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MLDA method effectively discriminates the resting and task state based on FCS.
The modulation of FCS is observed in the low frequency band 0.05–0.1 Hz.
Imagery-based and executive-control function are differently involved in mental rotation.
Exploration of modulation effect provides full view of the neural basis of mental rotation.
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a b s t r a c t
Neuroimaging studies have highlighted that intrinsic brain activity is modiﬁed to implement task
demands. However, the relation between mental rotation and intrinsic brain activity remains unclear. To
answer this question, we collected functional MRI (fMRI) data from 30 healthy participants in two mental
rotation task periods (1st-task state, 2nd-task state) and two rest periods before (pre-task resting state)
and after the task (post-task resting state) respectively. By combining the spatial independent component analysis (ICA) and voxel-wise functional connectivity strength (FCS), we identiﬁed FCS maps of 10
brain resting state networks (RSNs) within six different bands (i.e., 0–0.05, 0.05–0.1, 0.1–0.15, 0.15–0.2,
0.2–0.25, and 0.01–0.08 Hz) corresponding to the four states for each subject. The maximum uncertainty
linear discriminant analysis (MLDA) method showed that the FCS within the low frequency bandwidth
of 0.05–0.1 Hz could effectively classify the mental rotation task state from pre-/post-task resting states
but failed to discriminate the pre- and post-task resting states. Discriminative FCSs were observed in
the cognitive executive-control network (central executive and attention) and the imagery-based internal mental manipulation network (default mode, primary sensorimotor, and primary visual). Imagery
manipulation is a stable mental element of mental rotation, and the involvement of executive control
is dependent on the degree of task familiarity. Together, the present study provides evidence that mental rotation task speciﬁcally modiﬁes intrinsic brain activity to complement cognitive demands, which
provides further insight into the neural basis of mental rotation manipulation.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
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Recent functional imaging studies have shown that intrinsic
brain activity is the baseline of cognition processes, in which
resting-state brain activity is modiﬁed to implement cognition
demands [1,2]. The modiﬁcation of intrinsic brain activity is
depending on the task demand, such as the goal-directed task [3]
and the internally directed tasks [4,5]. In particular, the mental
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rotation task in which participants make a decision about orientating visual images by manipulation during mental imagining [6],
is not only a classical “internally directed” task [7] but also embodies goal-directed attributes [8]. However, the linkage between
the mental rotation state and intrinsic brain activity still remains
largely unclear.
It is well established that intrinsic brain activity is self-organized
into a spatial structure [9] and the evoked neural responses to
tasks are embedded in this functional architecture [10]. First, intrinsic brain activity has been observed to be highly trait-related, in
which many studies have shown that it is signiﬁcantly modiﬁed by
many traits, such as brain disease [11–13], intelligence [14], personality [15], age [16], and gender [17]. At the same time, intrinsic
brain activity exhibits dynamically adaptive reconﬁguration during
active task performance [18]. Recently, many studies have showed
the existence of the modulation effect on intrinsic brain activity from task engagements, including simple visual tasks [19–21],
auditory task [22], attention task [23], memory task [24], and motor
learning task [25]. Of note, most of the modulatory effects on intrinsic brain activity from different cognitive tasks were found in the
low-frequency bandwidth (0.01–0.1 Hz) [1,26–28]. Although the
signiﬁcant modulation effect of task demands on intrinsic brain
activity has been widely reported, distinct task demands have
been rarely studied, which may induce different modiﬁcations.
Particularly, many studies found that the default mode network
(DMN) was deactivated during some externally goal-directed tasks
[29–31]. In contrast to these observations, it was recently found that
the involvement of internal processing cognition task could cause
activation of the DMN [4,5], and during the maintenance period of a
working memory task, brief task-unrelated visual stimuli increased
the activity of the DMN [32].
As a speciﬁc task demand, the mental rotation task allows one
to judge an object’s orientation in their mind and was ﬁrst proposed by Shepard and Metzler [6]. The completion of an mental
rotation task requires at least 5 cognitive steps [33]: (I) visually
perceiving and encoding the presented object, (II) imagining the
object and its orientation, (III) rotating the object mentally, (IV)
making a judgment whether the object is similar to the target
object, and (V) making the ﬁnal decision. Regarding the behavior
response aspect, it has been widely proven that the reaction time
(RT) required to make a judgment always increases in a near-linear
fashion with increasing numbers of angles [8,34,35]. To explore the
neural substrates of mental rotation, neuroimaging studies have
identiﬁed many brain regions responding to mental rotation task
[8], in which the prefrontal and parietal cortex have been suggested
to be highly associated with mental rotation task demands [36–40].
The activation of prefrontal regions is thought to be involved in
comparing the target object with the mentally rotated object [41],
whereas the parietal cortex is thought to participant in mediating visual and somatosensory input message and generating of
rotated movements in the visual space [42]. More speciﬁcally, the
secondary motor areas (i.e., the premotor cortex and supplementary motor area) are thought to be involved in computing rotation
angles, matching objects and making the ﬁnal decision [43]. These
observations provide evidence for the complex mental components
involved in mental rotation task and shed light upon the neural
basis that underlies mental rotation perception process. However,
few studies have focused on the neural response of the intrinsic
brain activity modiﬁed by mental rotation task.
To ﬁll this gap, the present study aimed to explore the changes
of the functional connection architecture of intrinsic brain activity in the pre-/post-task resting states and mental rotation task
state and investigate the modulation effect of the speciﬁc task on
resting-state brain activity. To this end, we collected fMRI data
from 30 healthy subjects during four states: a pre-task resting
state, two mental rotation states (1st-task state and 2nd-task state),

and a post-task resting state. Then, we estimated the voxel-wise
functional connectivity strength (FCS) based on a graph theoretical method [44,45] related to different frequency bands (i.e.,
0–0.05 Hz, 0.05–0.1 Hz, 0.1–0.15 Hz, 0.15–0.2 Hz, 0.2–0.25 Hz, and
0.01–0.08 Hz) [46] to measure the brain functional connection
architecture. To further depict the details of the brain connections, we performed a spatial independent component analysis
(ICA) to identify the resting-state networks (RSNs) and to further
calculate the FCS maps of these RSNs. Meanwhile, a pattern recognition method, a maximum uncertainty linear discriminant analysis
(MLDA) [47–49], was applied to detect the changes in the FCS of
these RSNs within each frequency band between any two of the
four states. Finally, we validated the ﬁndings of the present study
using an anatomical automatic labeling (AAL) atlas [50].

2. Materials and methods
2.1. Participants
Thirty right-handed, healthy participants (15 males, age 19–25
years) were recruited from the South China Normal University
(SCNU) for the present study. All participants had normal or
corrected-to-normal vision. None had a history of neurological or
psychiatric disorders according to their self-reports. The protocol
was approved by the Research Review Board of SCNU. Written
informed consent was obtained from each participant.
2.2. Experiment stimuli
In the present study, the letter “R” was selected from the
rotation-arrow task devised by Shah and Miyake [51] and was used
in the mental rotation task. The stimuli were presented as normal
or as mirror-image in 4 orientations: (1) 0◦ , (2) 45◦ , (3) 90◦ , and (4)
135◦ (Fig. 1).
2.3. Behavioral task and procedure
Fig. 2 shows the stimuli and the procedure of the mental rotation task which corresponded to a previous study [51]. Brieﬂy, the
present study contained 4 experimental conditions (i.e., 0◦ , 45◦ ,
90◦ , and 135◦ ), which were presented using an event-related design
with 2 parts. A total of 128 trials were presented randomly per part
(80 trials in the 1 st task and 48 trials in the 2nd task). A rest period
of approximately 2 min was allowed between the 2 parts to prevent
fatigue. For each trial, a ﬁxation point (500 ms) was ﬁrst presented,
followed by a ﬁrst letter (normal-R or mirror-R, 1000 ms), then a
mask (5000 ms), and ﬁnally a second letter (rotated normal-R or
mirror-R). The participants were asked to decide whether the second letter was the same to the ﬁrst letter (normal or mirror) by
pressing a button within 5000 ms using the right thumb to indicate
the same and the left thumb to indicate a difference. Stimuli were
presented using E-prime software (http://www.e-prime.pl). Before
fMRI scanning, participants performed practice sessions until they
reached an accuracy of 90% outside the scanner.
There were a total of three scans during the MRI scanning.
During the ﬁrst and third scans, we acquired resting-state fMRI (RfMRI) data for 8 min. The participants were instructed to lie quietly
with their eyes ﬁxed at the black ﬁxation cross on the screen. During the second scan, we obtained the task-state fMRI (T-fMRI) data
while the participants performed the mental rotation task.
A median absolute deviation estimator [52] based on the correct response time (RT) was applied to eliminate outlier trials, and
the average RTs of the correct responses were subsequently calculated for each participant. A one-way ANOVA with a rotation angle
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Fig. 1. Samples of rotated stimuli of the mental rotation task.

Fig. 2. Illustration of the experimental procedure.

(i.e., 0◦ , 45◦ , 90◦ , and 135◦ ) as the within-subject variable was then
applied to the average RTs.

thickness = 1 mm, pixel bandwidth = 170, and 176 vol). The total
scanning time was approximately 55 min for each participant.

2.4. MRI data acquisition

2.5. Image pre-processing

We acquired all MRI data using a 3T Siemens Trio Tim MR
scanner with a twelve-channel phased-array head coil at the Brain
Imaging Center at SCNU. Functional images were obtained by
using a GE-EPI sequence (TR/TE/Flip Angle = 2000 ms/30 ms/90◦ ,
FOV = 220 mm, matrix = 64 × 64, thickness/gap = 3.5/0.8 mm, 32
axial interleaved slices, and 240 vol). In addition, we used a
T1-weighted 3D MP-RAGE sequence to obtain high resolution brain structural images for each participant (TR/TE/Flip
Angle = 1900 ms/2.52 ms/9◦ , FOV = 100 mm, matrix = 256 × 256,

The images of the pre-task, mental rotation task (1st-task and
2nd-task), and post-task states were preprocessed using SPM8
(http://www.ﬁl.ion.ucl.ac.uk/spm/). The ﬁrst 10 functional volumes
were discarded to allow for saturation effects of the BOLD signal
and adaptation of the participants to the scanning environment.
Then, the remaining fMRI images underwent slice timing and head
motion correction. Two datasets (one of the pre-task state and the
other of the post-task state) were excluded due to excessive head
motion based on the criteria, translation < 3 mm and rotation < 3◦
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[53]. The corrected volumes were then spatially normalized to
the standard Montreal Neurological Institute (MNI) space using an
optimum 12-parameter afﬁne transformation and nonlinear deformation [54]. The resulting data were further temporally band-pass
ﬁltered into a conventional frequency band of 0.01–0.08 Hz. In
addition, we also divided the full frequency range (0–0.25 Hz) into
ﬁve different bands (i.e., 0–0.05, 0.05–0.1, 0.1–0.15, 0.15–0.2, and
0.2–0.25 Hz) [46] to detect the changes between different states in
the low- and high-frequency domains.
2.6. Voxel-wise functional connectivity strength (FCS)
The voxel-wise FCS has been widely used to reﬂect the connection characteristics of large-scale RSNs, which is based on a
data-driven graph theoretical method to measure the functional
hubs of RSNs [44,45]. To calculate the FCS, Pearson correlation
coefﬁcients were computed between the time courses of voxels
(number = n) of the brain within the gray matter (GM) mask [55].
The GM mask was adopted from the default brain mask of the Resting state fMRI Data Analysis Toolkit (Rest, http://rest.restfmri.net),
and an n × n matrix between any pair of voxels was then yielded.
Subsequently, the matrices of all the participants were further
transformed into a z-score matrix using Fisher’s r-to-z approach
within each participant and further smoothed with a Gaussian
kernel of 6 mm full-width at half-maximum. The sum of the connections for a given voxel and all other voxels indicates its central
roles in transferring information across RSNs. Such a FCS metric is
also referred to as the “degree centrality” of weighted networks in
terms of graph theory. All FCS calculations were completed using
the Rest toolkit.
2.7. Group spatial ICA
We adopted a group spatial ICA analysis (GIFT, http://icatb.
sourceforge.net) on the data from all participants to identify the
RSNs of intrinsic brain activity [56]. Each BOLD time series except
for the ﬁrst 5 vol was motion-corrected, normalized to the standard
Montreal Neurological Institute (MNI) space [54] and resampled to
a voxel size of 3 × 3 × 3 mm3 using SPM8 (http://www.ﬁl.ion.ucl.ac.
uk/spm/). The group independent component analysis (Group ICA)
was based on the data of the pre-processed resting state and the
ﬁrst 235 vol of the mental rotation task state for all participants.
The group ICA included a two-stage principal component analysis (PCA) reduction [57], ICA separation, and back-reconstruction
to produce single-subject time courses and spatial maps [57]. The
optimal number of ICs was estimated as 38 based on the minimum
description length (MDL) criteria, and the data were separated by
ICA using the Informax algorithm [58]. This step generated a spatial
map and a time course of the BOLD signal changes for each IC. This
analysis was repeated 20 times using ICASSO to assess the repeatability [59]. Then, the IC time courses and spatial maps were used
for the back-reconstruction procedure for each participant [57,60].
To deﬁne RSNs, we converted the spatial maps of each IC into
z-scores and entered the averaged maps into a one-sample t-test
(false discovery rate, FDR corrected, p < 0.00001). For each IC spatial
map, a group level t-map was generated, and the t-map was used to
deﬁne the RSNs. Finally, we identiﬁed 10 RSNs in the present study.
2.8. Statistical analysis
To determine the effects of the frequency band on the FCS, we
performed a one-way analysis of variance (ANOVA) with states
(pre-task, mental rotation task and post-task states) as a factor for
each of the 6 frequency bandwidths. All the results were corrected
for multiple comparisons to a signiﬁcant level of p < 0.05 with cluster size > 85 voxels based on false discovery rate (FDR) correction

Fig. 3. RTs of the mental rotation task for the 4 conditions.

[61]. Based on this result, an optimized frequency bandwidth was
ﬁnally selected.
2.9. Discriminative analysis
This study applied the MLDA-based classiﬁcation method [62]
to classify any two of the four states (pre-task state, 1st-task state,
2nd-task state, and post-task state). As we know, the primary idea
of LDA is to transform multivariate observed values to univariate
values, maximize the between-class separation and minimize the
within-class variance ratio. Thomaz et al. renamed this method as
the “MLDA”, which employed the maximum entropy covariance
selection method to stabilize the within-class scatter matrix with
a multiple of the identity matrix [62]. In this study, we extracted
the mean FCSs of each RSN from the spatial IC map of each participant, and the mean FCSs of each network were used as the features
for the discriminative analysis. A feature selection procedure was
performed on the training sample, in which two-sample t tests
were carried out to determine the features that showed signiﬁcant
between-state differences (p < 0.05). Then, the leave-one-out cross
validation (LOOCV) approach was employed to validate the performance of the discriminative classiﬁer. For details, we selected one
subject as a test sample and used the remaining n – 1 subjects to
build a multi-classiﬁer for n (n indicates the total number of subjects) times. Feature selection was restricted only in the training
dataset to maintain independence of the training and testing data.
After this step, each base classiﬁer’s voting weight was obtained
by calculating the classiﬁcation accuracy of n – 1 leave-one-out
within the training set. Higher feature weights of the voting corresponded to more discriminative features. Finally, we acquired the
total contribution of the feature (FCS) to the classiﬁcation of the 10
RSNs.
2.10. Validation analysis
In this study, we validated whether the main ﬁndings of the
present study could be repeated by using other feature extraction approaches. To this end, the individual FCS maps were further
divided into 90 regions of interest (ROIs) by applying the automated
anatomical labeling (AAL) atlas [50], and the data analysis based on
the 10 RSNs was repeated using the data related to the AAL atlas.
3. Results
3.1. Behavior performance
All participants performed well (accuracy is above 89.1%) except
one (approximately 76%) in all the conditions. The ANOVA revealed

M. Gao et al. / Behavioural Brain Research 320 (2017) 233–243

237

Fig. 4. The 10 RSNs identiﬁed from the spatial IC maps. aDMN, anterior part of the default mode network; AUDI, auditory network; CEN, central executive network; DAN,
dorsal attention network; HVN, high-order visual network; pDMN, posterior part of the default mode network; PSMN, primary sensory motor network; PVN, primary visual
network; SN, salience network; and VMN, ventro-lateral motor network. Each brain map is the result of a one-sample t test on the averaged individual map (p < 0.00001, FDR
corrected).

that there was a signiﬁcant difference in RTs among the 4 mental rotation (MR) conditions (MR 0, MR 45, MR 90, and MR 135) (F
(3, 116) = 13.18, p < 0.001). Pairwise post-hoc analysis using Tukey
HSD revealed that the signiﬁcant differences occurred between the
MR 135 condition and all the other conditions (p < 0.001 in the
MR 0 vs. MR 135, p < 0.001 in the MR 45 vs. MR 135, p < 0.05 in
the MR 90 vs. MR 135) and a signiﬁcant difference between the
MR 0 condition and the MR 90 condition (p < 0.05) (see Fig. 3). Nevertheless, there was a salient trend that greater rotation angles
corresponded to higher RTs required to complete the mental rotation task, which corresponded to the premises.

lingual regions), the salience network (SN) (e.g., the anterior cingulate regions, the superior and medial frontal gyrus, and the insula
regions), and the ventro-lateral motor network (VMN) (e.g., the
postcentral gyrus). According to prior studies, RSNs, such as the
AUDI, HVN, PSMN, PVN and VMN, belong to lower-level sensory
processing, while the aDMN, CEN, DAN and pDMN are associated
with higher-order cognitive processing [63–65]. Table 1 and Fig. 4
show the detailed information and spatial maps of these 10 RSNs.
These identiﬁed RSNs highly matched those previously reported
[65–67].

3.2. Resting-state networks identiﬁcation
3.3. Group-level statistical analysis results for FCS
By using the group ICA method, this study identiﬁed 10 RSNs:
the anterior part of the default mode network (aDMN) (e.g., the
superior and medial frontal gyrus), the auditory network (AUDI)
(e.g., the bilateral superior temporal gyrus), the central executive
network (CEN) (e.g., the bilateral inferior frontal gyrus, the middle
frontal gyrus and the precentral gyrus), the dorsal attention network (DAN) (e.g., the superior and inferior parietal regions), the
high-order visual network (HVN) (e.g., the middle occipital gyrus),
the posterior part of the default mode network (pDMN) (e.g., the
precuneus regions and the posterior cingulate cortex), the primary
sensory motor network (PSMN) (e.g., the supplementary motor
area), the primary visual network (PVN) (e.g., the calcarine and

Among the 6 frequency bandwidths, one-way ANOVA showed
that the most signiﬁcant differences in FCS were observed in the
0.05–0.1 Hz band (Fig. 5). The main effects were identiﬁed in the
bilateral insula, the right middle cingulum, the left inferior occipital
gyrus, the left inferior parietal gyrus, the right medial part of the
superior frontal gyrus, the right inferior temporal gyrus, the right
angular gyrus, the left middle occipital gyrus, the bilateral superior
frontal gyrus and the right cerebellum 6. Based on these results, the
band of 0.05–0.1 Hz was chosen as the optimal band and was used
in the following calculations. The results of the other frequency
bandwidths are shown in the Supplementary materials (Fig. S1).
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Fig. 5. The surface representation of the main effects on FCS within the band of 0.05–0.1 Hz. The colorbar indicates the t value. The 3D maps were generated using the
BrainNet Viewer (http://www.nitrc.org/projects/bnv/). L (R), left (right) hemisphere.

Table 1
Details of the selected 10 RSNs.
Index

RSNs

Regions

1
2
3
4
5
6
7
8
9
10

aDMN
AUDI
CEN
DAN
HVN
pDMN
PSMN
PVN
SN
VMN

Frontal Sup Medial R
Temporal Sup R
Frontal Inf Tri L
Parietal Inf R
Cuneus R
Precuneus R
Supp Motor Area L
Calcarine R
Cingulum Ant L
Postcentral L

MNI Coordinates

t-value

x

y

z

3
54
−45
36
18
6
0
6
−3
−42

51
−21
33
−54
−99
−51
9
−75
48
−15

27
12
12
48
12
27
51
15
0
45

17.14
27.05
19.08
18.16
19.53
27.6
20.62
27.69
26.18
13.29

The 10 RSNs are the same as those in Fig. 4. The coordinates of the peak voxel for each RSN are presented in the MNI space. The regions where the peak voxels are located,
are reported according to the AAL atlas, as follows: Frontal Sup Medial R, the right superior frontal gyrus, medial; Temporal Sup R, the right superior temporal gyrus;
Frontal Inf Tri L, the left inferior frontal gyrus, triangular part; Parietal Inf R, the right inferior parietal, including supramarginal and angular gyri; Cuneus R, the right cuneus;
Precuneus R, the right precuneus; Supp Motor Area L, the left supplementary motor area; Calcarine R, the right calcarine ﬁssure and surrounding cortex; Cingulum Ant L,
the left anterior cingulum; and Postcentral L, the left postcentral gyrus. The t value indicates the results of one-sample t-test on the individual IC pattern (p < 0.00001, FDR
corrected).

Table 2
Classiﬁcation results of the FCS related to 10 RSNs and 90 ROIs.
Conditions

Pre-task vs. 1st-task
Pre-task vs. 2nd-task
1st-task vs. 2nd-task
1st-task vs. post-task
2nd-task vs. post-task
Pre-task vs. Post-task

10 RSNs

90 ROIs

Sensitivity

Speciﬁcity

Accuracy

Sensitivity

Speciﬁcity

89.66%
79.31%
53.33%
93.10%
62.07%
–

73.33%
70.00%
60.00%
83.33%
70.00%
–

81.36%
74.58%
56.67%
88.14%
66.10%
–

93.10%
82.76%
70.00%
89.66%
65.52%
44.83%

80.00%
60.00%
63.33%
86.67%
66.67%
55.17%

Bold font indicates that the classiﬁcation accuracy is higher than 70%.

Accuracy
86.44%
71.19%
66.67%
88.14%
66.10%
50.00%
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3.5. Validation results
By using the AAL atlas, we extracted the FCS map of the whole
brain and further repeated the classiﬁcation analysis between the
resting states and the task states. We found that the main ﬁndings
using the 10 RSNs were also observed based on the AAL maps. The
classiﬁcation performance of the FCS is shown in Table 2, and the
discriminative features are shown in Fig. 7. Particularly, the top 15
features shown in different colors are listed in descending order
of their weights. Different colors indicate different brain functional
networks according to a former study [68].

4. Discussion

Fig. 6. The contributive features of FCS for classiﬁcation with discriminative power
related to 10 RSNs. (A) Contributive features for classiﬁcation accuracy higher than
70%. (B) Contributive features for classiﬁcation accuracy less than 70%.

3.4. Classiﬁcation results of the 10 resting state networks
By using the mean FCSs of the identiﬁed 10 RSNs as features,
we found that the MLDA method could effectively classify the task
and resting states. Focusing on the 1st-task state, we found that the
classiﬁcation accuracy between the 1st-task state and the pre-task
resting state was 81.36% and between the 1st-task state and the
post-task resting state the accuracy was 88.14%. With respect to
the 2nd-task state, we found that the FCS achieved a classiﬁcation
accuracy of 74.58% between the 2nd-task state and the pre-task
resting state, and the accuracy was less than 70% between the
2nd-task state and the post-task resting state. The classiﬁcation
accuracy between the two task states was less than 70%. Moreover, there was no signiﬁcant difference between the pre-task and
post-task resting states, which meant there was no feature that was
selected according to the current criterion in the feature selection
step (Table 2).
Further analyses showed that the selected RSNs yielded different contributions in classifying the two task states from the pre-task
resting state. The RSNs, including the CEN, aDMN, PSMN, PVN, DAN,
and pDMN, had a relatively high classiﬁcation power for differentiating the pre-task resting state from the 1st-task state, while the
PSMN and pDMN performed well in identifying the pre-task resting state from the 2nd-task state. Of note, the selected features with
discriminative power were distinct in the classiﬁcation of the pretask resting state from the two task states. Moreover, we noted
that, the higher cognitive networks (CEN and aDMN) rather than
the lower sensory networks (PSMN and PVN) had greater power
for classifying the 1st-task state from the pre-task resting state.
However, to classify the 2nd-task state from the pre-task resting
state, the lower sensory networks had greater power. We did not
ﬁnd any features in discriminating the pre-task and the post-task
resting states, and we observed that the contributed features for
classifying the two task states from the post-task resting state were
the same as those which classiﬁed the two task states from the
pre-task resting state, in which the cognitive networks and sensory
networks were both involved in classiﬁcation. The discriminative
features and their contributions on classiﬁcation are shown in Fig. 6.

In the present study, we applied the MLDA method to investigate the classiﬁcation among resting state and task state to further
explore the relation between mental rotation and intrinsic brain
activity. The main ﬁndings can be summarized as follows: (1) the
most signiﬁcant FCS change between the resting states and the
mental rotation task states was observed in the low frequency
bandwidth (0.05–0.1 Hz), and the MLDA method was effective in
identifying the alteration between different states based on FCS;
(2) the most discriminative features for differentiating the states
were the CEN, aDMN, PSMN, PVN, pDMN and DAN, many of which
are involved in the cognitive process of mental rotation; (3) the
discriminative patterns required to classify the pre-task resting
state, the post-task resting state, and the two mental rotation task
states were quite different, which shows the speciﬁc modiﬁcation
of mental rotation on intrinsic brain activity.
Based on graph theory, FCS is an unbiased method for characterizing the functional network of the entire brain in rest and
during a task state [55,69–71]. Notably, FCS approaches have
been adopted to investigate the relationship between resting and
working-memory task states [44], the topology of the DMN in
predicting attention task performance [72], and positive and negative affective processing during picture-viewing task [73]. Applying
FCS to reﬂect the characteristics of brain connectivity, the present
study effectively detected the intrinsic brain activity in different
frequency bandwidths.
Former studies on intrinsic functional connectivity have focused
on the low frequency bands (usually 0.01–0.1 Hz) due to the functional integration of the spontaneous activity of various neuronal
processes in low frequencies [74]. Neuroimaging studies have
shown that the strength of brain networks is higher in the low
frequency band and becomes weaker as the frequency increases
[1,55]. The relationship between frequency characteristics of the
fMRI signal and its functional implication has been widely explored.
For instance, dividing brain BOLD oscillations into four frequency
bands, a previous study found opposite visual-motor task-induced
shifts between the lowest (0.01–0.05 Hz) and second-to-lowest
bands (0.05–0.1 Hz) [75]. In addition, the frequency speciﬁcity of
regional homogeneity (ReHo) are distinct in different brain regions,
such as the frequency band of 0.04–0.1 Hz contributed the most to
in the caudate nucleus, and frequencies lower than 0.02 Hz contributed more to ReHo in the putamen [76]. Recently, two frequency
bands, 0.01–0.03 Hz and 0.07–0.09 Hz, were demonstrated to contribute primarily to information segregation and integration in
functional connectivity [77]. Furthermore, our study demonstrated
that the FCS changed the most between the resting states and the
mental rotation task states in the low frequency band of 0.05–0.1 Hz
rather than in any other bandwidths. All these observations provide
evidence that different frequency bands exhibit speciﬁc properties
in resting and task states, reﬂecting frequency-dependent functional organizations and implications of intrinsic brain activity.
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Fig. 7. The discriminative features used for classiﬁcation among the 3 states. The results of the other states are shown in Fig. S2. All features are listed in descending order of
their weights. (A) Discriminative features between pre-task and 1st-task states. (B) Discriminative features between pre-task and 2nd-task states. (C) Discriminative features
between 1st-task and post-task states.

In this study, we found that many RSNs are manifested differently in discriminating the resting states and mental rotation task
states (Fig. 6), which may have implications for revealing the neural basis of the cognitive processing of mental rotation. First, our
data shows that the CEN is the feature that discriminated the most
between the mental rotation task state (1st-task state) and resting state (pre-task resting state and post-task resting state). The
CEN consists of the dorsolateral prefrontal and posterior parietal
cortices and participates in cognitive tasks that require attention
[23,78]. Our ﬁndings may suggest that the cognitive demand related
to attention involvement is the predominate mark of the mental
rotation state compared with the resting state, although the participants performed complete practice sessions before the experiment.
More importantly, the discriminative mark is not distinct between
the 2nd-task state and the resting state. This may show that the
adaptive modiﬁcation of the mental rotation on intrinsic brain
activity is dependent on the degree of familiarity with the task. This
speculation is also supported by the ﬁndings of the DAN, which is
an attention resource-related network. It is worth noting that the
modulated role of the DAN which contains of superior and inferior
parietal regions is different than the CEN. Visual attention often
engages in cognitive processes, such as identifying and activating
a represented target stimulus and optimizing the external knowledge of the stimulus by shifting attention to its spatial position
[79,80]. Activation of the inferior parietal cortex has been identiﬁed as a neural correlated performance of mental rotation task [81].
The present study found that the DAN had discriminative power
between the 1st-task state and the resting state (pre-task and posttask) but exhibited no signiﬁcant difference between the 2nd-task
state and the pre-task resting state. Similarly, ROIs which partici-

pated in attention processing did not have the classiﬁcation power
to discriminate between the 2nd-task state and the pre-task resting state in the validation analysis. Again, we interpreted that, for
the 2nd-task state, the subjects had adapted to mental rotation task
demand, and the need for attention cognitive resources decreased.
This ﬁnding is consistent with a mental rotation study in which the
mental rotation manipulation inﬂuenced the shift of attention and
short-term memory encoding [82]. Indeed, many previous studies
have shown that the functional reconﬁguration of intrinsic brain
activity occurred to support the task demands [83–85].
Regarding other aspects, the DMN (aDMN and pDMN) has a
relatively high classiﬁcation power for differentiating the mental
rotation task state from the resting state (Fig. 6), which indicates that DMN involvement is a stable feature for distinguishing
these states. The validation analysis also showed that brain regions
belonging to the DMN, such as the left cuneus, the right middle temporal gyrus, the bilateral posterior cingulate, and the right
superior frontal gyrus, have signiﬁcant classiﬁcation power (Fig. 7).
The DMN is well-known for its role in awake passive states when
subjects engage in internally driven cognitive processes, such as
self-referential thought, retrieval of past memories, and preparing
for the future events [45,86,87]. Our results suggest that the DMN
is modulated by mental rotation task, which may further support
the idea that mental rotation requires the maintenance of the mentally rotated object in spatial working memory [33]. Notably, the
ﬁndings of the present study indicate that the CEN and the DMN
are both involved in mental rotation manipulation. Studies have
found that the SN induces causal control between the CEN and the
DMN when engaged in easier decision-making cognitive tasks [88]
and that the inter- and causal-connectivities between the SN and

M. Gao et al. / Behavioural Brain Research 320 (2017) 233–243

CEN are functionally relevant when engaged in working memory
tasks [78]. Correspondingly, the present study also demonstrated
that the insula, a core region of the SN, has discriminative power for
identifying mental rotation task states from resting states according to the validation analysis, which is consistent with the former
ﬁndings [33,78,88].
In addition, we noted that the PSMN had a high classiﬁcation
power for discriminating the 1st-/2nd-task states from the pre-task
resting state and a relatively high classiﬁcation power for discriminating the 1st-task state from the post-task resting state (Fig. 6).
The results for the 90 ROIs also revealed that the supplementary
motor area (SMA) exhibited high classiﬁcation power (Fig. 7). Mental rotation requires activation of motor-related areas [89], which
needs a distinct and distributed brain network, such as the supplementary motor area [8,90]. By comparing the network activities of
low and high imagers, researchers had found that the SMA played
important roles in computing rotations [90]. In addition, the SMA
was found to be involved in implicit motor learning [91]. Along
with these ﬁndings, our study indicated the PSMN plays an important role in the mental rotation modulation effect on the intrinsic
brain activity, which takes part in the cognitive process of rotating
objects.
Notably, the PVN, which is an important region for mental
imagery processing, has a relatively high classiﬁcation power for
discriminating the mental rotation task states from resting states.
The ROIs related to visual processing, such as the inferior occipital
gyrus and the cuneus, were also detected the same results (Fig. 7).
There is a long-standing question of whether low-level visual features are preserved during mental imagery. The occipital cortex
was shown to participate in generating images, which implies the
PVN is the neural substrate of mental rotation task in visual imagery
and visual perception [92]. Recently, the low-level visual features
were found to be encoded in visual mental imagery by constructing voxel-wise encoding models which adjusted to low-level visual
features [93]. In addition, a resting-state fMRI study showed that
the associated spontaneous activity patterns of the primary visual
cortex (i.e., V1) were highly related to visual mental imagery processes during the resting state [94]. Our results, along with the
above ﬁndings, directly contribute to the view that the low-level
PVN is engaged in mental imagery. Furthermore, the involvement of
the PVN, PSMN and DMN in the modulatory effect may indicate the
importance of mental imagery-based internal mental manipulation
in mental rotation task.
In contrast to the apparent discrimination between the mental
rotation task state and the resting state, no classiﬁcation results
were found between the pre-task and post-task resting states
among the 10 RSNs or the 90 ROIs. Previous studies have reported
signiﬁcant post-task modulation effects on different tasks on intrinsic brain activity, such as an increased connectivity between the left
and right middle frontal gyri during the resting period after a language task [95], signiﬁcant modiﬁcation of the brain areas involved
in the control of spatial attention following a shape-identiﬁcation
task [96], and enhanced functional connectivity between the hippocampus and the lateral occipital complex during resting period
after an object-face encoding task with high subsequent memory activation [24]. However, our results of the two resting states
closely correspond to a previous report [28] that used small-world
conﬁguration to compare the intrinsic brain organizations between
among states during a word-picture matching task and found that
there was no signiﬁcant difference in the global and local efﬁciencies of small-world brain functional networks between pre-task
and post-task resting states. These ﬁndings may suggest that the
observed post-task modulation effects of mental rotation task on
intrinsic brain activity predominately embodies the affection of
the cognitive executive-control mental components responding to
the mental rotation task demands. To support this speculation,
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the present study demonstrated that the involvement of cognitive
executive-control mental components reduced with the familiarity
of the task manipulation. Correspondingly, we found that the classiﬁcation performance between the 2nd-task state and the resting
state was lower than that between the 1st-task state and the resting state, and we did not identify any discrimination between the
pre-task and post-task resting states. In summary, the present ﬁndings show the importance of internal mental manipulation during
mental rotation task to a great extent.
Our study focused on the modulation effect of mental rotation
on resting states, and reached two primary conclusions. First, we
found that the modulated brain regions were highly overlapped
with the brain regions activated during mental rotation task in the
former studies, which showed that the MLDA could be a useful
method to explore the inﬂuence of mental rotation on intrinsic
brain activity. Second, we detected an important role of the PVN
in mental rotation, and the PVN has been demonstrated to be vital
for mental imagery. However, previous studies in mental rotation
rarely observed the signiﬁcant function of the PVN in regard to brain
regions which responded to mental imagery task [8]. In terms of
the modulation effect, the present study showed that the PVN participated in the mental rotation process, which was expected to
happen because of the vital role of the PVN in mental imagery.
Thereby, exploring the modulatory effect of mental rotation on
intrinsic brain activity may provide insight into the neural basis
of mental rotation.
There are several issues that remain to be addressed. First,
we considered the brain activity which underlies mental rotation
task as an integral part, and therefore, this study did not describe
speciﬁc task-evoked activity patterns. Thus, future studies should
implement the canonical hemodynamic response function (HRF)
to model the BOLD response during the task state to construct the
task network to further explain the task-evoked activity [97]. Second, this study only focused on the “stationary” connectivity of the
rest and task states. However, there is a growing trend of studying
the time-varying dynamic functional connectivity [98]. Therefore,
using a factor analysis of overlapping sliding windows to characterize the task-related dynamic networks in future work will provide
new insight into the current research topic. Finally, the individual
patterns of brain connectivity were not taken into consideration
in the current study. Thus, future studies should focus on individual variability to explore the neural mechanisms of mental rotation
[98,99].

5. Conclusion
In summary, the present study adopted the MLDA method to
investigate the FCS modulatory effect of mental rotation on intrinsic brain activity over four brain states. We found that the FCS
of spontaneous brain activity in a speciﬁc low frequency bandwidth of 0.05–0.1 Hz could effectively discriminate the mental
rotation task state from the resting state, in which the cognitive executive-control network (i.e., CEN, DAN, and SN) and
the imagery-based internal mental manipulation network (DMN,
PSMN, and PVN) played important roles. Imagery manipulation was
a consistent element in the mental rotation, while the involvement
of executive-control was dependent on the degree of familiarity
of the task. Regarding the relation between mental rotation and
intrinsic brain activity, the present work showed the importance
of the imagery-based mental manipulation which underlies cognitive executive-control function during mental rotation task, which
provides further insight into the neural mechanisms of mental rotation.
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