cosine distance between uﬁl) and u,,
given by
HT, (2)
’ @\ _ 1 W Uy
dbasin (ué ) Uy ) =1 H (l)H H ) ’7 (24)
u,; || ||y

U
basin

indi-

where || || denotes the Euclidean norm of the vector. The d

value ranges between 0 and 2. A small value of df
(1) (

cates a stronger alignment between u, ’ and u;). For a given
matching p, we then define

1
dhsin = 2> i (). @29)
(=1

which quantifies overall discrepancy between the two energy
landscapes in terms of the average activity pattern in the at-
tractive basin of the local minimum. We calculate dp,gin
for all the possible matchings between {\71(1), A 17,533} and
{‘71(2), e 177222)} and adopt the smallest value, which we also
refer to as dp,sin for simplicity. In a majority of cases, the best
matching determined by the minimization of dy and that deter-
mined by the minimization of dy.s, are the same. However,
they are sometimes different from each other.

2.7.4. Discrepancy in terms of the branch length

As a fourth measure to characterize energy landscapes, we
quantified the ease with which the activity pattern switches
from one major local minimum to another. We call it the nor-
malized branch length. Then, we compared the normalized
branch length between two energy landscapes.

We compute the normalized branch length as follows. We
first calculate the length of the branch corresponding to each
major local minimum -y as the difference between the energy
value of v and the smallest energy value at which v joins the
branch of another major local minimum on the disconnectivity
graph. The calculated branch length quantifies the difficulty of
transitioning from + to another local minimum.

We assume that there are m; and me major local minima
from the first and second energy landscapes, respectively. We
denote by L") and L(® the average of the branch length over
the m; corresponding branches in the first energy landscape and
over the mo branches in the second energy landscape, respec-
tively. Then, we define the normalized branch length difference
between the two energy landscapes by

’L(l) — L(2)|
= 26
max(L0), L) (26)

2.8. Nonparametric statistical analysis

We examine whether the energy landscapes estimated from
different fMRI data from the same participants are more simi-
lar to each other than the energy landscapes estimated for two
different groups of participants. We argue that, if the energy
landscape analysis is useful, the energy landscapes estimated
from the same participants should be closer to each other than
the energy landscapes estimated from different participants.

First, we consider the MSC data with the conventional likeli-
hood maximization method, for which we need to concatenate
fMRI data over sessions to estimate one energy landscape with
a reasonably high accuracy. For expository purposes, we con-
sider one of the four discrepancy measures, say, d;. We also
focus on the pth participant. We first calculate d_; between J (1)
and J@, where we estimate J() for the fMRI data concate-
nated over four sessions that are uniformly randomly selected
out of the ten sessions, s € {1,...,10}, and J@) from the
fMRI data concatenated over another uniformly randomly se-
lected four sessions. We impose that the second set of four
sessions does not overlap with the first set. Note that we use
eight out of ten randomly selected sessions to calculate one d ;
value. We repeat this procedure ten times to obtain ten values
of d s for the pth participant. By calculating ten values of d ; for
each of the eight participants, i.e.,p € {1,...,7,9}, we obtain
8 x 10 = 80 values of d;. We denote the average of the 80
values of d; by d; (see Fig. 3(a)).

Next, we calculate dj, with J &) being estimated for the
fMRI data concatenated over the sth sessions of four partici-
pants that are uniformly randomly selected out of the eight par-
ticipants, and J () from the fMRI data concatenated over the
sth sessions of the other four participants. We repeat this pro-
cedure ten times to obtain ten values of d; for the sth session.
By calculating the ten values of d ; for each of the ten sessions,
ie.,s€{1,...,10}, we obtain 10x 10 = 100 values of d ;. We
denote the average of the 100 values of d ; by ds (see Fig. 3(a)).

Second, we consider the case in which we do not need to con-
catenate fMRI data before estimating an energy landscape. We
again consider d; as an example. We first calculate d ; between
JM and J?), where J@) i = {1, 2}, is estimated for two ses-
sions s and s’ (# s) for a participant p. It should be noted that
s,s € {1,...,10} and p € {1,...,7,9} for the MSC data,
and s,s" € {1,...,4} and p € {1,...,87} for the HCP data.
By exhausting all pairs (s, s’), we compute ny values of d,
where n; = 10x9/2 = 45 and n; = 4 x 3/2 = 6 for the MSC
and HCP data, respectively, for each participant. We denote by
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d; the average of the 8ny or 87n; values of d; for the MSC
or HCP data, respectively, which originate from all pairs (s, s’)
and all participants.

Next, we calculate d 7, with J1) and J( being estimated
for the sth session for two different participants p and p’
(# p), where p,p’ € {1,...,7,9} for the MSC data and
p,p) € {1,...,87} for the. HCP data. By exhausting all
pairs of participants (p, p’), we compute ny values of d 7, where
ng =8 X 7/2 = 28 and ny = 87 x 86/2 = 3741 for the MSC
and HCP data, respectively, for each session. We denote by d»
the average of the 10ny or 4no values of d; for the MSC or
HCP data, respectively.

We define ND = dy/d;; ND is named after normalized dis-
tance [72, 73]. If energy landscapes are more similar between
different sets of sessions from the same participant (i.e., within-
participant comparison) than between those from different par-
ticipants (i.e., between-participant comparison), the ND value
will be larger than 1. In this case, we regard that the energy
landscape analysis bears high within-participant test-retest re-
liability. In contrast, if the energy landscape from the same
participant is not particularly reliable across sessions, the ND
will be close to 1.

To statistically examine whether ND is sufficiently larger
than 1, we run a nonparametric permutation test, which is an
adaptation of the same test in different studies [72, 73]. The
steps of the permutation test based on the ND are as follows.
Here we use d; to explain the steps. See Fig. 3(b) for a
schematic of randomized MSC data.

1. Consider the binarized N-dimensional fMRI time series
data for each of the eight participants and each of the ten
sessions.

2. Uniformly randomly permute the 80 participant-session
pairs in the case of the MSC data or 348 (= 87 x 4)
participant-session pairs in the case of the HCP data. Af-
ter the randomization, the fMRI data for the sth session
from the pth participant is the fMRI data for a uniformly
randomly selected session from a uniformly randomly se-
lected participant without replacement.

3. We calculate ND for the randomized data. For the com-
bination of the MSC data and the conventional likelihood
maximization method, this step entails concatenating the
fMRI data over four random sessions from the same par-
ticipant p or over the sth sessions from four random partic-
ipants, estimate the energy landscapes for the concatenated
data, comparing two energy landscapes to calculate d 5, re-
peat this 80 times to obtain d; and 100 times to obtain d,
and compute ND = dy/d;. When the data are not con-
catenated (i.e., the MSC data with the variational Bayes
method or the HCP data with the conventional method),
we calculate d; for each pair of sessions from the same
participant p and take the average to obtain d;. We also
calculate d; for each pair of participants from each ses-
sion s and take the average to obtain ds. Then, we set
ND= dy/d;.

4. Repeat steps (2) and (3) over ¢ random permutations,
where c is a large number. We set ¢ = 103.

5. Calculate the p value, which is the fraction of the random
permutations that yield an ND value larger than that for
the original data.

6. If the p value is significantly small, then we reject the null
hypothesis that d; = ds in the original data. In this case,
we conclude the significant presence of within-participant
test-retest reliability in the energy landscape analysis.

In step 3, we calculate d; and do as the within-participant
and between-participant averages, respectively. However, for
the randomized data, they are statistically the same except that
dy and ds are averages of 80 and 100 values of d ;, respectively
(for the case of the MSC data combined with the conventional
likelihood maximization method). This is because d; calcu-
lated for both d; and d originates from the comparison of the
energy landscape estimated from uniformly randomly selected
four out of the 80 sessions and another uniformly randomly
selected four sessions without overlapping. Therefore, d; and
do have the same mean, and ND is expected to be peaked ap-
proximately at 1. The present permutation test thus evaluates
whether the reliability of the energy landscape analysis across
sessions for the same participant is higher than that across ses-
sions for different participants.

3. Results

3.1. Accuracy of fit of the pairwise MEM

We extracted N ROIs for three brain networks, i.e., the
whole-brain network (N = 7), DMN (N = 8), and CON
(N = 7). For each of them, we estimated the pairwise MEM
for the resting-state fMRI signals obtained from healthy adults
in the MSC data set.

We calculated rp, the accuracy of fit of the pairwise MEM,
for each pair of participant and session. We obtained rp =
69.12 + 6.41% (average =+ standard deviation) for the whole
brain network, rp = 57.97 & 8.94% for the DMN, and rp =
77.65 £ 5.41% for the CON (also see Table 1).

Because the accuracy of fit is not high enough, as is cus-
tomarily done, we concatenated the data across participants or
across sessions, estimated the pairwise MEM, and calculated
rp [37, 38]. Specifically, we concatenated the fMRI data across
m sessions, where m € {2,3,4,5}. The m sessions are from
the same participant but from m different sessions, or have the
same session ID (i.e., s) but from m different participants. We
show in Table 1 the average and standard deviation of rp for
the three networks when we concatenated m € {2, 3,4,5} ses-
sions from the same participant. Table 2 shows the rp values
when we concatenated m sessions from different participants.
In both Tables 1 and 2, as expected, rp increases as m increases
(B1 = 3.09 in Eq. (12); p = 4.60 x 10~?). Furthermore, rp is
larger with the within-participant than across-participant con-
catenation (34 = 3.51in Eq. (12); p = 6.04 x 10~?). The latter
result indicates that the energy landscape estimated through the
within-participant concatenation of the fMRI data is more ac-
curate than that estimated through the between-participant con-
catenation in terms of the accuracy of fit of the pairwise MEM.
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Figure 3: Schematic diagram describing concatenation of the fMRI data across different sessions and calculation of d; and da. (a) For the original data. (b) For
the randomized data. The inference of the energy landscape is based on the data concatenated across four sessions. The same four cells in the table are used for
the concatenation in (a) and (b). However, because of the random permutation, any concatenation in (b) is over four sessions that are selected uniformly at random
from the original data. Therefore, in (b), cl’1 and d’l’ , for example, are statistically the same, and the expectation of d; and that of d2 are the same.

In both Tables 1 and 2, the accuracy for the DMN is substan- 04 (a) 04 M)
tially lower than that for the whole-brain network (52 = 10.34 o
in Eq. (12); p = 1.63 x 107!°) and the CON (33 = 14.31 in . ’ ;
Eq. (12); p = 5.54 x 107'3). This is presumably because the @ “ .
DMN has one more ROI than the whole-brain network and the g0 & g0 L
CON. The accuracy decreases as the number of ROIs increases g 7 =y Ny
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sessions 1-4

0
participants 1-4

In the following analyses, we use concatenation over m = 4
sessions and examine test-retest reliability of the energy land-
scape analysis. Figure 3(a) schematically explains the concate-
nation within each participant and that across participants. With
m = 4, the accuracy of fit is more than 85% except for the
DMN. In general, we are also interested in the test-retest relia-
bility of fMRI data in the case of a relatively low accuracy of fit,
which we test with the DMN. A concatenation over more ses-
sions, such as with m = 5, would further increase the accuracy
of fit (see Tables 1 and 2). Then, however, examining test-retest
reliability may be more difficult because one needs to create
two energy landscapes, preferably from non-overlapping data,
and systematically compare them. In the present study, we use
data obtained from eight participants. Therefore, if m = 5, one
cannot avoid overlapping of the participants if we create two
groups of participants for concatenating the fMRI data. Our
choice of m = 4 balances the accuracy of fit and the tractabil-
ity of the test-retest reliability analysis.

10

Figure 4: Reliability of the interaction strength between two ROIs, J; ;, for
the whole-brain network. (a) Within-participant comparison. We concate-
nated the data for the first participant over four sessions. The horizontal and
vertical axes correspond to the concatenation of sessions 1 to 4 and sessions
5 to 8, respectively. Each circle represents a pair of ¢ and j. (b) Between-
participant comparison. We concatenated the data from the first session over
four participants. The horizontal and vertical axes correspond to the concate-
nation of the first and last four participants, respectively. In both (a) and (b), if
all the circles lay on the diagonal, which we show by the solid lines, then the
discrepancy, d j, would be equal to 0. The d; value is large if the circles tend
to be far from the diagonal.

3.2. Reliability in terms of the interaction strength

We first examined the test-retest reliability of the energy
landscape analysis in terms of the interaction strength param-
eters {.J;;}. We concatenated the fMRI data over the first four
sessions from the pth participant and estimated {J;;} for each
p € {1,2,3,4,5,6,7,9}. Similarly, for each participant p, we
concatenated the data over the next four sessions (i.e., sessions
5 to 8) and estimated {.J;;}. For the whole-brain network, we
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m Whole-brain DMN CON m Whole-brain DMN CON

1 69.12+6.41 57.97£8.94 77.65£5.41 1 69.12+6.41 57.97+£8.94 77.65£5.41
2 81.26+4.36 71.49+5.77 86.26+3.51 2 79.64£3.77 64.71£7.45 84.81+3.68
3 85.97+3.34 76.78£5.30 90.07+2.32 3 83.92+1.96 72.41£4.51 86.66£3.13
4 88.62+3.49 80.80£4.44 92.30£1.70 4 86.36+1.85 73.46+3.59 90.76+2.07
5 90.59+42.45 83.73+4.44 93.50+1.54 5 87.51+1.72 77.7943.23 91.27+1.06

Table 1: Accuracy of fit of the pairwise MEM when we concatenate fMRI
data within the same participant. Each cell represents the accuracy of fit
in percent when we concatenate the fMRI data across sessions from the same
participant. We concatenated data from a given participant over m sessions
and then fitted the pairwise MEM to the concatenated data. With m = 2,
we partitioned the 10 sessions into 5 groups as (1,2), (3,4), (5,6), (7.8), and
(9,10), concatenated the fMRI data within each group and within each partic-
ipant, estimated the energy landscape, and computed the accuracy of fit, rp.
For example, we concatenated the data from the first two scanning sessions
from participant 1, estimated the energy landscape, and computed rp. We did
the same for data from the third and fourth sessions from participant 1, the first
and second sessions from participant 2, for example. With m = 3, we concate-
nated sessions s = 1,2, and 3 from the same participant into one time series,
sessions s = 4, 5 and 6 into one series, and sessions s = 7, 8, and 9 to one se-
ries. With m = 4, we concatenated sessions s = 1, 2, 3, and 4 into one series
and sessions s = 5,6, 7, and 8 into another series. With m = 5, we concate-
nated sessions s = 1,2, 3,4, and 5 into one series and sessions s = 6,7,8,9,
and 10 into another series. The average and standard deviation were computed
across the participants and the different manners to concatenate m sessions per
participant.

show the relationships between J;; estimated for the first four
sessions against that estimated for the next four sessions for the
first participant in Fig. 4(a). Each circle represents J;; for a
pair of ¢ and j. The values of {.J;;} are reasonably consistent
between the first four sessions and the next four sessions (Pear-
son correlation coefficient = 0.850; discrepancy d; = 0.0428).

We instead concatenated the data for a single session over
the first four participants (i.e., p = 1, 2, 3, and 4) and es-
timate {J;;}, did the same for the last four participants (i.e.,
p = 5,6, 7, and 9), and compared the two obtained sets of
{Ji;}. In this manner, we investigated the consistency of the
energy landscape between participants. For the whole-brain
network, we show relationships between {J;; } for the two sets
of participants in the first session in Fig. 4(b). Similar to the
case of Fig. 4(a), the estimated {J;;} was reasonably consis-
tent between the two concatenations, consistent with previous
results with other data [42, 67, 74]. However, the degree of con-
sistency was smaller for the present between-participant com-
parison (Pearson correlation coefficient = 0.773; discrepancy
dj = 0.0493) than the within-comparison comparison. In this
particular example, the estimation of {.J;;} was more consistent
between pairs of sessions from the same participant than those
from different participants.

To examine the generality of this result, we then calculated
dj between the concatenation across sessions 1 to 4 and that
across sessions 5 to 8 from the same participant (i.e., within-
participant comparison). The mean and standard deviation of
dj over the eight participants were equal to d; = 0.0464 £+
0.0082 (mean =+ std) for the whole-brain network. We also cal-
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Table 2: Accuracy of fit of the pairwise MEM when we concatenate fMRI
data across different participants. Each cell represents the accuracy of fit
in percent when we concatenate the fMRI data across sessions from different
participants. We concatenated data from a given session over m participants
and then fitted the pairwise MEM to the concatenated data. With m = 2, we
concatenated the data for the sth session from participants p = 1 and 2 into
one time series, those from participants p = 3 and 4 into another series, those
from participants p = 5 and 6 into another series, and those from participants
p = 7 and 9 into another series. We did this for each s. With m = 3, we
concatenated the data from participants p = 1,2, and 3 into one series and
those from participants p = 4,5, and 6 into another series. With m = 4, we
concatenated the data from participants p = 1, 2, 3, and 4 into one series and
those from participants p = 5, 6, 7, and 9 into another series. With m = 5, we
concatenated the data from participants p = 1,2, 3,4, and 5 into one series.
Note that the results with 7m = 1 shown in this table are identical with those in
Table 1. The average and standard deviation were computed across the sessions
and the different manners to concatenate m participants given the session.

culated d; between the concatenation of the sth section over
the first four participants and that over the last four participants
(i.e., between-participant comparison). The mean and average
of d; for the between-participant comparison over the ten ses-
sions were equal to d; = 0.0527 £ 0.0098. We show these d s
values and those for the DMN and CON in Table 3. The ta-
ble suggests that the energy landscape is apparently somewhat
more similar between different fMRI sessions obtained from
the same participant than between different participants.

To statistically investigate potential differences between the
within-participant and between-participant comparisons, we
carried out the permutation test on d ;. The ND for the whole-
brain network, DMN, and CON were at least 1.3 (see Table 4).
After a random permutation of the participants and sessions,
the ND value was centered around 1 by definition. We show
the distribution of the ND value obtained from ¢ = 103 random
permutations in Fig. 5(a), (b), and (c) for the whole-brain net-
work, DMN, and CON, respectively. We calculated the p value
for the empirical data by contrasting it to the distribution of ND
for the randomized data. We obtained p < 102 for all the three
networks, implying that no random permutation yielded an ND
value larger than that for the empirical data before the random
permutation. These results remained significant after correction
for the multiple comparison present in Table 4 (p < 1.2 x 1072,
Bonferroni corrected). Therefore, we conclude that the esti-
mated parameter values, {J;;}, are significantly more reliable
in the within-participant than between-participant comparison
for the three networks.
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‘Whole-brain

DMN

CON

Within (dy)

Between (d2)

Within (d;)

Between (d2)

Within (d;)

Between (d2)

dy

0.0464+£0.0082

0.0527+£0.0098

0.0448+0.0091

0.0634+£0.0060

0.0432+0.0130

0.0684+0.0110

dy

0.5800+1.0956

0.91254+0.8149

0.5417+0.4777

1.7333£1.0998

0.3854+£0.4606

0.6667+0.3909

dbasin

0.023240.0239

0.0346+0.0329

0.024540.0220

0.0578+0.0245

0.015740.0098

0.0236+0.0121

dr,

0.2852+0.2100

0.352940.1625

0.202240.2366

0.3526£0.3341

0.2281+£0.1679

0.3671+£0.1683

Table 3: Discrepancy between two energy landscapes estimated by the conventional likelihood maximization applied to the MSC data. “Within” and “Between” in
the table stand for within-participant and between-participant comparison, respectively. We computed the average and standard deviation of d; and dg across the

participants and across the sessions, respectively.

Whole-brain DMN CON
4, ND=1.315 ND=1.415 ND=1.580
p <1073 p <1073 p <1073
” ND=1.934 ND=3.200 ND=1.730
p<1073 p <1073 p <1073
o ND=1.491 ND=2.359 ND=1.503
p<1073 p<1073 p=0.003
d; ND=1.237 ND=1.744 ND=1.609
p=0.014 p<1073 p< 1073

Table 4: ND values and the permutation test results for the four discrepancy
measures, calculated with the conventional likelihood maximization applied to
the MSC data. The p values are the uncorrected values.

3.3. Reliability in terms of the activity patterns at the local
minima

As a second index of the consistency between different en-
ergy landscapes, we compared the activity patterns at the lo-
cal minima of the energy landscape between energy landscape
pairs in terms of the Hamming distance, dy. Table 3 indicates
that the average dy is at least 1.6 times larger for the between-
participant than within-participant comparison for the whole-
brain network, DMN, and CON.

The ND value was at least 1.73 for the three networks (see
Table 4). The permutation test yielded p < 1072 for all the
three networks; see Fig. 5(d)—(f) for the distribution of the ND
values for the random permutations. These results altogether
support that the reliability of the energy landscape analysis in
terms of dy is higher within the same participant than between
different participants.

3.4. Reliability in terms of the activity patterns averaged
over the attractive basin

As a third index to characterize the consistency between en-
ergy landscapes, we measured the distance between the average
activity patterns belonging to the attractive basin of a local min-
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imum in one energy landscape and that in another energy land-
scape, i.e., dp,sin- Similarly to the case of d; and dy, we found
that dpasin 1S substantially smaller for the within-participant
than between-participant comparison for the three networks al-
though the standard deviation is not small (see Table 3). It
should be noted that the observed dy.sin, values are close to
0 for both the within-participant and between-participant com-
parisons. This result implies the almost full agreement between
a pair of energy landscapes in terms of the averaged activity
pattern in the attractive basin, even for the between-participant
comparison.

We show in Fig. 5(g)—(i) for the distribution of the ND values
for the random permutations as well as the ND values for the
original energy landscapes. The permutation test yielded p <
10~3 for the whole-brain network and the DMN and p = 0.003
for the CON (Table 4). These results support a significantly
high test-retest reliability of the energy landscape analysis in
terms of dp.sin including the case of the CON after correction
for multiple comparisons across the networks and indices (p =
0.036, Bonferroni corrected).

3.5. Reliability in terms of the branch length

As a last index of consistency of the energy landscape, we
measure the normalized difference in the average branch length
in the disconnectivity graph, dj, between two energy land-
scapes. We found that the average of d; was smaller for the
within-participant than between-participant comparison for the
three networks (see Table 3). The permutation test yielded
p = 0.014 for the whole-brain network, and p < 1073 for
the DMN and CON; see Table 4 and Fig. 5(G)—(1). These results
support a significantly high test-retest reliability of the energy
landscape analysis in terms of dy, for the DMN and CON al-
though the result for the whole-brain network did not survive
correction for multiple comparison (p = 0.17, Bonferroni cor-
rected).

3.6. Accuracy and reliability of the variational Bayes ap-
proximation method

The Bayesian estimation potentially allows us to reliably es-
timate an energy landscape without concatenating fMRI data
across sessions or participants even if a single session is not
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Figure 5: Histogram of ND for the randomized data and the empirical ND
value. The first, second, and third columns of the figure show the distributions
for the whole-brain network, DMN, and CON, respectively. The four rows of
the figure show the distributions for d ; (in (a), (b), and (c)), dy (in (d), (e), and
(1)), dpasin (in (g), (h), and (i)), and dy, (in (j), (k), and (1)), from the top to the
bottom. In each panel, the vertical line indicates the empirical ND value.

long. Therefore, we repeated the same test-retest reliability
analysis on the MSC data with the Bayesian estimation and
without any concatenation.

After running the variational Bayes approximation method to
compute the hyperparameters, we calculated the accuracy of fit,
rp, of the pairwise MEM. We obtained rp = 86.02 + 2.79%,
91.50+3.21%, and 93.51+1.48% for the whole-brain network,
DMN, and CON, respectively. These high accuracy values sup-
port the effectiveness of the method.

We show the mean and standard deviation of the four discrep-
ancy indices for the within-participant and between-participant
comparison in Table 5. For some combinations of the session,
participant, and network, the Bayesian method yielded an en-
ergy landscape with just one local (and hence global) minimum
of the energy. In this case, we set the branch length to be
0. Table 5 suggests that the within-participant consistency of
energy landscape analysis is notably higher than the between-
participant consistency in terms of the four discrepancy mea-
sures although the standard deviation is large. These results are
qualitatively the same as those obtained with the conventional
likelihood maximization method described in sections 3.2-3.5.
However, the discrepancy values are substantially larger with
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the Bayesian method (see Table 5) than the likelihood maxi-
mization method (see Table 3) for both within-participant and
between-participant comparisons with few exceptions.

Table 6 shows the results of the permutation test for the three
networks and four discrepancy measures. We find significantly
higher reliability within the same participant than between dif-
ferent participants in terms of d;, dg and dpasin. In terms of
dr,, the uncorrected p values were smaller than 0.05 but did not
survive the Bonferroni correction for the whole-brain network
and DMN. These results were similar to those for the likeli-
hood maximization method. However, comparison of Tables 4
and 6 reveals that the ND value with the Bayesian method was
smaller than that with the likelihood maximization method for
all the four discrepancy measures and all the three networks.
Therefore, we conclude that the Bayesian method yields sig-
nificantly higher reliability within the same participant than be-
tween different participants in most cases, whereas the relia-
bility is somewhat weaker than in the case of the conventional
likelihood maximization method.

3.7. Validation with the Human Connectome Project data

As a different type of validation, we ran the test-retest reli-
ability analysis for another fMRI data set, HCP data. We used
a whole-brain network with N = 7 ROIs. We calculated the
accuracy of fit, rp, of the pairwise MEM estimated with the
likelihood maximization method to single-session data. We ob-
tained rp = 92.49 £+ 1.99%, where we calculated the aver-
age and standard deviation on the basis of the four sessions per
participant and all the participants. Table 7 shows the mean
and standard deviation of the four discrepancy indices, com-
pared between the within-participant and between-participant
comparison. The results are similar to those for the MSC data.
The ND values for dj, dy, dpasin, and dy, are 1.310, 1.152,
1.249, and 1.152, respectively. The permutation test yielded
p < 1073 for all the four discrepancy indices. These results
confirm significantly higher within-participant than between-
participant test-retest reliability of the energy landscape anal-
ysis with a different data set.

3.8. Permutation test by shuffling the participants within
each session

As another validation, we carried out a different variant of the
permutation test in which we shuffled the participants within
each session; the same shuffling was employed in previous
studies [75, 76]. Most combinations of the discrepancy mea-
sure and the network showed significantly small p values after
the Bonferroni correction for the different data sets and energy
landscape inference methods. (See Appendix B 5 for the de-
tailed methods and results.) This result is similar to the case of
those with our original shuffling method schematically shown
in Fig. 1.
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Whole brain DMN CON
Within (dy) Between (d2) Within (d) Between (d2) Within (d;) Between (d2)
dy 0.2748+0.0693 | 0.3500+£0.0741 | 0.3291+0.1501 | 0.44554+0.1352 | 0.2482+0.0743 | 0.34284+0.0766
dy 1.10384+0.5951 | 1.4910+0.5846 | 1.5439+1.0098 | 2.3617+0.8919 | 0.7881+0.6890 | 1.2365+0.7095
dpasin | 0.0582+0.0305 | 0.0696+0.0272 | 0.03424+0.0262 | 0.043640.0257 | 0.02114+0.0160 | 0.0285+0.0172
dr, 0.3537+0.2076 | 0.37654+0.2066 | 0.5056+0.3198 | 0.5342+0.3120 | 0.261040.2051 | 0.3036+0.2057

Table 5: Discrepancy between two energy landscapes estimated by the variational Bayes method applied to the MSC data. “Within” and “Between” in the table
stand for within-participant and between-participant, respectively. We computed the average and standard deviation of dq and da across the participants and across

the sessions, respectively.

Table 6: ND values and the permutation test results for the four discrepancy
measures, calculated with the variational Bayes method applied to the MSC
data. The p values are the uncorrected values.

4. Discussion

We examined test-retest reliability of the energy landscape
analysis in terms of four indices. For each index, we calcu-
lated a discrepancy in the index value between two estimated
energy landscapes. We then constructed and ran a permu-
tation test on the calculated discrepancy value to statistically
assess whether within-participant comparison of two energy
landscapes yielded a smaller discrepancy value than between-
participant comparison of two energy landscapes. For the two
data sets, we found significant within-participant test-retest re-
liability (i.e., within-participant discrepancy being significantly
smaller than between-participant discrepancy) in most cases.
Furthermore, we found qualitatively the same results for a
Bayesian variant of the energy landscape estimation method
that enables us to estimate an energy landscape for each scan-
ning session, mitigating the data-hungry nature of the original
estimation method.

The accuracy of fit measured by rp was large for the vari-
ational Bayes approximation method (i.e., 86.02, 91.50, and
93.51% on average for the whole-brain network, DMN, and
CON, respectively) although we did not concatenate the fMRI
data across different sessions. These rp values are close to that
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Whole-brain DMN CON Within (dy) Between (d3)
4, ND=1.274 ND=1.354 ND=1.381 dy 0.0784 £ 0.0194 0.1027 + 0.0232
p<1073 p<1073 p<1073 du 0.3145 + 0.4864 0.3623 £ 0.4967
” ND=1.351 ND=1.530 ND=1.569 dbasin 0.0309 + 0.0314 0.0386 + 0.0325
p<1073 p<1073 p<1073 dr, 0.2535 + 0.1619 0.2921 +0.1783
o ND=1.196 | ND=1.275 | ND=1.351 Table 7: Discrepancy between two energy landscapes estimated by the conven-
T p<10® | p<10® | p<io? Betwcen” in the table sand To ki pariipant and hetween prtipunt
| ND=oss | NDoLesT | ND=vags | o Mo et e e sl deio o
p=0.0320 p=0.0230 p<1073

with the conventional likelihood maximization method with
concatenation of four or five sessions (see Tables 1 and 2). The
high accuracy of the variational Bayes method is presumably
due to the fact that the target empirical distribution of activity
patterns, i.e., Py(V;) in Eq. (11), is necessarily different be-
tween the two estimation methods. Specifically, Py (V;) is the
empirical distribution over all sessions for non-Bayesian esti-
mation methods, whereas it is the empirical distribution for one
session for Bayesian methods. We do not ascribe the higher ac-
curacy of fit of the variational Bayes method to overfitting. The
variational Bayes method yields a Boltzmann distribution for
each session. Therefore, it uses M x D parameters, where we
remind that M = N(N + 1)/2 is the number of parameters of
the Boltzmann distribution and D = 80 is the number of ses-
sions. Therefore, it uses D times more parameters than the con-
ventional likelihood maximization method, which uses M pa-
rameters to estimate one Boltzmann distribution. However, the
variational Bayes method needs to produce an accurate Boltz-
mann distribution tailored to a single session to attain a high
rp value, which is not the case for the conventional likelihood
maximization method. In general, the accuracy of the pairwise
MEM simply degrades if the data are shorter (see Tables 1 and
2; also see [38] for a systematic analysis on the effect of the data
length on the accuracy). Our results that the variational Bayes
method yields a higher accuracy of fit and higher consistency
in the within-participant than between-participant comparison
both support that individual-to-individual differences are not
negligible when carrying out energy landscape analysis. While
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such individual differences were a motivation behind the orig-
inal proposals of the Bayesian methods [40, 70], further com-
parisons of Bayesian and non-Bayesian estimation methods as
well as pursuit of biological and medical relevances of energy
landscapes estimated with the Bayesian methods remain future
work.

The significance of the test-retest reliability results obtained
with the permutation test was similar between the likelihood
maximization and variational Bayes methods. However, the
ND values were larger for the likelihood maximization than the
variational Bayes method. As a separate result, the discrep-
ancy indices were overall smaller for the likelihood maximiza-
tion than Bayesian method. The latter two results are in favor
of the likelihood maximization over Bayesian method for re-
alizing high test-retest reliability. However, we point out that
the estimation of an energy landscape for the likelihood maxi-
mization requires concatenation of four sessions, whereas the
Bayesian method avoids concatenation. Assessment of test-
retest reliability for different Bayesian approximation meth-
ods [70] and other approximate estimating methods such as the
pseudo-likelihood maximization [38, 41], including systematic
analysis on the dependence of the results on the data length, is
left as future work.

The intraclass correlation coefficient (ICC) has been widely
used for investigating test-retest reliability in functional con-
nectivity data [21]. We did not use the ICC because our
quantification of the estimated energy landscape was mostly
multidimensional and difficult to fit to an ANOVA or simi-
lar framework based on which most ICC measures are calcu-
lated. Specifically, {J;; }, based on which we calculated d 7, is a
N (N —1)/2-dimensional vector. In addition, we calculated dy
and dp,gin by examining the activity patterns at local minima and
their average over the attractive basin, respectively, in the situa-
tion where the number of the local minima varies in one energy
landscape from another. Therefore, we decided to calculate a
discrepancy measure for each of the four indices between two
energy landscapes and constructed a permutation test to exam-
ine test-retest reliability. We point out that the average branch
length is a scalar characterization of an energy landscape, and
therefore it is straightforward to use conventional ICC measures
if we discard the normalization factor in Eq. (26). See below for
a preliminary analysis of ICCs.

Quantities d; and ds used for defining ND (= dy/d;) are av-
erages over 80 and 100 samples, respectively, of a discrepancy
measure, such as d ;. For the randomized data produced in the
permutation test, averaging over 80 or 100 samples kills fluctu-
ations in individual samples. Therefore, the standard deviations
of dy and dy are small compared to if they were calculated as
averages over fewer samples of randomized data. Then, the
statistical fluctuation of ND is proportionately small such that
ND for the randomized data is centered around 1 with a small
standard deviation, which tends to make the ND for the original
data significantly different from 1. The number of samples for
calculating dy or ds, such as 80 or 100, is our arbitrary choice,
and the statistical significance of the permutation test depends
on the choice of these numbers. This is an important limitation
of our permutation test. However, for the present fMRI data,
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we still obtain qualitatively similar, albeit statistically weaker,
results even without carrying out any averaging. We show in
Appendix C 6 the ND values for the original data and the p val-
ues from the permutation test when d; and ds are a single sam-
ple of a discrepancy measure (e.g., d ). Tables 11 and 12 in-
dicate that three out of the twelve combinations of the network
and the discrepancy measure yield significant p values (i.e., less
than 0.05/12 = 0.00417 uncorrected, considering the Bonfer-
roni correction) for the MSC data when we estimate the energy
landscape by the conventional method and the variational Bayes
method, respectively. Table 13 also suggests that, out of the
four discrepancy measures calculated for the HCP data with the
conventional method, one measure yields a significant p value
(i.e., less than 0.05/4 = 0.0125 uncorrected).

As another stress test, we briefly analyzed three measures of
ICCs although we have already stated why we did not use them
in our main analysis. As mentioned earlier, the average branch
length, used for defining d, is the only scalar characterization
of an energy landscape employed in the present study. There-
fore, we computed the average branch length for the whole-
brain network obtained from each session of the HCP data and
then the first two ICC measures, which are conventional and
take a scalar value for each session as input. The third ICC
measure assumes vector input for each session, so we use the
vectorization of matrix J = (J;;). We show the definition of
the three ICC measures in Appendix D. The ICC value calcu-
lated by a standard method [77] is —0.0115. In general, nega-
tive values of the ICC are interpreted as zero reliability [78, 79].
The between-participant ICC values calculated for the average
branch length by a second method [80] is 0.4542. This value
is reasonably large [80]. We also calculated Ig;¢ [23, 25] as
an ICC measure. We obtained Iq;¢ = 10.13% when the data
for each participant-session pair is {J;;;1 < i < j < N}.
This value is roughly similar to the I4;¢ values for functional
networks obtained from the HCP data in a previous study [23].
The results for the last two ICC measures indicate a moderate
reliability within a single participant relative to across different
participants. In contrast, the first definition of the ICC does not
support this result. Although reasons for the discrepancy are
unclear, we believe that these preliminary results are a step to
in-depth individual-level fingerprinting analyses in the future.

The estimated J matrix can be regarded as a functional con-
nectivity matrix and can be better at estimating the structural
connectivity than other conventional definitions of functional
connectivity [67]. The estimated Ay, ..., hy are close to zero
because our standard choice of the threshold (i.e., time average
of the signal for each ROI i) makes each o; to take —1 and
+1 approximately with probability 1/2 each. Then, an energy
landscape is almost completely determined by J. In this sense,
the reliability of the energy landscapes in terms of the indices
we have investigated is caused by the reliability of functional
connectivity. However, our results are not direct consequences
of known results of high reliability of functional connectivity in
fMRI data [18, 20, 25] because they estimated functional con-
nectivity using other conventional methods such as the Pearson
correlation coefficient and their variants. Furthermore, which
properties of energy landscapes, including J, bear higher reli-
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ability is not a trivial question. For example, Table 11 shows
that the activity patterns at the local minimum of the energy,
measured by dy, and the activity patterns averaged over the at-
tractive basin, measured by djasin, are more reliable than J for
the DMN.

Related to this issue, although we proposed four discrepancy
indices for pairs of energy landscapes, they are our arbitrary
choices. One can apply the analysis pipeline proposed in the
present study to assess test-retest reliability for other discrep-
ancy indices. Other potential discrepancy indices are the fre-
quency of transiting from one particular local minimum to an-
other and features of the transition probability matrix among
the activity patterns or among the local minima. Furthermore,
our framework of the permutation test on the ND value is not
limited to energy landscape analysis (e.g., application to “mi-
crostate dynamics” for fMRI data [81]).

Individual variability of fMRI data has most frequently been
investigated in terms of functional connectivity [21]. In con-
trast, we have shown evidence that energy landscape analysis of
fMRI data bears session-to-session reproducibility within a par-
ticipant relative to between different participants. The present
results encourage further work toward application of energy
landscape analysis to identification of individuals in different
cognitive, behavioral, and clinical conditions.
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9. Appendix A: Sample disconnectivity graphs

We show a sample disconnectivity graph for the MSC data
based on the concatenation of four sessions of a participant the
concatenation of four randomized sessions in Fig. 6(a) and (b),
respectively.

-0.5

(b

-0.5

(2)

Figure 6: Examples of disconnectivity graphs. (a) Concatenation of the first
to the fourth sessions from participant MSCO1. (b) Concatenation of the four
sessions from the same participant after we randomly shuffle the sessions of
the MSC data using the method depicted in Fig. 3. We used the conventional
likelihood maximization method.

10. Appendix B: Permutation test by shuffling the partici-
pants within each session

In this section, we run the permutation test using a different
randomization procedure [75, 76]. We first calculate d; and do
for the original data in the same way as described in Fig. 3(a)
and then the ND value. However, when randomizing the data
for the permutation test, we uniformly randomly permute the
fMRI data across participants but within each session. For this
randomized data, we calculate d; and ds, and thus ND. We re-
peat the randomization followed by the calculation of the ND
value ¢ = 10> times to obtain the p value.



Reliability of energy landscape analysis of resting-state functional MRI data

We show the ND values for the original data and the p val-
ues from the permutation test for the MSC data combined with
the conventional likelihood maximization method, MSC data
combined with the variational Bayes method, and HCP data
combined with the conventional method in Tables 8, 9, and 10,
respectively. We find that the ND values for all the four dis-
crepancy measures and all the three networks are significantly
larger than 1 after the Bonferroni correction for the MSC data
when combined with the conventional method (i.e., uncorrected
p < 0.05/12 = 0.00417; see Table 8). When combined with
the variational Bayes method, 9 out of the 12 combinations of
the discrepancy measure and network yield ND values signifi-
cantly larger than 1 (see Table 9). The other three combinations
still yield p < 0.05 before the Bonferroni correction. For the
HCP data combined with the conventional method, all the four
discrepancy measures are significantly larger than 1 after the
Bonferroni correction (i.e., uncorrected p < 0.05/4 = 0.0125;
Table 10).

dJ dH dbasin dL
ND=1.310 ND=1.152 ND=1.249 ND=1.152
p<1073 p <1073 p <1073 p <1073

Table 10: ND values and the permutation test results, calculated with the con-
ventional method applied to the HCP data and the data randomly shuffled across
participants but within each session. The p values are the uncorrected values.

11. Appendix C: Permutation test when d; and d- are cal-
culated on the basis of one sample

In this section, we run the same permutation test for the MSC
and HCP data, but when d; and d are just one sample of the

Whole-brain DMN CON discrepancy measure (e.g., d 7). Therefore, for the original data,
we only used one participant to calculate d; and one session
d; ND=1.315 ND=1.415 ND=1.580 (e.g., the first session from each participant) to calculate da.
p<1073 p<1073 p<1073 We show the corresponding ND values for the original data and
the p values obtained from the permutation test in Table 11.
d ND=1.934 ND=3.200 ND=1.730 We applied the conventional likelihood maximization method
H p< 1073 p <1073 p <1073 to the MSC data. We find that t.he ND 'value. is significantly
larger than 1 after the Bonferroni correction (i.e., uncorrected
p ND=1.491 ND=2.359 ND=1.503 p < 0.05/12 = 0.00417) for dy and dpasin in the DMN and d
basin :
p <1073 p<103 | p<i10-3 in the CON.
p ND=1.237 ND=1.744 ND=1.609
L
p=0.003 p=0.001 p<1073 Whole-brain DMN CON
Table 8: ND values and the permutation test results, calculated with the conven- dy ND=1.404 ND=1.320 ND=1.288
tional method applied to the MSC data and the data randomly shuffled across o o -
participants but within each session. The p values are the uncorrected values. p=0.341 p = 0.386 p = 0.004
p ND=1.518 ND=2.606 ND=1.440
H
p=0.093 p <1073 p=0.167
Whole-brain DMN CON
ND=1.332 ND=2.5257 ND=1.259
ND=1.274 ND=1.354 | ND=1.381 dbasin
dj p = 0.210 p <1073 p = 0.222
p <1073 p <1073 p <1073
ND=1.015 ND=1.4165 ND=1.3769
ND=1.351 | ND=1.530 | ND=1.569 dr
dy s s 5 p=0.292 p=0.020 p = 0.061
p <10~ p < 10™ p<10™
Table 11: ND values and the permutation test results when we obtain d; and
s ND=1.196 ND=1.275 ND=1.351 da from just one sample of the discrepancy measure value, calculated with the
basin p< 10-3 p<1 0-3 p=0.012 CO;lventional method applied to the MSC data. The p values are the uncorrected
) values.
d ND=1.065 ND=1.057 ND=1.163
L
p=0.014 p=0.034 p <1073

Table 9: ND values and the permutation test results, calculated with the varia-
tional Bayes method applied to the MSC data and the data randomly shuffled
across participants but within each session. The p values are the uncorrected
values.

17

We show in Table 12 the corresponding results for the vari-
ational Bayes method applied to the MSC data. We find that
the ND value is significantly larger than 1 after the Bonferroni
correction for dg in the DMN and CON, and d, in the CON.
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Whole-brain DMN CON
4, ND=1.067 ND=1.314 ND=1.439
p=0.317 p = 0.052 p = 0.005
i ND=1.022 ND=1.641 ND=2.246
p = 0.438 p = 0.002 p = 0.002
o ND=1.002 ND=1.019 ND=1.001
p=0.441 p=0.091 p = 0.448
i ND=1.1591 ND=1.2401 ND=2.9438
p=0.305 p=0.1540 p = 0.002

Table 12: ND values and the permutation test results when we obtain d; and
do from just one sample of the discrepancy measure value, calculated with
the variational Bayes method applied to the MSC data. The p values are the
uncorrected values.

We show the results for the conventional likelihood maxi-
mization method applied to the HCP data in Table 13. We find
that ND value is significantly larger than 1 after the Bonferroni
correction only for d ;.

dJ dH dbasin dL
ND=1.563 ND=3.382 ND=1.028 ND=1.197
p=0002 | p=0141 | p=0140 | p=0.321

Table 13: ND values and the permutation test results when we obtain d; and
da2 from just one sample of the discrepancy measure value, calculated with the
conventional method applied to the HCP data. The p values are the uncorrected
values.

12. Appendix D: ICC measures

We computed the following three ICC measures for the
whole-brain network obtained from the HCP data.

We denote by L, s the average branch length for the sth
session of the pth participant, where p € {1,...,N,}, s €
{1,...,Ns}, N, = 87 is the number of participants, and
Ns = 4 is the number of sessions per participant. We calcu-
late the first two ICC measures for the average branch length.
We interpret (Ly, ) as an N, X N matrix, in which each row
represents a participant and each column represents a session.
Therefore, as the first ICC measure, we use [77]

MSg — MSg
MSp, + MBegHEe

ICC = Q7

In Eq. (27), MSg = SSg/(NN, — 1) is the mean square for rows,
SSg is the variability between participants (also known as the
sum of squares between participants), MSg = SSg/(N, N, — 1)
is the mean square for error, SSg is the residual variability for
error (also known as the sum of squares for error), MSc
SSc/(Ns — 1) is the mean square for columns, and SSc is
the variability between sessions (also known as the sum of
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squares for columns). We calculate SSg, SSg, and SS¢ using
ExpDes, which is an R package for ANOVA and experimental
designs [82].

To calculate the second ICC, we start by calculating the mean
of the average branch length over four sessions for each partic-
ipant p as follows:

(28)

We also calculate the mean of L, over all the N,N,
participant-session pairs as follows:

)= e S5 @)
p=1s=1
The between-participant variability, denoted by apammpant, is
given by
1 & )
O—Sarlicipam = ﬁ Z [L(p) - <Lp.,s>] . (30)
P p=1
The ICC is given by [80]
O participant
ICC = ;)02710’ (€28
total

where o2 | is the total variance over all the N, N, participant-
session pairs and given by

Ny N

atotal N N ZZ p,s Pé )2'

p=1s=1

(32)

The ICC ranges from 0 to 1 and is larger when the different
participants are more distinct from each other in terms of L, ;.

The third ICC measure that we use is defined in [23, 25] as
follows. Let A be the so-called identifiability matrix. The (4, j)
element of the N, x N, matrix A = (4;;) is the average Pear-
son correlation coefﬁc1ent between the :th and jth participant.
Specifically, to calculate A,;, we first calculate the Pearson cor-
relation coefficient between vector {J;;;1 < ¢ < j < N} for
the sth session of the ith participant and the same vector for
the s’th session of the ith participant, where s,s" € {1,...,4}
and s # s’. Then, we average the calculated correlation coeffi-
cient over all the 4 x 3/2 = 6 session pairs (s, s"), which gives
A;;. To calculate A” for i # j, we first calculate the Pear-
son correlation coefficient between the sth session of the ith
participant and the s’th session of the jth participant for each
s,s" € {1,...,4}. Then, we average the calculated correla-
tion coefficient over all the 4 X 4 = 16 session pairs (s, s’),
which gives Zij. Next, we refer to Iself = Ziv 1 A /N as self

identifiability. Similarly, Jomhers = Z A /[Np(N, —1)/2]

represents the average of the off—diagonal elements of the iden-
tifiability matrix. We define the differential identifiability by
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Liitt = (Lsetr — Jothers) % 100. (33)
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