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Abstract

A major challenge in language learning studies is to identify objective, pre-training predictors of
success. Variation in the low-frequency fluctuations (LFFs) of spontaneous brain activity
measured by resting-state functional magnetic resonance imaging (RS-fMRI) has been found to
reflect individual differences in cognitive measures. In the present study, we aimed to investigate
the extent to which initial spontaneous brain activity is related to individual differences in spoken
language learning. We acquired RS-fMRI data and subsequently trained participants on a sound-
to-word learning paradigm in which they learned to use foreign pitch patterns (from Mandarin
Chinese) to signal word meaning. We performed amplitude of spontaneous low-frequency
fluctuation (ALFF) analysis, graph theory-based analysis, and independent component analysis
(ICA) to identify functional components of the LFFs in the resting-state. First, we examined the
ALFF as a regional measure and showed that regional ALFFs in the left superior temporal gyrus
were positively correlated with learning performance, whereas ALFFs in the default mode
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network (DMN) regions were negatively correlated with learning performance. Furthermore, the
graph theory-based analysis indicated that the degree and local efficiency of the left superior
temporal gyrus were positively correlated with learning performance. Finally, the default mode
network and several task-positive resting-state networks (RSNs) were identified via the ICA. The
“competition” (i.e., negative correlation) between the DMN and the dorsal attention network was
negatively correlated with learning performance. Our results demonstrate that a) spontaneous
brain activity can predict future language learning outcome without prior hypotheses (e.g.,
selection of regions of interest — ROIs) and b) both regional dynamics and network-level
interactions in the resting brain can account for individual differences in future spoken language
learning success.

Keywords

Resting-state; fMRI; Low-frequency fluctuations; Spoken language learning; Individual
differences

1. Introduction

Learning a new spoken language often requires learners to process novel speech categories
and effectively use these new distinctions to distinguish word meaning. Spoken language
learning outcomes vary greatly from learner to learner (e.g., Chandrasekaran, Sampath, &
Wong, 2010; Chandrasekaran, Yi, Blanco, McGeary, & Maddox, 2015; Golestani &
Zatorre, 2009; Wong, Perrachione, & Parrish, 2007). Individual differences often constrain
learning success. Identifying critical individual differences in brain function that predisposes
learners towards successful language learning is a dominant theme in recent spoken
language learning studies (for review, see Zatorre, 2013). Methods that measure
predisposing variables in these studies have included behavioral tasks, such as foreign sound
contrast and discrimination tasks (e.g., Chandrasekaran et al., 2010; Golestani & Zatorre,
2009); cognitive tests, such as working memory and intelligence quotient (1Q) tests; genetic
variation tests (Chandrasekaran et al., 2015; Wong, Chandrasekaran, & Zheng, 2012); and
neuroimaging techniques, such as blood oxygen level-dependent (BOLD) activation within
specific task designs (e.g., foreign vowel discrimination) using functional magnetic
resonance imaging (fMRI) (e.g., Wong et al., 2007; Yi, Maddox, Mumford, &
Chandrasekaran, 2014). These measures require participants to perform a specific task of
varying complexity. However, numerous variations of these tasks limit the possibility of
building a consistent framework of how individual differences contribute to spoken
language learning. Thus, a measurement that is independent of task performance may be an
ideal tool for studying spoken language learning.

Resting-state functional magnetic resonance imaging (RS-fMRI) is a neuroimaging method
that focuses on spontaneous low-frequency (<.1 Hz) fluctuations (LFFs) in the BOLD signal
(Biswal, Yetkin, Haughton, & Hyde, 1995; Fox & Raichle, 2007); the technique is gaining
popularity as a means to measure intrinsic brain dynamics at rest without the constraint of
task. RS-fMRI can be implemented in a data-driven manner. For example, spontaneous
brain activity can be investigated independently of the regions of interest (ROIs) generated
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in task-based fMRI studies (Wei et al., 2012). Additionally, individual differences in a large
variety of cognitive task performances are reflected in spontaneous brain activity
(Baldassarre et al., 2012; Supekar et al., 2013; Ventura-Campos et al., 2013). Harmelech and
Malach (2013) proposed the spontaneous trait reactivation (STR) hypothesis to explain the
consistent observation of an association between measures of spontaneous activity and
cognitive task performance. According to the STR hypothesis, the LFFs reflect the profile of
individual cortical biases. Thus, patterns in LFFs could provide a unique window for
examining individual differences in cognitive traits and adaptive behavior. Taken together,
RS-fMRI offers a promising and objective alternative for investigating predispositions in
spoken language learning.

Recent studies have shown that spontaneous activity can be investigated via various
approaches that provide complementary and converging evidence regarding the contribution
of LFFs to various brain functions. Most studies have mainly focused on the properties of
resting-state functional connectivity (RSFC), which reflects the strength of correlated
intrinsic activity in distinct brain regions or ROIs (Friston, 2011). Because the selected ROIs
are identified by task-related fMRI, analyses may be biased by task selection. In a study
examining language learning, ROIs were identified by a phoneme identification fMRI task
and used in conducting RSFC analyses (Ventura-Campos et al., 2013). Then, the RSFC was
correlated with performance in another phoneme identification task that measured final
learning outcome (Ventura-Campos et al., 2013). However, this study did not test the
possibility of using RS-fMRI without the guidance of task-related fMRI or prior hypotheses
to investigate individual differences in language learning. Here, we took advantage of the
regional amplitudes of low-frequency fluctuations (ALFFs) as regional measures of
spontaneous activity to explore the region-level contributions to learning in the resting-state.
The advantages of ALFFs are that they are entirely data-driven and do not rely on a prior
hypothesis. Recent studies have shown that ALFFs can reflect individual differences in
performance in a large variety of cognitive tasks, including cognitive control (Mennes et al.,
2011), object naming (Wei et al., 2012) and object color knowledge processing (Wang et al.,
2013).

To examine the different aspects of intrinsic brain network dynamics, we applied two
network analysis approaches, i.e., graph theory-based approaches and independent
component analysis (ICA). Graph theory-based approaches describe the intrinsic brain
network as a graph that consists of nodes and edges that provide statistical measures of the
functional integration and segregation of all regions at the global level and specific regions
within the entire brain network. The intrinsic brain network is topologically organized in
non-trivial manners that include small-world networks and modularity (Bullmore & Sporns,
2009; J. Wang, Zuo, & He, 2010). In this study, graph-based nodal measures were applied to
identify the role of a specific region of the whole brain network in learning; graph-based
global measures were also applied to examine how the topological configurations of the
whole brain are related to learning. While graph-based approaches utilize the brain as a
large-scale network, ICA focuses on how the brain is organized into a number of discrete
networks. The application of ICA has consistently identified two opposing systems, the
default mode network (DMN) or “task-negative” network (Kelly, Uddin, Biswal,
Castellanos, & Milham, 2008) and another system composed of “task-positive” resting-state
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networks (RSNs), which include attention, visual, auditory, somato-sensory and language
RSNs (Fornito, Harrison, Zalesky, & Simons, 2012; Smith et al., 2009). Similar to previous
studies (Fornito et al., 2012; Kelly et al., 2008), network interactions between the DMN and
the task-positive networks were evaluated. These interactions were used to investigate how
inter-network dynamics contribute to learning. Using a combination of ALFFs, graph-based
measures and ICA, we aimed to investigate how various aspects of spontaneous brain
activity predict spoken language learning.

Learning a second language is a complex task in adulthood that requires considerable
practice. Here, we focused on the ability to integrate novel complex sound patterns into
lexical contexts. Sound-to-word learning emphasizes the ability to learn foreign sounds in
the context of words. In this paradigm, native English-speaking participants were trained to
associate pseudo-words that consisted of English pseudo-syllables and non-native pitch
patterns with word meanings. For example, the syllable/pesh/was auditorily presented with a
high level tone (Mandarin tone 1) whereas a picture of a glass was visually presented. The
same syllable/pesh/with a rising tone (Mandarin tone 2) was associated with a picture of a
pencil. To achieve successful learning, the participants had to use pitch patterns (tones) to
signal word meanings (pictures). Our previous studies have shown that, after learning the
contrasts of Mandarin tones in words during a training procedure over several days, native
English participants learn to use these pattern changes to signal words to varying degrees
(Chandrasekaran, Kraus, & Wong, 2012; Chandrasekaran et al., 2010; Wong,
Chandrasekaran, Garibaldi, & Wong, 2011; Wong et al., 2007). More importantly, pitch
patterns are typically not used to signal word meaning in English and some learners may
have difficulty in learning (Wang, Spence, Jongman, & Sereno, 1999). Large individual
differences have been consistently observed in previous studies using the sound-to-word
paradigm. Given the large individual differences, we posit that sound-to-word training could
be an ideal behavioral training procedure to investigate individual differences in spoken
language learning. Regarding the neural substrates of sound-to-word learning, a left dorsal
auditory stream has been proposed as a starting point for the phonological network
according to duel-steam models (Hickok & Poeppel, 2007; Rauschecker & Scott, 2009); this
stream has been shown to play an important role in sound-to-word learning in a traditional
task-fMRI study (Wong et al., 2007). Furthermore, the topological configurations (e.g.,
graph theory-based measures) of task-related brain networks at both the regional and global
levels are associated with speech comprehension (Sheppard, Wang, & Wong, 2011) and
predict sound-to-word learning success (Sheppard, Wang, & Wong, 2012). These results
suggest that variations in successful sound-to-word learning might be related to variations in
brain dynamics at both the regional and network/global levels.

According to the STR hypothesis, individual differences in a priori cognitive biases (e.g.,
potential to master a new language) should be reflected in distinct spontaneous activity
patterns, which can be measured by both regional spontaneous activity (i.e., ALFF) and
correlation matrix among different cortical areas (i.e., graph theory-based measures and
inter-network connectivity). We hypothesized that, the ALFF values and nodal measures
from successful learning-related regions found in task-states, such as the left dorsal auditory
regions, should positively correlate with learning performance. DMN not only plays a role in
normal functioning (Whitfield-Gabrieli & Ford, 2012), but also involves in language
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processing (Geranmayeh, Wise, Mehta, & Leech, 2014; Marcotte, Perlbarg, Marrelec,
Benali, & Ansaldo, 2013). For example, more task-induced DMN deactivation was observed
in the spoken language production task than in the simple counting task (Geranmayeh et al.,
2014) and functional integration within the DMN predicted semantic feature analysis
therapy in people with aphasia (Marcotte et al., 2013). We hypothesized that ALFF values
and nodal measures from four core DMN regions, namely the medial prefrontal cortex
(MPFC), posterior cingulate cortex (PCC), bilateral inferior parietal lobules (IPLs) and
medial temporal lobe (MTL) should negatively correlate with learning performance.
Furthermore, inter-network connectivity between DMN and task-positive network was
found to be related to experience with using visual language (Malaia, Talavage, & Wilbur,
2014). We also hypothesized that, if the inter-network connectivity based on DMN plays a
role in sound-to-word learning, the interactions between the DMN and task-positive RSNs
should correlate with learning performance.

2. Materials and methods

2.1. Participants

Twenty right-handed adults (9 males; 25.90 + 4.79 years old) participated in this study. The
participants were native speakers of American English with no prior exposure to Mandarin
Chinese or any other tone language (the language backgrounds were evaluated with the
Language Experience and Proficiency Questionnaire, Marian, Blumenfeld, &
Kaushanskaya, 2007). None of the participants were amateur or professional musicians, and
had more than 6 years of continuous musical experience or learned music prior to 7 years of
age. All participants passed a hearing screening test (<25 dB HL hearing thresholds at 500,
1000, 2000 and 4000 Hz). The participants provided informed consent in accordance with
the Institutional Review Board of Northwestern University. Their nonverbal 1Qs (mean
standard score = 119.35, SD = 11.17) were evaluated using the Test of Nonverbal
Intelligence (Brown, Sherbenou, & Johnsen, 1997). The participants were also evaluated
with two subtests from the Woodcock—Johnson Test of Cognitive Abilities (Woodcock,
McGrew, & Mather, 2001): the Sound Blending (SB) test (mean percentile rank score =
80.10, SD = 16.71), which measures phonological awareness, and the Auditory Working
Memory (AWM) test (mean percentile rank score = 85.72, SD = 10.70). Finally, individual
differences in pitch pattern identification (mean proportion of correct tone identification = .
84, SD = .14) were evaluated with a Tone Identification Test (Tone ID, Wong et al., 2007).
Nineteen of these participants also participated in another structural MRI study, the results
of which are not reported here (Wong et al., 2011). In this test, the auditory stimuli consisted
of Mandarin vowels (/a/, /i/, /o/, /el and /y/) with Mandarin tones 1 (level), 2 (rising), 3
(dipping), and 4 (falling). The participants heard one stimulus and were required to press a
button corresponding to the direction of pitch. The Tone ID score (the proportion of correct
responses) was considered a behavioral measure of “nonlexical” pitch patterns prior to
training because the participants were required to attend to the pitch patterns rather than the
entire word. Previous studies have shown that Tone ID scores predict future sound-to-word
learning success (Chandrasekaran et al., 2012; Wong & Perrachione, 2007). For further
details about the stimuli and procedures of this test, see Chandrasekaran et al. (2012).

Cortex. Author manuscript; available in PMC 2017 March 01.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Deng et al.

Page 6

2.2. MRI scanning

For all participants, MR images were acquired using a Siemens 3T Trio MRI scanner
(Erlangen, Germany). Axial anatomical images were acquired using a T1-weighted high-
resolution 3D volume [MPRAGE; repetition time (TR) = 2300 msec, echo time (TE) = 3.36
msec, flip angle = 9°, matrix size = 256 x 256, field of view (FOV) = 22 cm, and slice
thickness = 1 mm].

Functional images at rest were acquired axially using a susceptibility T2*-weighted echo
planar imaging (EPI) pulse sequence (TE = 21 msec, TR = 2000 msec, flip angle = 90°, in-
plane resolution = 3.4375 mm x 3.4375 mm, 36 slices with a slice thickness = 3 mm, and
FOV = 220 mm). The participants were instructed to relax, close their eyes and remain
awake throughout the 7-min scan (211 volumes).

2.3. Sound-to-word training procedure

The sound-to-word learning procedure used in the current study was identical to the
procedures described by Chandrasekaran et al. (2010). Following the MRI scanning, the
participants underwent a nine-day-training program in which they learned to associate
monosyllabic pseudo-words with pictures. To learn the associations between the sounds and
pictures, the participants had to become sensitive to changes in pitch patterns within each
syllable. Six English monosyllabic pseudo-words (i.e., “pesh”, “dree”, “nuck”, “vece”,
“fute”, and “ner”) were used to construct the stimuli. Using the Pitch Synchronous Overlap
and Add (PSOLA) method provided by the Praat software (http://www.praat.org), each
pseudo-word was superimposed with four pitch patterns that resembled the following
Mandarin tones: 1 (level), 2 (rising), 3 (dipping), and 4 (falling). Thus, 24 words were
constructed, and each word was paired with a picture that represented its meaning. To
discourage rote memorization of the acoustic inputs and promote word learning (Lively,
Logan, & Pisoni, 1993), a multi-talker approach (8 talkers) was used to construct the 24
words; thus, the stimuli from four talkers (2 males and 2 females) composed the training set
materials, and the stimuli from the remaining talkers were used in the Generalization set.

There was no more than a 2-day gap between the training sessions. The 24 words were
divided into six groups of four stimuli each. In the training session, the stimuli in each group
were minimally contrasted in pitch, and were repeated four times per talker. To promote
learning, the stimulus repetitions were blocked by the talker. At the end of each group, a test
was conducted, and the participants were quizzed regarding the words they had just learned.
The participants heard one of the four words and selected the correct image from the images
they had just learned. During the quiz, feedback (correct/incorrect) was used to allow the
participants to recognize and correct their mistakes. At the end of each training session, a
final Word Identification Test was conducted. In this test, the 24 trained words were
randomly presented to the participants, and they were asked to identify each word by
selecting the corresponding images from 24 possible choices. This procedure was repeated
for each talker. No feedback was given during the Generalization Test. The participants
were provided with as much time as needed to identify the words. Each session, which
included the training, practice quizzes, and the Generalization Test, lasted approximately 30
min. After the Word Identification Test in the final training session, the Generalization Test,
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which included test items from the Generalization set, was administered according to the
same procedure used in the Word Identification Test. The Generalization set was
implemented to test how well the participants had learned the associations between the word
sounds and meanings. All items in the Generalization set were words spoken new talkers.
Thus, we were able to examine whether our participants recognized the words that they had
learned in a new context (i.e., words spoken by new talkers). The Generalization Test score
(correct proportion) was used as the final learning outcome in the present study. For the
overall training procedure, please see Supplementary data.

2.4. Data analysis

2.4.1. fMRI preprocessing—RS-fMRI data were analyzed using the Statistical
Parametric Mapping software (SPM8; http://www.fil.ion.ucl.ac.uk/spm), REST (Song et al.,
2011) and the Data Processing Assistant for Resting-State fMRI (Chao-Gan & Yu-Feng,
2010). The first 10 volumes of the images were removed. The remaining volumes were
corrected for slice-timing and motion. No participant exhibited head motion that exceeded 2
mm in translation or more than 2.5° in angular rotation along any axis. Next, each
participant's anatomical image was co-registered to the mean functional image obtained
from the slice correction and segmented into gray, white, and cerebrospinal fluid (CSF)
tissue compartments. Then, the functional images were spatially normalized onto the
Montreal Neurological Institute space using the parameters obtained during segmentation
and resampled in 3-mm?3 voxels. The functional data were spatially smoothed with a 4-mm
full-width at half-maximum (FWHM) Gaussian kernel. After removing the linear trend, a
band-pass filter (.01-.08 Hz) was applied to retain the low-frequency signals.

Because ALFF is sensitive to signal in gray matter (Zang et al., 2007), a gray matter mask
was generated by including the voxels with probabilities above .45 in the gray matter mask
obtained by SPM8 and excluding the cerebellar regions (#91-#116) in the Automated
Anatomical Labeling template (AAL, Tzourio-Mazoyer et al., 2002). Overall, there were
33061 voxels (892647 mm3) in this gray matter mask. Further analyses were performed with
this mask.

2.4.2. Regional analysis: ALFF calculation—The ALFF is defined as the total power
in the low-frequency range (<.1 Hz), and it is equivalent to the standard deviation within a
specific low-frequency band. To calculate the ALFF, time series were transformed to the
frequency domain to obtain power spectra. The sum of amplitudes within the low-frequency
range (.01-.08 Hz) was computed for each voxel. The square root was calculated at each
power spectrum frequency. Each voxel's ALFF was taken as the average square root across .
01-.08 Hz and was divided by the mean ALFF value within the gray matter mask to obtain a
standardized value (Zang et al., 2007).

Correlation results indicated that both Tone ID scores and 1Qs before training were
significantly correlated with Generalization scores (for details, see the Results). To evaluate
the unique contribution of intrinsic brain activity to Generalization, partial correlations
between Generalization scores and each voxel's ALFF value across the whole brain were
performed, while controlling for the effects of pre-training Tone ID and 1Q. The effects of
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Tone ID and 1Q were also controlled in all of the brain-behavior partial correlations that
were performed as described below. For the ALFF-behavior correlations, the corrected
threshold was set to a single voxel p < .05 with a cluster size > 54 voxels (1458 mm?3). The
threshold was determined based on a Monte Carlo simulation that was implemented by the
AlphaSim program in REST. Partial correlations between the mean ALFF value in each
significant region and Generalization scores were also calculated while controlling for the
effects of pre-training Tone ID and IQ (for anatomical regions and abbreviations, see Table
1).

2.4.3. Graph theory-based measures—The graph theory analyses were based on the
data that were preprocessed as previously described without spatial smoothing to avoid local
correlation artifacts (Sanz-Arigita et al., 2010). Additionally, the six head-motion
parameters, the CSF and the white matter signals were removed by multiple linear
regression. We did not regress out the global mean signal to avoid negative correlations
(Rubinov & Sporns, 2010). Similar processing with the global mean signal regression was
conducted, and the results were minimally altered. Please see Supplementary data. The
Brain Connectivity Toolbox (BCT, http://www.brain-connectivity-toolbox.net/) was used
for graph analysis.

The network nodes were defined by segmenting the data into 90 regions (45 regions per
hemisphere) using the AAL template (Tzourio-Mazoyer et al., 2002). For each participant,
the time series of each region was extracted by averaging the time series across all voxels in
the region. Pearson's correlation coefficients between the time series of each possible pair of
the 90 regions were subsequently calculated to generate a symmetric correlation matrix.
Each correlation matrix was thresholded to obtain an undirected binarized graph in which
nodes represented regions and the edges represented connections. A fixed network cost
value (defined as the total number of edges in a network divided by the maximum possible
number of edges) was used to threshold each correlation matrix. This approach ensured that
each network had the same number of edges or wiring cost. For a binary graph G, with N
nodes, the edge between the nodes (1.]) is represented by &, which is either 1 if an edge
exists between these two nodes (& = 1 if |rjj| rc, where rj; represents the correlation between
nodes i and j and r¢ represents the cost threshold), or 0 if it does not (|rjj| < rc). To ensure that
the results were not dependent on a specific cost value, each correlation matrix was
thresholded over a range of .10-.40 at intervals of .02. The parcellation scheme of the
AAL-1024 atlas (512 ROIs for each hemisphere) was based on the method reported in
previous studies (Fornito, Zalesky, & Bullmore, 2010; Zalesky et al., 2010).

2.4.3.1. Glabal efficiency of the whole network: The shortest weighted path length linking
nodes i and j (Ljj) equals the lowest number of edges that connect node i to each other node
j- The global network efficiency represents the overall capacity for parallel information
transfer and integrated processing and is defined as follows (Latora & Marchiori, 2001):

1 1
EglobalzN (N — 1) Z Z L_U

ani]‘Z‘Eai]‘ ,j#l
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2.4.3.2. L ocal efficiency of the whole network: The local efficiency on node i (E;) gauges
the efficiency of information flow within the local subgraph G; of the nodes that are directly
connected to (but not including) node i. The local efficiency of node i is as follows (Latora
& Marchiori, 2001):

1 1

—1 L
) G ganLar

where K| equals the number of nodes directly connected to node i.

The local efficiency of the whole network is calculated as the average of the efficiency E;
over all subgraphs included in the network (Latora & Marchiori, 2001).

1
Eiocar= N Z E;.

1€Gy

2.4.3.3. Nodal degree (Dnopar): For the local property on the node i, we defined subgraph
G;j, which includes all of the directly connected neighboring nodes of the node i. The node
degree is the number of links connected to the node. The degree of node i is as follows
(Bullmore & Sporns, 2009):

di: Z Ajj-

JEG;

2.4.3.4. Nodal efficiency (Enopar): The nodal efficiency was defined as the inverse of the
harmonic mean of the minimum length of path between node i and all other nodes. It
measures the ability of a node to exchange information with the other nodes in a network.
The nodal efficiency of node i is defined as follows (Achard & Bullmore, 2007):

1 1
N -1

Erodai= ..
izjeG Y

2.4.3.5. Nodal betweenness (Ngc): Nodal betweenness measures the centrality of node i in
a whole network. It is defined as follows (Freeman, 1997):

Nyo= Z 5jk (Z)

i#jEG Ojk

where i is the number of shortest paths from node j to node k, and (i) is the number of
shortest paths from node j to node k that go through node i within graph G;.

For all the network measures, we computed summary measures by averaging the values
across the entire network cost range (from .1 to .4). Finally, we performed partial

Cortex. Author manuscript; available in PMC 2017 March 01.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Deng et al.

Page 10

correlations between the network measures (global network measures: Egjopal, Ejocal; N0dal
measures: dnodals Enodal: Nbc) @nd Generalization scores while controlling for the effects of
Tone ID and 1Q. A permutation test (5000 random permutations) was performed to
determine the critical lower/upper correlation coefficients. When the threshold was not met,
we used an arbitrary threshold of p < .005 when reporting the results.

2.4.4. ICA method—The ICA analyses were based on the preprocessed data. We
performed spatial ICA using Group ICA from the fMRI Toolbox (http://mialab.mrn.org/
software/gift/). The dimensionality of the data was reduced from 201 (number of time
points) to 67 through a two-step principle components analysis (PCA) and data
concatenation. The number of components was determined using the minimum description
length (MDL) criterion (Rissanen, 1978). Group ICA was performed on the reduced data
using the Informax algorithm provided by the software. The time courses and spatial maps
of each component were back-reconstructed. Both the spatial maps and the time courses
were scaled using Fisher's Z-scores. To identify the voxels that were significantly different
from zero, one-sample t-tests were conducted with the subject-specific spatial maps. The
corrected threshold was set at single voxel p < .05 with a cluster size >56 voxels (1512
mm?3). The threshold was determined based on a Monte Carlo simulation implemented by
the AlphaSim program in REST.

According to previous literature (Mueller et al., 2013; Smith et al., 2009; Whitfield-Gabrieli
& Ford, 2012), these spatial maps have been used to identify the following RSNs: the DMN,
the cingulo-opercular network (CON), the dorsal attention network (DAN), the fronto-
parietal network (FPN), the left language network (LLN), the right language network
(RLN), the visual network (VN), the auditory network (AN), and the somato-motor network
(SMN).

The network interaction analyses were based on the preprocessed data previously described
using spatial smoothing. Additionally, the six head-motion parameters, the CSF and white
matter signals, and the global mean signal were removed by multiple linear regression. For
each participant, the time series of each of the identified RSN was extracted by averaging
the time series across all voxels of the RSN.

Two methods were used to calculate the network interactions between the DMN, CON,
DAN, FPN, LLN, RLN, VN and SMN. The first approach involved full correlation analyses
between the DMN and each of the seven networks. The second approach involved partial
correlation analyses between the DMN and each of the other networks while controlling for
the effects of the remaining networks (Fornito et al., 2012). After transforming these r values
into Fisher's Z-scores, a one-sample t-test was performed to examine whether the
connectivity was different from zero. To evaluate the contribution of the network
interactions to Generalization, the partial correlation between Generalization scores and the
network interaction was calculated while controlling for the effects of Tone ID and 1Q.
Because the aim of the exploratory analysis was to show the overall correlation patterns,
multiple comparison correction was not conducted.
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3. Results

3.1. Sound-to-word learning performance

As shown in Fig. 1, the learning curves of the 20 participants indicated that the training
procedures improved their performance to various degrees. A mean proportion of correct
performance of .642 (SD = .235) was achieved in the Generalization Test and was above
the .2 chance level [t(19) = 8.43, p < .001]. As shown in Table 2, both Tone ID scores and
1Qs were significantly correlated with Generalization scores. Because our main aim was to
evaluate the unique contribution of intrinsic brain activity to final learning outcome, we
controlled the effects of pre-training Tone ID and 1Q when using LFF measures to predict
Generalization.

3.2. Brain regions related to sound-to-word learning: ALFF analysis

To evaluate the unique contribution of regional spontaneous activity to sound-to-word
learning, we partially correlated Generalization scores with the ALFF value of each voxel
across the whole brain while controlling for the effects of Tone ID and 1Q. As shown in
Table 3 and Fig. 2, negative correlations between ALFF values and Generalization scores
were observed. The LSTG was the only region in which ALFF values were positively
correlated with Generalization scores. Negative correlations between ALFF values and
Generalization scores were identified in the several clusters, including PCUN/PCG, RITG,
ORBmMid, RSFGdor, RACG/LSFGmed, RANG/RMTG, RIPL/LANG and RSFGmed.

3.3. Brain regions related to sound-to-word learning: graph theory-based approaches

The global network properties, including Egiopal_90: Eiocal_90, Eglobal 1024, and Ejocal 1024
were not significantly correlated with generalization scores (r =-.42, p=.085,r =-.45, p
=.061,r =.19, p=.46, r = .33, p=.18, respectively). For the nodal measures, most results
did not meet the threshold estimated by permutation tests (the critical correlation
coefficients were shown in Table 4). We reported the results with uncorrected p < .005. As
shown in Table 4, Fig. 3 and Fig. 4, nodal measures in the following regions were correlated
with Generalization scores: LSTG (AAL-90/AAL-1024) in nodal efficiency and nodal
degree analyses, LANG (AAL-90), LPCG (AAL-90) and PCUN (AAL-1024) in nodal
degree analysis. More importantly, both ALFFs and nodal measures in these regions were
significantly correlated with Generalization scores.

3.4. Network analysis: group-level interactions between the DMN and other RSNs

Using ICA, the DMN, FPN, CON, DAN, AN, VN, and SMN were identified as single
components, whereas the language network comprised two separate systems: a left language
network (LLN) and a right language network (RLN, Fig. 5). Fisher's Z-scores for the full
correlations between the DMN and each of the other RSNs (method 1) indicated that the
DMN activity was anticorrelated with the FPN (r = —.12), CON (r = —.29), DAN (r = -.58),
LLN (r=-.22), RLN (r = -.42), AN (r = -.26), VN (r = -.10), and SMN (r = —.45). With
the exception of the DMN-VN pair value, all values were significantly different from zero.
As shown in Table 5 and Fig. 6, partial correlations of these r values with Generalization
scores (Tone ID and 1Q were covariates), revealed that DMN-DAN values were correlated
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with Generalization scores (r = .50, p = .035), DMN-VN values were marginally correlated
with Generalization scores (r = .41, p =.098), and the other values exhibited no significant
correlations.

Consistent with the full correlation (method 1) results, the partial correlations between the
DMN and each of the other RSNs (method 2) indicated that the DMN activity was anti-
correlated with the FPN (r = -.14), CON (r = -.29), DAN (r = -.57), LLN (r = -.23), RLN
(r =-.42), AN (r =-.26), VN (r = -.12), and SMN (r = -.43). With the exception of the
DMN-VN pair value, all other values were significantly different from zero. As shown in
Table 5 and Fig. 6, DMN-DAN values were correlated with Generalization scores (r = .52, p
.026), DMN-VN values were marginally correlated with Generalization scores (r = .45, p
.06), and the other values exhibited no significant correlations.

4. Discussion

How to use various aspects of spontaneous LFFs to predict future spoken language learning
success without prior hypotheses remains unexplored (Baldassarre et al., 2012; Supekar et
al., 2013; Ventura-Campos et al., 2013). Here, we applied an ALFF method, graph-based
nodal measures and ICA to provide converging evidence that the spontaneous activities of
specific regions objectively predict learning success without reliance on a pre-training task
that is closely related to the content the participants are require to learn. Previous RS-fMRI
studies have reported correlations between cognitive task performance and ALFF or graph-
based nodal measures (Mennes et al., 2011; Wang et al., 2013; Wei et al., 2012). However,
to the best of our knowledge, the current study is the first to demonstrate that ALFFs and
graph-based nodal measures are predictive of post-training learning success prior to training
experience in a completely data-driven manner. Additionally, network interaction analyses
revealed that anticorrelations between ICA-identified RSNs, such as the DMN and DAN,
can be inter-network-level predictors of learning capacity. Traditional task-related fMRI
studies of speech processing were initially thought to support a “task-positive” model,
whereas recent RS-fMRI studies have begun to explore the roles of “task-negative” regions
and networks in more general cognitive functioning (Whitfield-Gabrieli & Ford, 2012). As
subsequently discussed, our results indicate that different measures of LFFs provide novel
insights into how “task-positive” and “task-negative” regions and networks contribute to
spoken language learning.

4.1. Regional spontaneous activity and spoken language learning ability

Using an ALFF analysis that was sensitive to regional variations in spontaneous activity, we
observed that regional spontaneous brain activities correlated with learning throughout
various brain regions of the frontal, temporal, and parietal areas. Our two key findings are
detailed as follows.

First, ALFF values in the LSTG were positively correlated with Generalization scores. This
region has been proposed to be involved in acoustic-phonetic mapping in recent dual stream
models of speech processing (Hickok & Poeppel, 2007; Rauschecker & Scott, 2009).
Furthermore, the LSTG appears to be a computational hub within the language network
wherein phonological and semantic information interface. In our previous task-based fMRI
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study, participants discriminated pitch patterns of words before and after they were trained
to learn the words. Increased BOLD activation was observed in the LSTG following training
in the successful learners more so than in the less successful learners (Wong et al., 2007);
these findings are indicative of the important role of this region in the integration of phonetic
features (e.g., pitch patterns) into words. Using the same training procedure employed in the
present study, our previous diffusion MRI study highlighted the potential structural
significance of the LSTG in sound-to-word learning by revealing an extreme capsule ventral
pathway composed of an inferior longitudinal fasciculus branch that runs along the LSTG.
Within this pathway, the white matter fractional anisotropy was correlated with sound-to-
word learning success (Wong et al., 2011). Furthermore, the role of the LSTG in novel-
sound learning might depend on lexical context. For example, several cross-linguistic
studies have identified the left IFG as a crucial region for the processing of pitch in a non-
lexical context (Wong, Parsons, Martinez, & Diehl, 2004). However, ALFF values of the
left IFG were not correlated with learning performance, which further emphasizes the
specific contribution of the LSTG to learning in a true lexical context (e.g., a word context,
Wong et al., 2007). Future studies should investigate the functional dissociation between the
left IFG and the LSTG in learning novel sounds in different contexts.

Second, negative correlations between ALFF values and Generalization scores were
observed in several clusters, including PCUN/PCG, RITG, ORBmid, RSFGdor, RACG/
LSFGmed, RANG/RMTG, RIPL/LANG and RSFGmed. The DMN is composed of a group
of large but widely separated clusters (e.g., PCUN/PCG, RITG, ORBmid, RANG/RMTG,
RIPL/LANG) located in the core DMN regions (Buckner, Andrews-Hanna, & Schacter,
2008; Whitfield-Gabrieli & Ford, 2012). Although the ACG and SFG do not belong to the
core DMN, they were identified as extended DMN regions in an affective reappraisal task
(Sheline et al., 2009). Thus, all these clusters with negative correlations were considered
DMN regions. The brain activities in these regions are greater during rest than during
engagement in goal-oriented tasks, which indicates that DMN deactivation is required for
the performance of tasks (Buckner et al., 2008). Consistent with this view, a recent task-
based fMRI study demonstrated that slower target response times were preceded by greater
DMN activation during a classic vigilance task (Hinds et al., 2013). Although DMN
activation was observed in the pre-stimulus period rather than in the resting-state, the
findings of Hinds et al. (2013) indicate that DMN activity reflects the ability to process task-
related stimuli to enable optimal performance. Our results demonstrate that successful
learning benefits from low levels of spontaneous activity in DMN regions during a task-free
period without task engagement. Our results also suggest that for the acquisition of novel,
complex sounds, successful learning requires the learner to deactivate the DMN.

Our finding that regional spontaneous activity measure can be used to predict language
learning capacities is of particular importance in the context of the investigation of neural
predictors of spoken language learning. First, various methods for defining ROIs have been
widely used in previous resting-state studies (Baldassarre et al., 2012; Supekar et al., 2013;
Ventura-Campos et al., 2013). Through the application of regional measures without prior
ROls, inconsistencies produced by the different methods can be ruled out. Second, although
rsFC is widely used (Baldassarre et al., 2012; Lewis, Baldassarre, Committeri, Romani, &
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Corbetta, 2009; Supekar et al., 2013; Vahdat, Darainy, Milner, & Ostry, 2011; Ventura-
Campos et al., 2013), it remains difficult to draw conclusions from the specific regions that
contribute to learning because rsFC reflects synchronization between two regions rather than
the regional activity within a specific region. Through the examination of ALFFs, regional
measures can be used as the first step for investigations of the neural predictors of spoken
language learning at the regional level.

4.2. Graph theory-based measures and spoken language learning ability

Several RS-fMRI studies have demonstrated learning-related changes in functional
connectivity, and the authors have discussed the relationships of these changes with learning
capacity. However, a direct link between intrinsic and whole-brain functional connectivity
and individual differences in learning capacity has not been observed. In the present study,
graph theory-based approaches were implemented to examine the extent to which the
topological properties of specific regions and the global network could be used to infer
spoken language learning. Although we did not observe significant correlations between
global network measures and Generalization scores, our exploratory analysis revealed that
nodal efficiency, nodal degree and nodal betweenness for some significant ALFF-analysis
regions (e.g., LSTG, LANG, LPCG and PCUN) correlated with Generalization scores.
These effects are generally consistent with the findings of RS-fMRI studies, which indicate
that nodal measures are associated with individual differences in variables such as aging,
pathological disease and cognitive processes (Wang et al., 2010). Both nodal degree and
nodal efficiency reflect the importance of individual regions in the whole network, and the
greater nodal efficiency of this region implies more rapid transmission of information
between that region and the global network. The observation that increased nodal degree and
nodal efficiency in the LSTG were associated with improved learning capacity indicates that
individuals with more information integration in the LSTG would show greater potential for
sound-to-word learning. We also observed nodal measures in some DMN regions (e.g.,
LANG, LPCG and PCUN) were negatively correlated with Generalization scores. The
correlations pattern converged with our ALFF results in that the ALFF of LSTG was found
to be positively correlated with learning, whereas the ALFFs of those DMN regions were
negatively correlated with learning. Thus, these findings further support the idea that
learning might benefit from emphasizing task-related regions and de-emphasizing DMN
regions. Taken together, these results suggest that the intrinsic cortical network is organized
in a specific manner; high local efficiency and strengthened connections in task-related
regions and weakened connections DMN regions may improve the acquisition of a foreign
language.

Given that global measures, such as global and local efficiencies, have been associated with
task performance (Sheppard et al., 2011; L. Wang, Li, Metzak, He, & Woodward, 2010) in
task-fMRI data and pathological disease in RS-fMRI data (Bassett & Bullmore, 2009), it
was surprising that global measures, such as Egjobal, Ejocal, did not correlate with learning
capacity in our data. One potential explanation for the absence of these correlations is that
the participants in our study were healthy adults, and the global brain network at rest is
topologically stable and similar across the participants. Thus, the global measures might not
have been sufficiently sensitive to detect the variations in learning capacity.
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4.3. Network interactions and spoken language learning ability

RS-fMRI studies have consistently demonstrated that the human brain is organized into
several large-scale distributed networks. Using ICA, in the present study, several RSNs were
identified in a data-driven manner. Anticorrelated interactions between the DMN and other
RSNs are commonly interpreted as “competition” (Fox et al., 2005). The DMN exhibited
anticorrelation with the other RSNs, with the exception of the visual network (e.g., VN);
these findings are consistent with the concept that competition between two large systems,
e.g., the DMN and the task-positive system, is reflected in spontaneous or intrinsic brain
dynamics.

The concept of “competition” has been shown to support normal cognitive functioning
(Castellanos et al., 2008; Whitfield-Gabrieli et al., 2009) and to reflect individual variations
in task performance (Fornito et al., 2012; Kelly et al., 2008). Specifically, one of the
attention networks (e.g., DAN) is hypothesized to modulate externally directed attention via
top-down orienting (Corbetta & Shulman, 2002; Ptak & Schnider, 2010), whereas the DMN
is associated with internal cognitive processes and deactivates during orienting driven by the
external environment (Greicius, Krasnow, Reiss, & Menon, 2003). This opposing pattern
might represent a hallmark of normal brain functioning (Whitfield-Gabrieli & Ford, 2012).
In our data, the association between better learning performance and a weaker
anticorrelation between the DMN and DAN speaks against the hypothesis that a greater
separation (i.e., stronger anticorrelation) of the DMN and task-positive networks, such as
DAN, should enhance task performance. This hypothesis has been supported by evidence
that stronger anticorrelations (r values that approach —1) between the DMN and the task-
positive attention network are associated with less variable task performance (Kelly et al.,
2008). However, the functional significance of the co-activation or “cooperation” (r values
approach 1) between these networks has been demonstrated in recent works (Christoff,
Gordon, Smallwood, Smith, & Schooler, 2009; Fornito et al., 2012; Prado & Weissman,
2011). Prado and Weissman (2011) noted that less variable performances might indicate less
improvement or less deterioration of behavior; the authors indicated that an increased
“cooperation” (r values approach 1) between DMN region and task-positive attention
network regions is associated with increased response times (RTs) in the current trial (i.e.,
poor performance) and deceased RTs in the next trial (i.e., enhanced performance) in a
selective attention task. These authors hypothesized that the degree of anticorrelation
between the DMN and the task-positive networks supports current task performance,
whereas the degree of co-activation between these networks reflects performance
improvement. In the context of learning a new skill, compared with less successful learners,
successful learners typically achieve greater progress after they receive the same period of
training. This difference might explain why we observed that weaker, not stronger
anticorrelations between the DMN and the DAN, were associated with higher
Generalization scores in our data. Our findings suggest that this weaker anticorrelation
might reflect the cognitive system's ability to make adaptive changes (Prado & Weissman,
2011) that are essential for learning.

Notably, our findings were based on RS-fMRI data, and network interactions might exhibit
covariations in different contexts (Fornito et al., 2012). It is unclear whether the relationship
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between the DMN-DAN interaction and learning capacity is consistent across resting and
task conditions. Future studies that combine resting-state and task-based fMRI may further
elucidate the nature of this relationship by examining whether it is altered in different
resting-states (e.g., eyes-closed and open) and task-states (e.g., learning-related and
learning-unrelated tasks).

4.4. Limitations

In searching for converging evidence through multiple analytical methods, several decisions
regarding the analyses may have influenced our results. First, for the graph theory-based
analyses, we chose not to regress out the global mean signal to avoid negative FCs and
anticorrelations between regions (Rubinov & Sporns, 2010). For the network interaction
analyses, we chose to regress out the global mean signal to investigate the anticorrelations
between RSNs (Fox et al., 2005). The inconsistency in the handling of the global mean
signal might lead to controversies regarding the explanation of the anticorrelation results
(Fox, Zhang, Snyder, & Raichle, 2009; Murphy, Birn, Handwerker, Jones, & Bandettini,
2009). We note that our graph theory-based analysis was independent of our network
interaction analyses, and these analyses focused on different aspects of the brain networks.
To avoid negative correlations produced by global mean signal removal (Murphy et al.,
2009), we did not regress out the global mean signal in our graph theory-based anlaysis
(Rubinov & Sporns, 2010). However, global mean signal removal has been shown to be
effective in removing physiological noise and improving FC specificity when anticorrelated
RSNs (Fornito et al., 2012; Fox et al., 2005; Weissenbacher et al., 2009), such as the DMN
and DAN, are considered. Consequently, in our opinion, it is reasonable that global mean
signal removal was applied selectively in the network interaction analyses but not in our
graph theory-based analyses. Additional work that applies approaches that remove
physiological noise without global mean signal removal is needed to determine the
robustness of the anticorrelated RSNs that were identified in the current work.

Although ALFF has been widely applied in RS-fMRI studies, the nature of ALFF in
cognitive performance remains unclear. By definition, ALFF measures the brain signal
variability (variance) in the frequency domain. However, traditional analysis method of task-
fMRI is based on the mean signal in the time domain. It is possible that ALFF captures
different aspects of brain signals that task-fMRI studies are not able to uncover. Future
studies will need to combine task-based fMRI and RS-fMRI to reveal different aspects of
brain signaling in cognitive performance.

Third, the graph theory-based analysis and the internetwork connectivity analysis results did
not pass the corrected threshold. Thus, those results should be treated as exploratory.
However, we found that different RS-fMRI parameters (e.g., ALFF and nodal measures) in
the LSTG correlated with learning success. Future studies will need to apply voxel-wise
graph theory-based analysis and examine whether ALFF analysis results and graph theory-
based analysis results would converge.

Fourth, our relatively small sample size may undermine the reliability and robustness of our
results. Future studies will need to apply a larger sample size to further assess the stability of
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the relationship between learning performance and the RS-fMRI measures we used in the
current study.

5. Conclusions

By using RS-fMRI to investigate the neural predictors of individual differences in spoken
language learning, we demonstrated that sound-to-word learning success is predicted by the
regional spontaneous activities of “task-positive” regions, such as LSTG, and “task-
negative” network regions. Furthermore, we demonstrated that the topological properties of
the LSTG are associated with learning. Finally, we obtained evidence that inter-network
interactions predict learning. Taken together, the results of the present study support the
claim of the STR hypothesis that distinct LFF patterns reflect individual differences in
behavior by showing different RS-fMRI measures that predict learning success. The results
also indicate that different measures of spontaneous brain activity provide complementary
information, and extend our understanding of the nature of spontaneous brain activity and
individual variations in learning and adaptive behavior. More importantly, the results
provide evidence that individual differences in spoken learning success can be predicted
objectively and without guidance of task-related fMRI and prior hypotheses. Because the
RS-fMRI does not require a task, it can be ideal for studies on clinical population who are
unable to perform complex tasks. RS-fMRI might also represent a useful screening method
for evaluating disease-related pathology because it can be conducted over a short period
without a fMRI localizer task.
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Fig. 2.
ALFF-behavior correlation analyses. A) Statistical maps of partial correlations between

ALFF values and Generalization scores after controlling for the effects of Tone ID and 1Q (p
<.05, corrected by AlphaSim with cluster size > 54 voxels). The ALFF values were mapped
on the cortical surface by using BrainNet Viewer (Xia, Wang, & He, 2013). The correlation
r value is presented by the color bar at the bottom. L: left; R: right. B) Scatter plots showing
partial correlations between the mean ALFF within each region plotted in A and
Generalization scores after controlling for the effects of Tone ID and 1Q. For the
RANG/MTG and the LIPL/LANG clusters, one extreme data point was removed. Before
data point removal, the correlation value was —.78 and —.68 for the RANG/MTG and the
LIP/LANG, respectively.
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Correlations between nodal network measures (AAL-90) and Generalization scores after
controlling for the effects of Tone ID and IQ (data without global signal regression;
uncorrected p < .005).
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Fig. 5.
Fisher's Z-scores maps of each of the nine RSNs of interest (p < .05, corrected using

AlphaSim test with cluster sizes > 56 voxels). Fisher's Z-scores were mapped on the cortical
surface by using BrainNet Viewer (Xia et al., 2013). L: left; R: right.
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Fig. 6.

Correlations between DMN-DAN connectivity and Generalization scores after controlling
for the effects of Tone ID and IQ (uncorrected p < .05).
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List of cortical anatomical regions and abbreviations used in the regional analysis.

Table 1

Region Abbreviation Region Abbreviation
Anterior cingulate gyrus  ACG Superior temporal gyrus STG
Angular gyrus ANG Temporal pole (superior) TPOsup
Calcarine cortex CAL Temporal pole (middle) TPOmiId
Caudate CAU Orbitofrontal cortex (middle) ORBmid
Hippocampus HIP Olfactory OLF
Superior temporal gyrus  HG Posterior cingulate gyrus PCG
Inferior temporal gyrus ITG Parahippocampal gyrus PHG
Inferior occipital gyrus 10G Precuneus PCUN
Insular INS Supplementary motor area SMA
Middle temporal gyrus MTG Superior frontal gyrus (dorsal) ~ SFGdor
Middle occipital gyrus MOG Superior frontal gyrus (medial) SFGmed
Superior frontal gyrus SFG Superior occipital gyrus SOG
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Correlations between Generalization scores and cognitive measures.

Table 2

Measure Age Gender 1Q AWM SB TonelD
Generalization .05 17 _55* 19 .27 _73**
Age -24 .02 -04 06 .07
Gender .38 -.08 A1 18
1Q 42 -03 42
AWM 44 24
SB 43

*
p<.05

*%
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p <.001. AWM: auditory working memory; SB: sound blending (measure of phonological awareness); Tone ID: tone identification pre-training.
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Table 3

Clusters in which ALFF values were significantly correlated with Generalization scores.

Region (BA) r (peak/cluster) No. of voxels Peak M NI coordinates

X y z

Avreas in which ALFF values were positively correlated with Generalization scores

LSTG/LHG(79/81) .66/0.74 90 -51 -15 12
Avreas in which ALFF values were negatively correlated with Generalization scores

RITG (90) -.79/-.81 92 60 =21 =21
ORBmMid (25/16) -.75/-.80 85 -3 54 -12
PCUN/PCG (66/67/33/34) -.80/-.83 211 -12 =57 24
RSFGdor (4) -.75/-.89 83 30 54 12
RACG/LSFGmed (32/23) -.75/-.82 115 6 45 21
RANG/RMTG (66/86) -.75/-.64 146 57 -54 21
LIPL/LANG (61/65) -.85/-.48 115 -48 -51 39
RSFGmed (24) -.80/-.82 183 12 33 55

L: left; R: right; STG: superior temporal gyrus; HG: Heschl gyrus; ITG: inferior temporal gyrus; ORBmid: orbitofrontal cortex (middle); PCUN:
precuneus; PCG: posterior cingulate gyrus; SFGdor: superior frontal gyrus (dorsal); ACG: anterior cingulate gyrus; MTG: middle temporal gyrus;
IPL: inferior parietal lobule; ANG: angular gyrus; SFGmed: superior frontal gyrus (medial).
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Table 4

Correlations between nodal measures and Generalization scores.

Measures Regions (labelsin AAL_90/AAL_1024 atlas)

AAL-902

Groc Lste g HOCG3) | ang 5" Lpca (35)*
.64 (.004) 71 (.001) -.69 (.002) —.63 (.005)

Enodal LSTG (81)#
.72 (.001)

Nic LMOG (51)
~.70 (.001)

AAL-1024°

hodal LSOG (270) LsTG (947)"  LSTG (1009)" L10C (998)
69 (.002) 64 (.004) 64 (.004) .65 (.004)
LPCUN (234)" LPHG(286) RCAL(294)  LTPOmid (553)
~.72(.001) —.77(0002) .64 (.004) .68 (.002)
RMFG (595)  RPHG (663) RFFG(807)  RSFGmed (930)
-.69 (.002) —.64(004)  -.68(.002) —.69 (.002)
LPHG (1013)
-.67 (.003)

Enodal LsTG (1) L1OG(998) | gy (gopg)*  RSFGUor (595)
.67 (.002) .66 (.003) .66 (.003) —.65(.004)
LMFG (899)
.66 (.003)

Noe LMOG (905)
-.75 (.001)
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eLI'he lower/upper critical correlation coefficients obtained by permutation tests for dnodal, Enodal @nd Npc corresponded to —.73/0.72, —.69/0.71,
and —.76/0.77, respectively.

bThe lower/upper critical correlation coefficients obtained by permutation tests for dnodal, Enodal, and Npc corresponded to —.77/0.77, —.78/0.78,
and —.76/0.77, respectively. The p values (in parentheses) were not corrected for multiple comparisons. dnodal: nodal degree; Enodal: nodal
efficiency; Npg: nodal betweenness.

in these regions, ALFF values were significantly correlated with Generalization scores.
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Table 5

Correlations between inter-network interactions and Generalization scores.

Inter-network correlations using method 1/method 2

DMN-LLN DMN-RLN DMN-DAN DMN-PFN DMN-CON DMN-AN DMN-VN DMN-SMN
.14/0.13 .30/0.16 .25/0.33 .41/0.45 .09/0.10

Generalization .23/0.09 .17/0.31 5030522

a . .
p <.05. The p values were not corrected for multiple comparisons.
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