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Abstract

The default mode network (DMN), which, in the resting state, is in charge of both the brain’s intrinsic mentation and its reflexive
responses to external stimuli, is recognized as an essential network in the human brain. These two roles of mentation and reflex-
ive response recruit the DMN nodes and other task networks differently. Existing research has revealed that the interactions
inside the DMN (between nodes within the DMN) and outside the DMN (between nodes in the DMN and nodes in task networks)
have different modes, in terms of both strength and timing. These findings raise interesting questions. For example, are the inter-
nal and external interactions of the DMN equally linear or nonlinear? This study examined these interaction patterns using data-
sets from the Human Connectome Project. A maximal information-based nonparametric exploration statistics strategy was utilized
to characterize the full correlations, and the Pearson correlation was used to capture the linear component of the full correlations.
We then contrasted the level of linearity/nonlinearity with respect to the internal and external interactions of the DMN. After a
brain-wide exploration, we found that the interactions between the DMN and the sensorimotor-related networks (including the sen-
sorimotor, sensory association, and integration areas) showed more nonlinearity, whereas those between the intra-DMN nodes
were similarly less nonlinear. These findings may provide a clue for understanding the underlying neuronal principles of the inter-
nal and external roles of the DMN.

Introduction

The default mode network (DMN), which is activated during the
resting state (when there is no demanding cognitive task) and deacti-
vated during a specific task (Raichle et al., 2001), is one of the most
important brain networks. Based on the properties of the DMN,
which are clearly different from those of the task positive network,
the DMN has been investigated by a variety of approaches in both
the resting state and the task stimulus state. By comparing the oppo-
site activations in the resting with those in the task state, the DMN
can be readily sorted out by functional imaging methods (Shulman
et al., 1997; Mazoyer et al., 2001). Even in the resting state, the
DMN can be recognized by using independent component analysis
based on functional magnetic resonance imaging (fMRI) time series
(Greicius et al., 2004; Long et al., 2008; Yeo et al., 2013). Addi-

tionally, the functional connectivity circuit that is revealed in this
way shows fundamental physical connections that can be revealed
by diffusion magnetic resonance imaging analysis (Greicius et al.,
2009; Horn et al., 2014).
The DMN is sometimes also termed the task negative network

because it shows deactivation during specific task demands and is
anticorrelated with the task positive networks (which activate during
tasks) (Fox et al., 2005; Chen et al., 2013). Furthermore, by using a
Pearson linear correlation on resting state fMRI data, the interactions
between the DMN nodes have been found to be more intense and
consistent than those between the DMN and its anticorrelated net-
work (Shehzad et al., 2009). This set of anticorrelated interactions
shows dynamic changes in both phase and intensity over time
(Chang & Glover, 2010). In addition to the traditional linear assess-
ment methods, nonlinear methods have been used to characterize the
association between fMRI time course data (Hartman et al., 2011;
Hlinka et al., 2011; He, 2013; Su et al., 2013; Dong et al., 2014),

Correspondence: Tianzi Jiang, 2National Laboratory of Pattern Recognition, as above.
E-mail: jiangtz@nlpr.ia.ac.cn

© 2015 Federation of European Neuroscience Societies and John Wiley & Sons Ltd

European Journal of Neuroscience, Vol. 43, pp. 78–88, 2016 doi:10.1111/ejn.13112



but these methods failed to measure the nonlinear component by
deducing the linear component from the full correlation. Some
reports also noted that the two interaction patterns of the DMN
described above could differ from each other in their linearity/non-
linearity (Liu et al., 2010; Gultepe & He, 2013). Unfortunately, to
the best of our knowledge, no quantitative analysis has previously
been used to examine these two interaction modes, and so far there
is no consensus about whether they differ significantly in their rela-
tive linearity/nonlinearity, as derived from fMRI time course data
(Hartman et al., 2011; Hlinka et al., 2011).
In this study, we quantitatively investigated the interacting linear/

nonlinear aspects of the two modes with respect to the nodes of the
DMN as well as with respect to its interactions with task positive
networks. This study utilized data from the Human Connectome
Project (HCP) Q1 fMRI dataset (Van Essen et al., 2013). A recently
developed correlation analysis method (Reshef et al., 2011) was
applied to characterize the full correlations between the voxels in an
fMRI time series; the important factor, a nonlinear factor, was then
extracted to dissect a new dimension of the internal and external
actions of the DMN. We envisioned that the differences in linearity/
nonlinearity between the internal and external interactions of the
DMN would open a new window to understanding the roles of the
DMN.

Materials and methods

Data acquisition and preprocessing

We chose 20 sequential subjects who had multi-modal images and
behavioural measurements from the HCP Q1 data release (listed in a
Microsoft Excel file), and kept a balance between females and males
(10 of each sex, aged 22–35 years) (Van Essen et al., 2013). The
data that we accessed had been obtained on a 3T magnetic reso-
nance imaging Skyra scanner (Siemens, Germany) using a standard
32 channel head coil. The magnetic field produced by the coil was
modelled to provide a customized distortion correction. The main
scanning parameters were as follows: repetition time (TR), 720 ms;
echo time (TE), 33.1 ms; flip angle, 52°; field of view,
208 9 180 mm; slice thickness, 2.0 mm and voxel size, 2.0 mm
isotropic cube. For our current study, we chose only the first run of
the resting state fMRI (Van Essen et al., 2013), which took about
14.5 min per subject.
The data released by the HCP had already had basic, but detailed,

preprocessing, so we directly used the preprocessed data in our
analysis. The main steps that had already been performed on the
surface-based data in the HCP Q1 release were: (i) gradient
nonlinearity distortion; (ii) 6 degree of freedom (DOF) FSL/FLIRT-
based motion correction; (iii) FSL/topup-based distortion correction;
(iv) registration to a T1 space image; (v) FSL/FNIRT-based registra-

tion to Montreal Neurological Institute (MNI) 2 mm space; (vi) cor-
tical ribbon-based volume to surface mapping (about 2 mm mesh
surface); and (vii) surface smoothing (2 mm full width at half maxi-
mum (FWHM)) (Glasser et al., 2013; Yeo et al., 2013). Along with
these steps, which had been performed before we accessed the data,
we further smoothed the surface-based data using a 6 mm FWHM
Gaussian kernel and then band-pass filtered the data at
0.01–0.08 Hz to reduce the low-frequency drift and high-frequency
noise.

Definition of regions of interest representing the default mode
network

The regions associated with the DMN have been thoroughly investi-
gated (Buckner et al., 2008; Andrews-Hanna, 2012). Existing
reports indicated that the DMN regions had heterogeneous functions
(Laird et al., 2009; Andrews-Hanna et al., 2010). To define the
regions of interest (ROIs) of the DMN in our study, we used a data-
driven approach based on the literature. First, we defined the rough
contours of the possible DMN regions (Yeo et al., 2011, 2013).
Second, we researched the points that showed a strong interaction
using the Pearson correlation, derived from the resting state fMRI
data, within the DMN inside those contour lines. In the second step
above, instead of searching voxel by voxel, two whole-brain parcel-
lations were used to sample the possible DMN regions. One was the
Power-264 scheme (Power et al., 2011) as shown in Fig. 2A1. The
other, which served as a validation, was a random parcellation ini-
tialized from the conventional automated anatomical labeling (AAL)
template (Zalesky et al., 2010). Using this method, the whole brain
was parcellated into 1000 regions (Fig. 3A) and 1400 regions
(Fig. 3B) to check on the effect of the number of parcellations.
The Power-264 parcellation (Power et al., 2011), masked by the

Yeo-DMN map (Yeo et al., 2011), contained 58 nodes (Fig. 2A1).
We constructed a 58*58 matrix that described the interactions
between the nodes. Significant interactions were identified as those
that survived a one sample t-test (P < 0.05) over the 20 subjects.
All of the 58 nodes were sorted by the number of surviving interac-
tions. The first third of the nodes were then selected to represent the
most significant interactions within the DMN for subsequent analy-
sis. The same process was applied to the rest of the validation par-
cellations.
All of the ROIs (radii 4 mm) were computed on the surface using

the geodesic algorithm for a triangular mesh (http://code.google.-
com/p/geodesic).

The full correlation analysis method

A full correlation is defined as one that is able to characterize the
underlying relationship between two time series and, thus, should

Fig. 1. Pipeline diagram showing how we generated the linearity/nonlinearity maps for the subjects.
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have the ability to describe the extent to which two signals could
be reciprocally determined (Reshef et al., 2011), regardless of
whether they are linear, nonlinear, or a mixture of both. The tradi-
tional Pearson correlation only captures an underlying linear rela-
tionship and therefore cannot completely characterize the full
relationship (Reshef et al., 2011). In this research, we utilized a
maximal information-based nonparametric exploratory statistics-
based strategy, which identified the maximal information coefficient

(MIC) that is able to measure the intrinsic association between two
signals. The study of Reshef et al. (2011) provided a detailed
description of the method and its implementation so here we only
repeat some key points that can help to elucidate how we extracted
the features to characterize the relationship between the two
signals.
Given pairs of signals (x,y), we parcellated their scatter plot in

the x–y axes by a group of grids (xm, yn), where m, n = 2, 3. . .,

Fig. 2. The default mode network (DMN) ROI definition scheme. (A1) Distribution of the Power-264 sampling scheme (Power et al., 2011) on the surface
masked by the Yeo-DMN map (Yeo et al., 2013). (A2) First third of the nodes that had similarly significant activations and interactions within the DMN
derived from A1. The colour indicates the number of surviving connections from the nodes within the DMN. (B) Centres (shown as red balls) of the nodes in
A2 located in five regions, i.e. the posterior cingulate cortex (PCC), lateral parietal cortex, medial prefrontal cortex, superior frontal gyrus, and middle temporal
gyrus.

Fig. 3. Validation of the scheme defining the default mode network (DMN) ROIs in Fig. 2. Random parcellations based on the Automated Anatomical Label-
ing (AAL) template at two different resolution levels: 1000 (A) and 1400 (B) areas. The original parcellations masked by the Yeo-DMN map (Yeo et al., 2013)
are shown in A1 and B1, whereas the first third of the nodes that had similarly significant activations and interactions within the DMN are shown in A2 and
B2. The colour indicates the number of surviving connections from the nodes within the DMN.
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and xm; yn�R. In a diagram of the grid number and distribution (xm,
yn positions), I(D, x,y) = I(D|G) indicates the mutual information of
this parcellation diagram. For two signals (X,Y), the mutual infor-
mation is defined as follows

Iðx; yÞ ¼ HðxÞ � HðxjyÞ ¼ HðyÞ � HðyjxÞ
¼ HðxÞ þ HðyÞ � Hðx; yÞ ð1Þ

where H(*), H(*,*) and H(*|*) separately indicate marginal
entropy, joint entropy and conditional entropy. For detailed defini-
tions of these entropies, please refer to Cover & Thomas (1991,
Chapter 2).
When the total grid number is fixed, e.g. the numbers xm and yn

are fixed, xm and ym can be moved freely along the x-axis and y-
axis separately, generating a new grid parcellation of the scatter plot.
If the columns and rows for a fixed xm and ym are moved exhaus-
tively, Reshef et al. (2011) showed that there is one (or many

equivalent) parcellation(s) that could reach the maximum of this
group of I(x,y). We used I*(D, x,y) = max I(D|G) to denote the
maximum mutual information of a given (xm, yn) grid resolution.
The MIC is then defined as follows

MIC (D) ¼ max
xy \BðNÞ

I � ðD,x,yÞ
logmin x,yf g

� �
ð2Þ

where xy < B(N) means that the total grid number is no more
than B(N), where N is the length of the original signal x and y.
Reshef et al. (2011) demonstrated that empirically B(N) could be
defined as N0.6. Furthermore, they showed that, at this bound, the
MIC could reach the global maximum. The MIC could consis-
tently and accurately characterize the extent to which one signal
could be determined by the other, even in a noisy and nonlinear
situation. If the signal pairs are fully correlated, the MIC
approaches 1; if they are not at all correlated, it approaches 0
(Reshef et al., 2011).

A

B

C

D

E

F

Fig. 4. The nonlinearity factor (NF) maps for the five default mode network (DMN) ROIs. These maps represent the nonlinearity [NF from Eqn 3]
between each individual ROI and the rest of the voxels (vertices on the surface). (A–E) Maps from the posterior cingulate cortex (PCC), lateral parietal
cortex (LatP), medial prefrontal cortex (MPFC), superior frontal gyrus (SFG), and middle temporal gyrus (MTG), respectively. The colour bar at the top
indicates the significance (P < 0.05, permutation test after FDR correction) of the nonlinearity factor (NF) test. (F) Conjunction maps. The colour bar at
the bottom indicates the number of overlaps, where the colours blue/green/yellow/red respectively identify at least two/three/four/five maps overlapping
from A to E.
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Definition of the nonlinear factor

To compare the full correlation with the traditional Pearson linear
correlation, we used a nonlinearity factor (NF) to quantitatively
characterize the discrepancy between them, as follows:

NF ¼ jMIC� R2j ð3Þ

where R is the Pearson correlation coefficient. It has been proved
that, if the signal pairs are exactly linearly correlated, e.g. y � ax,
then the NF approaches 0 (Reshef et al., 2011; Su et al., 2013).

Linearity/nonlinearity test and the stationarity analysis

The complete procedure is illustrated in Fig. 1. For the linearity/
nonlinearity test, we first calculated for each subject the brain-
wide linearity/nonlinearity map that was obtained using the data
from each of the five ROIs described above. After applying a z-
score transform to each map from each individual subject, we
performed a permutation test [5000 permutations and P < 0.05
using an false discovery rate (FDR) correction] to test whether
each voxel significantly exceeded the mean of the map at the
group level (20 subjects).
To test the stationarity of the linearity/nonlinearity map, a sliding

window (Chang & Glover, 2010; Zalesky et al., 2014) with
T = 500 time points (about 500*TR = 500*0.72 s = 36 s) and slid-
ing step S = 25 points (about 25*TR = 25*0.72 s = 18 s) was
used, so that the total number of windows was (1200�T)/

S + 1 = 29. As the MIC computation involves estimating the infor-
mation entropy, whose precision largely depends on the population
distribution modelling, a large (T = 500) window was utilized. A
smaller window, e.g. T = 100 was also tested, and the resulting
maps contained only sparse spots rather than continuous areas
(Data S1).
All of the processing and analysis steps were implemented in

MATLAB R2012a. The nonlinearity was computed utilizing the
MINE toolbox (http://www.exploredata.net). All of the results
reported in this study are P < 0.05 with an FDR correction and
cluster size > 18 vertices on the surface.

Results

Definition of the regions of interest that represent the default
mode network

Figure 2A1 shows the 58 nodes from the Power-264 parcellation
(Power et al., 2011), masked by the Yeo-DMN map (Yeo et al.,
2011). Figure 2A2 shows the first third of the nodes derived
from Fig. 2A1. The centres of the selected nodes are located in
the posterior cingulate cortex (PCC), lateral parietal cortex, medial
prefrontal cortex, superior frontal gyrus, and middle temporal
gyrus. These five areas are the traditional DMN areas reported in
the literature (Buckner et al., 2008; Andrews-Hanna, 2012) and
are thus defined as the representative nodes of the DMN in this
study. These nodes are shown as red balls in Fig. 2B, centred at

A

B

C

D

E

Fig. 5. The linearity factor maps (Pearson correlation) derived using the five default mode network (DMN) ROIs (the same procedure as in Fig. 4). The colour
bar indicates the significance (P < 0.05, permutation test after FDR correction) in the linearity test.
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[�3,�48,30] for the PCC, [�48,�69,39] for the lateral parietal
cortex, [�4,47,29] for the medial prefrontal cortex, [�11,57,33]
for the superior frontal gyrus, and [�67,�19,�15] for the middle
temporal gyrus, respectively. As the DMN nodes usually exist
symmetrically in both hemispheres, we only used the lefthand-
side nodes. The Pearson correlation results in Fig. 5 show that
the corresponding DMN nodes in the two hemispheres were
strongly correlated.
Figure 3 shows the validations of the DMN node definition

described above using a random parcellation with two scales, 1000
areas (Fig. 3A) and 1400 areas (Fig. 3B) (Zalesky et al., 2010). Fig-
ure 3A1 and B1 shows that all of the respective 186 and 279 nodes
were covered by the Yeo-DMN map. The first third of the nodes
that had significant interactions within the DMN are illustrated in
Fig. 3A2 and B2. The results coincide well with the definition of
the above five representative DMN nodes.

Linear and nonlinear interactions of the default mode network

Figure 4 shows the NF maps derived from each of the five ROIs,
i.e. the DMN nodes the medial prefrontal cortex, PCC, superior
frontal gyrus, lateral parietal cortex, and middle temporal gyrus
(Fig. 4A–E, respectively). The permutation test was run 5000
times (P < 0.05 after FDR correction and cluster threshold
c = 18). The same procedure was used to generate Figs 5–7. To
identify the regions that consistently showed a significant nonlin-
ear component and that occurred in more than one map, we per-
formed a stringent conservative conjunction analysis (Worsley
et al., 2002; Fox et al., 2005) that separately identified two
(blue)/three (green)/four (yellow)/five (red) overlaps between the
five NF maps. Table 1 shows the anatomical locations of the
ROIs with five overlaps along with their cluster sizes and centres.
The data reveal that the areas with prominent nonlinearity in their

Fig. 6. The overlay of the nonlinearity factor (NF) maps [(A) PCC, (B) lateral parietal cortex (LatP), (C) medial prefrontal cortex (MPFC), (D) superior frontal
gyrus (SFG), and (E) middle temporal gyrus (MTG), respectively] from the 29 sliding windows with a size of 500 time points and dynamic steps consisting of
25 time points. The greater the amount of red, the greater the stationarity of the maps through time.
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interactions with the DMN nodes were primarily concentrated in
the orbitofrontal cortex, supramarginal gyrus, fusiform area, tem-
poral pole, and insular cortex.
Figure 5 shows the Pearson correlation maps from the DMN

nodes the medial prefrontal cortex, PCC, superior frontal gyrus, lat-
eral parietal cortex, and middle temporal gyrus (Fig. 5A–E, respec-
tively). The regions having strong linear correlations with individual
DMN nodes were consistently found within the DMN network, a
finding that coincides well with the literature (Fox et al., 2005;
Buckner et al., 2008).

Stationarity analysis of the linearity/nonlinearity

The dynamic maps of the linearity/nonlinearity factors derived
from the five ROIs are presented in Fig. 6 (nonlinearity) and Fig. 7
(linearity). For each dynamic window and each ROI, the same pro-

cedure was adopted as for the analysis of the full length of the
time course described above. In each row, the maps from the 29
dynamic windows were binarized (the points surviving a sequential
P < 0.05 FDR correction and cluster size > 18 voxels were set to
1, all others were set to 0) and overlaid to check the coincidence
of the map along the moving windows. Therefore, the colours in
Figs 6 and 7 indicate for each voxel the number of dynamic
windows identified as having a significantly nonlinear/linear inter-
action with the DMN.
Figure 8 addresses the same information as Figs 6 and 7 but in a

more precise way. In each dynamic window for each ROI, the P-
map was generated after a P < 0.05 (FDR corrected) and cluster
size c > 18 threshold. Subsequently, the P-maps from the 29
dynamic windows were pair-wise correlated by their Pearson corre-
lations to achieve the correlation matrices in Fig. 8. Judging from
the correlation matrices, the correlation coefficients were all about

Fig. 7. The overlay of the linearity factor maps from the 29 sliding windows with 500 time points and 25 time points per dynamic step. This was generated
by the same procedure as in Fig. 6.
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0.8 or above, so they show that the linearity/nonlinearity properties
had strong stationarity through time.
In order to assess the difference between the linearity/nonlinearity

maps generated from the full length of the time course and the maps
from each dynamic window along the temporal scale, Fig. 9 shows the
Pearson correlations curve in each time window for each ROI. The lin-
earity property showed a higher coincidence between the dynamic win-
dows and the full-length time course than those that had nonlinearity.
Both of these properties showed a sound coincidence through time.

Discussion

This study quantitatively investigated the modes of interaction for
the internal and external interactions of the DMN. We used the
Pearson correlation and a full correlation measurement to extract
both the linear and full correlations from the fMRI time series of
the brain region interactions. The nonlinear factor was then extracted
to measure the deviation from linearity. The definition of the DMN
areas originated from the existing literature and was based on the
data-driven method in our study so that the areas would be more

Table 1. Details of the ROIs shown in red in Fig. 4F, which are the ROIs
that consistently appeared in the maps of the five DMN ROIs

Anatomical locations
Centre of clusters
(MNI coordinate) Cluster size*

Left/right
hemisphere

Orbitofrontal cortex 11,32,�21 516 R
7,26,�25 113 L
14,28,�27 27 L
8,50,�26 26 L
18,8,�20 26 L
25,7,�15 20 R

Supramarginal gyrus 60,�30,39 277 R
61,�30,40 92 L

Fusiform area 33,�23,�28 97 R
37,�24,�26 56 L
48,�28,�27 52 L
35,�19,�17 43 R
41,�11,�36 24 R

Temporal pole 20,8,�35 77 R

Only ROIs with more than 18 vertices on the surface are listed. MNI, Mon-
treal Neurological Institute.
*Number of voxels, specifically the number of vertices on the surface.

Fig. 8. Correlations between each dynamic map from the 29 sliding windows. Each panel indicates a correlation matrix from linearity or nonlinearity maps for
a specific default mode network (DMN) ROI; the colour bars denote the magnitude of the correlation coefficient. LatP, lateral parietal cortex; MPFC, medial
prefrontal cortex; SFG, superior frontal gyrus; MTG, middle temporal gyrus.

Fig. 9. Closeness of the dynamic maps from the 29 sliding windows to the maps generated by the full time course. (A) Results for the nonlinearity factor NF.
(B) Results for the linearity factor. The horizontal axis denotes the 29 sliding windows and the vertical axis indicate the closeness (Pearson correlation coeffi-
cient) between the maps from each sliding window and the total time course. LatP, lateral parietal cortex; MPFC, medial prefrontal cortex; SFG, superior frontal
gyrus; MTG, middle temporal gyrus.
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faithful to the data than definitions derived from a traditional meta-
analysis (Buckner et al., 2008; Laird et al., 2009). From the nonlin-
ear factors map and the detailed ROI descriptions in Table 1, we
found that the interactions between the DMN and the sensorimotor-
related system, including the sensorimotor area, bilateral supra-
marginal gyrus, bilateral orbitofrontal cortex, and bilateral fusiform
areas, were primarily nonlinear or less linear, whereas the intra-
DMN nodal interactions were similarly less nonlinear or more linear
(Figs 4 and 5). A subsequent dynamic analysis of the linearity/non-
linearity maps revealed that both the linear and nonlinear measure-
ments had extremely strong stationarity across the temporal scale,
during the 1200*0.72 s = 14.4 min resting state. A high level of sta-
tionarity appeared for both the time scale for each individual subject
and for the different ROIs in different subjects. This study disclosed
two specific interaction patterns for the internal and external actions
of the DMN.
Numerous studies have examined the linear/nonlinear modes of

interaction between brain areas by using resting state fMRI time ser-
ies. Of these, one method extracts the linear components of the
fMRI signal as a surrogate time series and then tests the deviation
between the original signal and the surrogate (Xie et al., 2008; Gul-
tepe & He, 2013). Although the studies that used this method stated
that the fMRI signal could partially detect the nonlinear interactions
between brain regions, their reports failed to quantitatively detail
these interactions. Another type of method utilizes the mutual infor-
mation theory (Hartman et al., 2011; Hlinka et al., 2011) and its
derivatives (Watanabe et al., 2013) to directly compute the interac-
tions between fMRI signals and then compares the results with those
obtained by a traditional linear analysis. However, these previous
mutual information-based reports failed to extract the NF rather than
the association itself from the fMRI time series (Hartman et al.,
2011; Hlinka et al., 2011). The MIC method adopted in our study
focused on the nature of the correlation from the perspective of
maximal information, where the correlation between two signals is
defined by the extent to which they can be determined reciprocally
(Reshef et al., 2011). Hence, it has the exclusive advantage of being
able to characterize the full correlation and then the NF more accu-
rately and more efficiently, whether it is linear, nonlinear, or a mix-
ture of the two (Su et al., 2013).
The sensorimotor-related areas that showed significant nonlinear-

ity during the interaction with the DMN were concentrated at the
bilateral supramarginal gyrus, bilateral orbitofrontal cortex, bilateral
fusiform area, and temporal pole, as well at the anterior insular cor-
tex (Eickhoff et al., 2006; Pineda, 2008; Brynie, 2009; Chow et al.,
2013). Notably, these are areas that focus on sensory input, associa-
tion, and integration functions. For example, the orbitofrontal cortex
possibly has the largest number of polymodal regions, i.e. those that
receive the five classic sensory inputs (gustatory, olfactory,
somatosensory, auditory, and visual) as well as visceral sensory
information (Kringelbach, 2005). The supramarginal gyrus is part of
the rostral inferior parietal lobe [labelled as PF and PFt in Caspers
et al. (2011)] and has consistent connections with the secondary
somatosensory cortex, posterior insula, and orbitofrontal cortex
(Caspers et al., 2011). The temporal pole is a critical association
cortex for the integration of multi-sensory information (Fan et al.,
2014). The region detected in our study coincides with the medial
part of the temporal pole in Fan et al. (2014) (labelled as TGm),
which was also reported to be engaged in processing visual, smell,
and taste information (Fan et al., 2014). Furthermore, this region
was found to connect with the orbitofrontal areas by the uncinate
fasciculus (Catani et al., 2002). In the current study, a nonlinear
interaction between the DMN and the sensorimotor-related areas and

its sound stationarity was identified (the correlation coefficients in
Fig. 9 are generally 0.7 or above). However, the stationarity of this
nonlinear interaction was similarly lower than that of the linear
interaction of the intra-DMN through time (Fig. 9A and B). The
sound stationarity is reasonable as both kinds of measures character-
ize the same group of subjects in the same conditions. Temporal
fluctuations in connectivity between the task positive network and
the DMN have been reported elsewhere and were significant in the
orbitofrontal cortex, a finding that seems to relate to our finding of
lower inter-DMN task network stationarity compared with the
intra-DMN connectivity (Chang & Glover, 2010). Nevertheless, the
principles that underlie the linear/nonlinear interaction modes of
interaction need to be dissected further.
The MIC method is able to measure the association between two

signals regardless of whether the data are linear or show any type of
nonlinearity, but it requires a fairly long time course to obtain a pre-
cise estimation of the mutual information (Reshef et al., 2011;
Zhang et al., 2014). That is why we adopted a large sliding window
(T = 500) for the analysis of stationarity. When a smaller window
(T = 100) was used, the yielded nonlinearity maps in a single time
window consisted of sparse points (Data S1). Because of this, no
stationarity analysis of the task fMRI data was presented, even
though it includes task fMRI data in the HCP Q1 release (with
length ≤ 405). Different sizes of sliding windows will influence the
dynamic stationarity (Bassett et al., 2011), so this is an open ques-
tion for future research.
In summary, this work demonstrated that the interactions within

the DMN nodes are primarily linear, whereas the external interac-
tions of the DMN show significant nonlinearity, especially with the
sensorimotor-related areas, including the supramarginal gyrus, orbi-
tofrontal cortex, fusiform area, and temporal pole. Future work
should focus on the causative factors that lead to differences in the
linearity/nonlinearity of the interactions of the DMN.
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