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Abstract
Objective: The language control network is vital among language-related net-
works responsible for solving the problem of multiple language switching. Re-
searchers have expressed concerns about the instability of the language control
network when exposed to external influences (e.g., Long-term second language
learning). However, some studies have suggested that the language control net-
work is stable. Therefore, whether the language control network is stable or
not remains unclear. Methods: In the present study, we directly evaluated the
stability and instability of the language control network using resting-state func-
tional magnetic resonance imaging (rs-fMRI). We employed cohorts of Chinese
first-year college students majoring in English who underwent second language
(L2) acquisition courses at a university and those who did not. Two resting-
state fMRI scans were acquired approximately 1 year apart. We found that
the language control network was both moderately stable and unstable. We
further investigated the morphological coexistence patterns of stability and in-
stability within the language control network. First, we extracted connections
representing stability and plasticity from the entire network. We then evalu-
ated whether the coexistence patterns were modular (stability and instability
involve different brain regions) or non-modular (stability and plasticity involve
the same brain regions but have unique connectivity patterns). Results: We
found that both stability and instability coexisted in a non-modular pattern.
Compared with the non-English major group, the English major group has a
more non-modular coexistence pattern. Limitations: This study spanned a wide
range of practices, and the sources of variation in the linguistic control network
could not be precisely controlled to ensure that the values were derived from
bilingual experience. Conclusions: These findings provide preliminary evidence
of the coexistence of stability and instability in the language control network.
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Conclusions: These findings provide preliminary evidence of the coexistence of
stability and instability in the language control network.
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Abstract
Objective: The language control network is vital among language-related net-
works responsible for solving the problem of multiple language switching. Re-
searchers have expressed concerns about the instability of the language control
network when exposed to external influences (e.g., long-term second language
learning). However, some studies have suggested that the language control net-
work is stable. Therefore, whether the language control network is stable or not
remains unclear.

Methods: In the present study, we directly evaluated the stability and insta-
bility of the language control network using resting-state functional magnetic
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resonance imaging (rs-fMRI). We employed cohorts of Chinese first-year college
students majoring in English who underwent second language (L2) acquisition
courses at a university and those who did not. Two resting-state fMRI scans
were acquired approximately one year apart. We found that the language con-
trol network was both moderately stable and unstable. We further investigated
the morphological coexistence patterns of stability and instability within the lan-
guage control network. First, we extracted connections representing stability
and plasticity from the entire network. We then evaluated whether the coex-
istence patterns were modular (stability and instability involve different brain
regions) or non-modular (stability and plasticity involve the same brain regions
but have unique connectivity patterns).

Results: We found that both stability and instability coexisted in a non-
modular pattern. Compared with the non-English major group, the English
major group exhibited a more non-modular coexistence pattern.

Limitations: This study spanned a wide range of practices, and the sources of
variation in the linguistic control network could not be precisely controlled to
ensure that the values were derived from bilingual experience.

Conclusions: These findings provide preliminary evidence of the coexistence
of stability and instability in the language control network.

Keywords: Resting-state functional connectivity; Connectome fingerprint
identification; Language control; Temporal complexity

Introduction
In multicultural and multilingual societies, bilinguals are required to switch be-
tween languages. This process requires bilingual language control, which refers
to the cognitive abilities that minimize interference from the non-target lan-
guage when bilinguals use the target language (Declerck et al., 2015). Previous
studies have proposed that language control processes involve a complex neural
network that includes multiple cortical and subcortical brain regions (Abutalebi
& Green, 2016; Green & Abutalebi, 2013; C. Liu, de Bruin et al., 2021; R.
Wang et al., 2016; Wu et al., 2019). For example, a meta-analysis of studies on
bilingual language control identified eight brain regions as part of the language
control network: the pre-supplementary motor area (pre-SMA), left inferior
frontal gyrus (IFG), left middle temporal gyrus, left middle frontal gyrus, right
precentral gyrus, right superior temporal gyrus, and bilateral caudate (Luk et
al., 2012). In addition to these regions, the dorsal anterior cingulate cortex is
often activated during language control and plays a role similar to that of the
pre-SMA (Abutalebi et al., 2013; Abutalebi & Green, 2016; Branzi et al., 2016).

Previous studies have shown that resting-state brain connectomes are stable
(Amico & Goñi, 2018; Bari et al., 2019; Chen et al., 2015; Finn et al., 2015;
Kaufmann et al., 2017; J. Liu et al., 2018; Munsell et al., 2020; Ravindra et al.,
2019; Yeh et al., 2016; Zhang et al., 2022; Zuo & Xing, 2014). This stability is
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peculiar, similar to that of a fingerprint, indicating that the brain connectome
is highly variable across individuals (unique) but highly reliable (stable) at dif-
ferent times in each individual (Dufford et al., 2021). Notably, a high degree
of stability is present in the prefrontal lobe (Finn et al., 2015; J. Liu et al.,
2018; L. Liu et al., 2020; Yeh et al., 2016; Zhang et al., 2022). Furthermore,
several brain regions in the language control network belong to the frontopari-
etal lobe. Therefore, stability may also exist in the language control network.
In addition, several studies have indirectly supported the stability of language
control networks. For example, Liu et al. (2021) found that long-term second
language (L2) learning modified only the functional connectivity strength be-
tween two brain regions of the language control network, whereas the other
brain regions remained unchanged. Furthermore, extended classroom instruc-
tion did not modify the gray matter volume of the left anterior cingulate cortex
or caudate, which are components of the language control network (C. Liu, Jiao,
et al., 2021). Therefore, the language control network may be inferred to have
a certain degree of stability; however, this has not been directly confirmed.

In addition to stability, the brain also exhibits instability. Dufford et al. (2021)
revealed that the brains of one-year-old infants are not as stable as those of
adults and proposed that this instability is due to extensive and significant
alterations in the infant’s brain. Similarly, the language control network is
believed to undergo significant changes during adulthood (Antoniou, 2019). The
representative theories about the instability of language control networks are the
dynamic restructuring model (DRM) (Pliatsikas, 2020) and the adaptive control
hypothesis (ACH) (Green & Abutalebi, 2013). DRM suggests that language
learning and switching experiences lead to dynamic restructuring. ACH suggests
that the language control network adapts to L2 learning experience (Abutalebi
& Green, 2016; Green & Abutalebi, 2013). Both DRM and ACH propose that
language experience shapes the language control network. This proposal is
supported by findings that the connectome of language control networks changes
significantly after long-term L2 learning (Barbeau et al., 2017; Kang et al., 2017)
and that both regional brain activity and functional connectivity are sensitive
to L2 experience (Zou et al., 2012; Abutalebi and Rietbergen, 2014; Baum
and Titone, 2014; Bialystok, 2014; Li et al., 2014; Tu et al., 2015; Kroll and
Chiarello, 2016; Pliatsikas, 2020).

The language control network may be simultaneously stable and unstable, and
it may seem contradictory to think that a brain network has two contrasting
properties. However, Spear (2013) proposed that this is possible because there is
a balance between stability and instability in the brain. Specifically, instability
indicates that the brain can adapt to new experiences throughout life, whereas
stability indicates that the brain can resist certain changes to maintain reliable
cognition and behavioral patterns. The same is true for the language control net-
work, which requires a stable structure to fulfill its function of language control
but also exhibits instability to accommodate bilingual experiences. Since stabil-
ity and instability can coexist in the language control network, understanding
how they coexist is essential. Fedorenko and Thompson-Schill (2014) provide
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valuable insights into two potential coexistence models. The first proposes that
distinct functions are achieved through the combination of a core module and
specific peripheral modules, with each module comprising various nodes (dif-
ferent brain regions). In the language control network, certain brain regions
are involved in functions that lead to perceptual instability, whereas others are
responsible for maintaining stability in language control abilities. However, the
second model suggests no modularity in the language network; instead, the
entire language network performs its corresponding functions by reorganizing
itself into different patterns. Brain regions within the language control network
adapt to the environment via a specific pattern of connectivity. This pattern
must exhibit significant instability, whereas other patterns must remain stable
to fulfill certain requirements.

Therefore, we propose two alternative hypotheses regarding the coexistence of
stability and instability in the language control network. The first is that the
coexistence pattern is modular, with one set of nodes supporting stability and
another set supporting instability (Fig. 1C [Figure 1: see original paper]). This
hypothesis suggests tight inner connections between nodes within the same set
but loose connections between nodes from different sets. In this case, the nodes
of the language control network can be modularized into two clusters, each
focusing on a specific feature. The other hypothesis is that coexistence may not
be modular; the entire network implements language control through a specific
connection pattern, whereas no other connection pattern is involved in language
control. This implies that some connections in the language control network
may easily change over time, whereas others remain stable. In this case, the
instability and stability of the network are embodied by separate connections
(Fig. 1C).

In addition, the coexistence pattern of the language control network may be
modulated by L2 experience. Different levels of L2 experience can lead to dif-
ferent levels of brain remodeling (Caffarra et al., 2015; Cargnelutti et al., 2022;
Kotz, 2009; Połczyńska & Bookheimer, 2021). DRM also suggests that with
an increase in L2 experience, instability manifests in three distinct patterns.
Notably, diverse levels of language proficiency elicit varying impacts on the
language control network. L2 experience might influence the balance between
stability and instability in the language control network, as increased bilingual
experience may lead to a less stable network. However, the morphological ap-
pearance of the pattern of higher instability coexisting with lower stability has
not yet been adequately investigated.

In the present study, we aimed to investigate the coexistence of stability and in-
stability in the language control network. To achieve this, we used resting-state
functional magnetic resonance imaging (fMRI) data at one-year intervals. Fur-
ther, we aimed to explore the relationship between bilingual experience and co-
existence patterns. For this, we employed datasets from native Chinese-speaking
college students who majored in English and those who did not. English majors
received long-term, diverse classroom L2 learning, whereas non-English majors
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received less diverse and frequent weekly classroom L2 learning. First, data
from both groups were used to directly measure stability and instability in the
language control network. Next, we determined whether the morphological co-
existence pattern was modular. Finally, we investigated whether there were
differences in the coexistence of stability and instability in the language control
network between English and non-English majors.

2.1 Participants
Fifty-four college students were recruited for this study. The students under-
went two fMRI scans approximately one year apart. Three participants were
excluded because they did not participate in the post-test session, and another
three were excluded because of poor data quality due to excessive head move-
ment. Therefore, 49 participants were included in the final analysis (35 women;
mean age = 18.52 years [standard deviation (SD) = 1.17]). The 49 participants
were divided into two groups: English majors and non-English majors. The
English majors group included 20 first-year undergraduate students (18 women;
mean age: 18.52 years [SD: 0.68]) majoring in English at South China Normal
University (SCNU). During the year of L2 learning, the participants accessed
naturalistic, varied, and immersive L2 learning in real life, different from tradi-
tional L2 learning studies in which specific training tasks (phonological/semantic
choice tasks) under laboratory conditions were used (Qu et al., 2017; Wang et
al., 2017). The average age at which they started learning English was 7.60
years (SD = 3.0). This study was approved by the Research Ethics Commit-
tee of SCNU. All participants signed written informed consent forms before the
experiment and received compensation for their time.

For consistency with the categories of L1 and L2 for the English majors and the
level of education in universities, 29 Chinese college students from the Southwest
University Longitudinal Imaging Multimodal (SLIM) dataset, which is available
online (http://fcon_{1000}.projects.nitrc.org/indi/retro/southwestuni_{{{qiu}}_{{index}}}.html)
and documented in the study of Liu et al. (2017), were recruited as the non-
English majors group (17 women; mean age: 19.68 years [SD: 1.09]). They were
all native Chinese speakers, and none were English majors. Compared with
English majors, non-English majors received less classroom English learning in
one year. They only received 1–2 hours of weekly English classroom learning,
mainly listening and speaking, which is far less in quantity and variety than
the approximately 40 hours of weekly bilingual learning for English majors.
Data on the age at L2 acquisition for the non-English majors group was missing
because it was unavailable in the public database. However, both English and
non-English majors underwent the Combined Raven’s Test. An independent
samples t-test showed no significant differences in intelligence levels between
the two groups (t = 1.28, df = 48, p = 0.209).
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2.2 Stimuli and Experimental Design
The English majors underwent two sessions of resting-state scanning within
one year, once in the first semester of their first year (Session 1) and once in
the third semester (Session 2). In both sessions, they completed a self-rating
scale (range: 1–7 [1 = not proficient and 7 = very proficient]) to assess their
L2 proficiency. We also employed the Oxford Placement Test (OPT) in the
post-learning session to ensure the reliability of the self-rating scale. Pearson’s
correlation analyses revealed a significant positive correlation between the self-
rated English proficiency and OPT scores (r = 0.355, p < 0.05), confirming
that the self-rating scale was somewhat reliable. The non-English majors group
also underwent two sessions of scanning within one year. Due to the lack of
assessment of L2 proficiency in the SLIM dataset, non-English majors had no
English proficiency scores.

The close rankings of the two universities in the U.S. News & World Report
Best Global Universities Rankings (Southwest University ranked 667, whereas
SCNU ranked 770) and ShanghaiRanking’s Best Chinese Universities Rankings
(Southwest University ranked 72, whereas SCNU ranked 79) suggest that stu-
dent levels are relatively similar. Therefore, it is unlikely that the non-English
majors group at one university would have a higher proficiency level than the
English majors group at the other university. In addition, English majors are
believed to have greater L2 proficiency than non-English majors because they
receive approximately 20 times longer and richer L2 education.

2.3 Imaging Data Acquisition
Resting-state fMRI scanning lasted for 8 minutes. During scanning, partici-
pants were asked to close their eyes, rest, think of nothing, and remain still.
MRI images were acquired using a 3T Siemens Trio scanner with a 12-channel
phase-array head coil at SCNU. Functional images were acquired using a T2*-
weighted gradient-echo echo planar imaging (EPI) sequence with the following
parameters: repetition time (TR) = 2000 ms, time to echo (TE) = 30 ms, flip
angle = 90°, field of view (FOV) = 204 × 204 mm2, matrix = 64 × 64, slice
thickness = 3.5 mm, interslice gap = 0.5 mm, and voxel size = 3 × 3 × 3.5
mm3. High-resolution brain structural images were acquired for all participants
using a three-dimensional T1-weighted MP-RAGE sequence (TR = 1900 ms,
TE = 2.52 ms, flip angle = 9°, FOV = 256 × 256 mm2, matrix = 204 × 204,
slice thickness = 1 mm, and voxel size = 1 × 1 × 1 mm3).

Images of the non-English majors group were acquired using a 3T Siemens Trio
scanner with a 12-channel phase-array head coil at Southwest University. Func-
tional images were obtained using a T2*-weighted gradient-echo EPI sequence
(TR = 2000 ms, TE = 30 ms, flip angle = 90°, FOV = 220 × 220 mm2, matrix
= 64 × 64, slice thickness = 3.0 mm, interslice gap = 0.5 mm, and voxel size =
3.4 × 3.4 × 3.0 mm3).
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2.4 Imaging Data Preprocessing
Data were preprocessed using the GRETNA toolbox based on SPM 12
(www.fil.ion.ucl.ac.uk/spm/software/spm12/) (Wang et al., 2015). The pre-
processing steps included: (1) removing the first 10 images, (2) slice timing
correction, (3) realignment, (4) normalization to MNI space, (5) resampling
to 3 mm isotropic voxels, (6) spatial smoothing with a 6 mm full width at
half maximum Gaussian kernel, (7) removal of linear drift, (8) regressing
out 24-parameter head motion profiles (Friston et al., 1996) and the global,
white matter, and cerebrospinal fluid signals, and (9) temporal filtering with a
frequency band of 0.008–0.083 Hz.

2.5 Network Construction
Based on previous studies and meta-analyses (Green & Abutalebi, 2013; Luk et
al., 2012; Sun et al., 2019), we selected 11 regions of interest (ROIs) as nodes
to construct a language control network (Fig. 1A). All nodes were defined as
spheres with a radius of 6 mm. The mask for the ROIs is based on the brain
mask provided by the GRETNA toolbox (Wang et al., 2015). The coordinates
of the nodes in the networks are presented in Table 1 . Functional connectivity
matrices were analyzed using the GRETNA toolbox (Wang et al., 2015).

The steps of functional connectivity (FC) network construction are as follows:
(1) the BOLD time series of all voxels within each node was averaged; (2) the
inter-nodal Pearson’s correlation of BOLD time series was computed; (3) Fisher
r-to-Z transformation was applied.

2.6 Tests of Stability and Instability
Functional connectome fingerprint identification (fingerprinting) was performed
to determine whether the language control network was stable. In addition,
instability was evaluated using a classifier (Fig. 1B).

2.6.1 Functional Connectome Fingerprint Identification

The stability of the entire language control network was evaluated using func-
tional connectome fingerprint identification (Finn et al., 2015). This method,
also known as “fingerprinting,” can individually identify different people based
on their functional connections (Bari et al., 2019; Dufford et al., 2021; Finn et
al., 2015; Ravindra et al., 2019).

Fingerprinting was implemented through the following steps: (1) selecting a
participant and computing the Pearson correlation between this participant’s
connectivity network in the pre-session and all other participants’ networks in
the post-session—if the two networks from the same participant had the highest
correlation coefficient, this participant’s identification was successful; (2) calcu-
lating the accuracy for each participant and then summing them to obtain total
accuracy (the accuracy of pre-session to post-session); (3) computing another
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total accuracy after switching the pre- and post-session (the accuracy of post-
session to pre-session), and then computing the average value between the two
accuracies as the fingerprinting accuracy to ensure robust results; (4) permuta-
tion testing: randomizing the index of subjects in one set and computing the
total accuracy—this permutation test was repeated 1000 times, and statistical
significance was defined as the percentage of the accuracy distribution higher
than the original accuracy.

2.6.2 Network Classifier

A classifier is a machine learning algorithm that can automatically categorize
data into one or more sets of “classes.” In the present study, the classifier
was used to detect non-linear group differences in the language control network
between pre- and post-session and to categorize the resting-state fMRI data into
pre- and post-session classes.

The pre-session network was labeled -1, whereas the post-session network was
labeled 1. Because of the small number of participants, leave-one-out cross-
validation was used to evaluate the generalizability of the model (Tang et al.,
2018). First, a participant’s pre- or post-test data were employed as a test
set, and then the model was trained using the remaining data. After obtain-
ing the model, we tested whether it could correctly predict whether the test
set belonged to the pre- or post-test. Analogously, each participant’s pre- and
post-test data were used as a test set to verify whether the model could success-
fully predict the pre- and post-tests. The final success percentage was used as
classification accuracy. The support vector classifier fits the training set, and
the model is cross-validated on the test set. Our classifier was based on the
LIBSVM toolbox (Chang & Lin, 2011), with a linear kernel and otherwise de-
fault parameters. The permutation was repeated 1000 times to obtain a p-value
for accuracy. In the present study, we selected the classification accuracy of a
Support Vector Machine (SVM) as an indicator of instability. This is because
SVMs fulfill the requirement of “the opposite of stability.” Specifically, high
stability, as measured using fingerprinting, implies significant interindividual
variability that remains stable over time. In contrast, instability implies small
individual differences that vary significantly over time. The SVM classification
method constructs a hyperplane separating participants at different time points.
The further the participants at different time points are from the hyperplane,
the higher the classification accuracy, whereas the smaller the individual differ-
ences within each time point, the less likely the data selected as the test set
will be misclassified. Therefore, when there is a difference between the pre-
and post-tests and the individual differences within the pre- and post-tests are
small, SVM has the best classification effect and the highest accuracy rate. In
addition, because SVM maps the data to a high-dimensional space, it can de-
tect non-linear differences at different time points and more accurately reflect
differences between time points.
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2.7 Coexisting Pattern Analyses
A series of analyses were performed to detect the morphological coexistence
pattern of stability and instability in the language control network. First, we
created a filter based on Differential Power (DP) to separate the edges of the
language control network into two parts: stability and instability (Fig. 1C).
Next, we compared the filter results with computer simulations to determine
whether the morphological coexistence pattern was modular (Figure 1D) [Figure
1: see original paper].

2.7.1 Stability and Instability Filters

The filter is responsible for filtering out the set of connections that best char-
acterizes stability and instability in the language control network, as shown in
Fig. 1C. Finn et al. (2015) reported using DP to determine the uniqueness and
stability of certain edges. Edges with high DP exhibited high fingerprinting
accuracy. The set of these edges was defined as the stable part of the language
control network (Figure 1C). According to the DP algorithm, it can be further
inferred that edges with low DP have low uniqueness and are unstable or change
more obviously, implying that they exhibit high instability.

Furthermore, classifier accuracy can be used to measure the degree of instability.
Consequently, the set of edges with low DP that had the highest classifier accu-
racy was defined as the unstable part of the language control network (Figure
1C). Therefore, we built a three-part filter to determine the stable and unstable
parts. The first step is DP analysis, which produces a DP matrix to inform
subsequent steps. The second is the stability filter, which is based on a DP
matrix and fingerprinting. The third step is the instability filter, which is based
on the DP matrix and classifier.

Differential Power Analysis Finn et al. (2015) indicated DP as an indicator
to quantify the uniqueness of each edge within a network. A high DP indicates
that the edge in one set (pre-session) is similar to the same edge in another set
(post-session) but different from other edges in the post-session. The DP analysis
was implemented using custom code. We largely maintained the algorithm of
Finn et al. (2015) but adapted it slightly according to the data features in the
present study to prevent infinite DP values. The steps for DP analysis are as
follows:

(1) Computing consistency of edges: indicates two normalized functional net-
work matrices from pre- and post-session, respectively. indicates subject,
indicates subject different from , indicates edge, and M is the total number
of edges in one network. indicates a vector of correspondence when the
subject subscript is matched, whereas indicates vectors of correspondence
when the subscript is unmatched. The specific formula is as follows: =
1,2,3, �, = 1,2,3, �, , 푖 = 1,2,3, �, , 푖
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(2) Computing empirical probability: is equal to , edge does not help to dis-
tinguish an individual from others. Therefore, an edge contributes to
fingerprinting only if it satisfies the following conditions: > 푖, and Based
on the above conditions, we use an empirical probability to quantify the
DP of identification:

Where n denotes the number of participants. is considered the same as the
p-value in a standard statistical test. The lower the , the better the edge dis-
tinguishes the subject . Because the next step is logarithmic conversion, if of
a certain subject is zero, the outcome of the next step will be positive infinite.
When is relatively small, positive infinity appears easily and covers the DP of
the others. Extreme values make subsequent analysis meaningless; therefore, we
set a minimum of to avoid positive infinity. Setting the minimum is a common
method. To ensure does not interfere with the analysis, its specific value must
satisfy the following conditions: e[ min 푖 0 < min 푖 In the present study, we
choose 0.01 as min 푖

(3) Logarithmic conversion: The total DP of a certain edge across all subjects
is defined by the DP measure as follows: − ln 푖 Finally, a DP matrix of
the edges was constructed. The larger the DP of a certain edge, the higher
the inter-subject difference but the lower the inter-session difference. This
tendency is supported by the results of the subsequent analysis.

The Instability Filter The instability filter was implemented using custom
code based on partial functions of SPM 12 and LIBSVM (Chang & Lin, 2011)
toolbox. The steps for this filter are as follows:

(1) Constructing network masks with different sparsities: Given the DP ma-
trix obtained from the original network, the edges with the first % DP
were removed. However, no meaningful conclusions could be drawn from
isolated connections. If one node cannot reach a third node through two
edges, the filtered edges cannot form a network to transport information.
Therefore, we ran 10,000 Monte Carlo simulations and found that the prob-
ability of this occurrence was zero when the number of edges exceeded six.
Therefore, the m% was 6/55 (10.9%). Consequently, we retained 10% of
the edges to ensure that they formed a complete network rather than be-
ing isolated. Therefore, is a vector with values ranging from 10 to 90
(with a step size of 1). The reason for not starting at 0 is that m needs
to be aligned with n in the mask build of the stability filter. The mask
construction in the stability filter also needs to ensure that edges form a
loop, meaning that the stability filter needs to keep at least the top 10%
of edges with the highest DP values. Subsequently, the remaining edges
were used to construct 91 masks.

(2) Classifier: Networks with different sparsities were constructed using
masks. The classification accuracy and p-value for each sparsity were
calculated. The parameters and steps for the classifier were the same as
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those previously described. The network with the smallest p-value and
highest classification accuracy was considered unstable.

The Stability Filter The stability filter was implemented using custom code
based on partial functions of SPM 12 and previously described codes (Finn et al.,
2015). The steps for this filter are somewhat similar to those for the instability
filter and are as follows:

(1) Constructing network masks of different sparsities: Unlike the instability
filter, the edges with the first % DP were retained. is a vector with values
ranging from 10 to 90 (with a step size of 1).

(2) Fingerprinting: Networks with different sparsities were constructed using
the masks from Step 1. Connectome fingerprinting of different sparsities
was performed, and p-values were obtained from the permutation test. In
this filter, the first network with the highest fingerprinting accuracy was
considered stable.

2.7.2 Morphological Coexistence Pattern Analysis

The outputs of the previous filter can provide an intuitive visualization of the
coexistence patterns of stability and instability; however, statistical evidence
that the coexistence pattern is modular remains lacking. Therefore, we used
a method based on the Fast Newman algorithm to detect the morphological
coexistence patterns.

The analysis consisted of the following steps. The first step was to reveal all pos-
sible segregations in which the language control network could be divided into
two modules. We accessed every way through which the 11 brain regions could
be divided into two modules, ensuring that the number of nodes in each module
was greater than two. The second step was matrix calculation: we calculated
the average functional connectivity matrix of all participants to obtain a ma-
trix representing the actual network. According to the definition of modularity,
38,093 kinds of artificial matrices were created for all simulated segregations.
For artificial matrices, nodes are connected within the same module but not
between different modules. The third step was indicator calculation: the Fast
Newman algorithm was used to calculate the degree of modularity (Q-value) for
all segregations. We then calculated the Jensen-Shannon (JS) divergence be-
tween every artificial and actual matrix. Next, we used the permutation test to
obtain the p-values for each artificial matrix (Guilbeault et al., 2020; Menéndez
et al., 1997). A lower JS divergence indicates greater similarity between the two
matrices, suggesting that the patterns of the artificial and actual matrices are
the same. The p-value of the permutation test reflects the probability that the
JS value is higher than the random level. The higher the p-value, the greater the
similarity between the actual and artificial matrices. Finally, we calculated the
Pearson correlation coefficient between the Q-value and p-value. The higher
the correlation coefficient, the greater the similarity between the actual and
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highly modular artificial matrices. Therefore, a higher correlation coefficient
suggests that the coexistence pattern is more modular. The fMRI data from
English and non-English majors underwent the above calculations separately.
The Cocor toolbox (Diedenhofen & Musch, 2015) was used to compare the two
correlation coefficients and test whether there was a difference between English
and non-English majors.

3.1 Results for the Test of Stability and Instability
For English majors, the fingerprinting accuracy of the language control network
was 40% (p < 0.001), and the classifier accuracy was 8/20 (40%, p = 0.88). For
non-English majors, the fingerprinting accuracy was 50% (p < 0.001), and the
classifier accuracy was 8/29 (27.59%, p = 0.99). Neither English nor non-English
majors had classifier accuracy higher than the random level (50%). Furthermore,
English and non-English majors exhibited stability above the random level,
whereas instability was not above the random level (Fig. 2A [Figure 2: see
original paper]).

3.2 Results of the Morphological Coexistence Pattern Anal-
ysis
For English majors, the set of edges with the highest classifier accuracy (62.5%)
and smallest p-value (0.134) was defined as the unstable part. This consisted of
connections with the lowest DPs (red area in Fig. 2B). The set of edges with
the highest fingerprinting accuracy (60%, p < 0.001) was defined as the stable
part. This consisted of connections with the highest DPs (blue area in Fig. 2B).

For non-English majors, the sets of edges with the highest classification accuracy
(51.7%, p = 0.42) and fingerprinting accuracy (50%, p < 0.001) were defined as
the unstable and stable parts, respectively, which consisted of connections with
the lowest and highest DPs, respectively (red and blue areas in Fig. 2E).

The stable and unstable parts comprised different connections in English majors.
The unstable part had 20 edges (red links in Fig. 2B and red blocks in Fig.
2C), accounting for 36.4% of all edges in the language control network. The
stable part had 35 edges (blue links in Fig. 2B and blue blocks in Fig. 2C),
accounting for 63.6% of all edges. Notably, both parts involved all nodes. The
correlation coefficient between Q- and p-values was 0.05 (Fig. 2D). This low
correlation coefficient indicated that the actual coexistence pattern was not
similar to the highly modular simulated coexistence patterns. Therefore, the
coexistence pattern for English majors did not exhibit high modularity.

For non-English majors, the unstable part had nine edges and did not cover
all nodes (red links in Fig. 2E and red blocks in Fig. 2F), accounting for
16.4% of the language control network. The inter-session network had 31 edges
(blue links in Fig. 2E and blue blocks in Fig. 2F), accounting for 56.4% of the
language control network. There were no isolated nodes in the networks, and
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only 72.7% of the edges were involved in the construction of the two subnetworks.
The correlation coefficient between Q- and p-values was 0.3 (Fig. 2G). The
correlation coefficient for non-English majors was significantly higher than for
English majors (Z = 35.35, p-value < 0.001). This indicates that the coexistence
pattern in non-English majors still has low modularity but is more modular than
that in English majors (Fig. 2H).

These results indicated that the coexistence patterns of stability and instability
were not modular. Furthermore, the coexistence patterns of English and non-
English majors were morphologically different. Images A, B, C, and D were
drawn using BrainNet Viewer (Xia et al., 2013).

4. Discussion
We explored the coexistence patterns of stability and instability in the language
control network. We found that the resting-state language control network ex-
hibited moderate stability, below the 80-95% identification accuracy reported
for the adult whole brain. In addition, English majors had less stability than
non-English majors. The language control network was stable or unstable in a
non-modular pattern, indicating that one part of the network did not exhibit
stability while the other exhibited instability. Notably, the coexistence pattern
in English majors exhibited a greater degree of non-modularity, with all brain re-
gions involved in both the stable and unstable parts of the network. In contrast,
non-English majors only had a stable part involving all brain regions.

4.1 Stability and Instability in the Language Control Network

There is a lack of direct research on whether the language control network has the
same high degree of stability and uniqueness as the whole brain. Instability has
been discussed in several studies; however, there is a lack of direct quantitative
research, especially when stability and instability are examined within the same
framework. From an overall network perspective, the language control network
exhibits a moderate degree of fingerprinting accuracy. The stability of the whole-
brain network has been reported to be 80-95% in previous studies (Finn et al.,
2015; J. Liu et al., 2018; Ravindra et al., 2019). The fingerprinting accuracy
of one-year-old infants was reported to be 26.6% (Dufford et al., 2021). The
accuracy of fingerprinting within the language control network is approximately
40%–50%. This indicates that the language control network neither displays
the same level of stability as that in the adult brain nor exhibits widespread
changes as in the infant brain. Instead, it appears to be in a fragile state of
equilibrium, neither fully solidified nor completely fluid.

In the present study, the classification accuracy was 40% for English majors
compared with 27.59% for non-English majors; however, neither surpassed the
randomized level. This indicates that the language control network did not un-
dergo significant changes before and after one year. Consequently, the language
control network was moderately stable and not particularly unstable overall.
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However, the instability of language control networks and the influence of L2
learning have been supported by several studies (Abutalebi & Rietbergen, 2014;
Li et al., 2014; C. Liu, de Bruin, et al., 2021; Mei et al., 2015; Pliatsikas, 2020).
These are not conflicting results because we measured instability at the scale
of the entire language control network, whereas previous studies mostly found
significant instability at a scale smaller than the entire network (at the scale
of a single brain region or connection). The fact that few connections or brain
regions in the language control network underwent significant changes does not
necessarily indicate significant instability throughout the entire language con-
trol network. Therefore, moderate stability and instability in the language
control network indicate that changes have occurred but are not significant,
widespread, or complete. Some connections or brain regions in the language
control network may have changed, but not in the majority, whereas others
remained stable. This reflects the idea that, compared to the typically stable
adult brain and unstable infant brain, the language control network has a bal-
ance of stability and instability, indicating that both are in an intermediate
state with no clear advantage. Understanding what this equilibrium entails and
whether stability and instability occupy portions of the brain area respectively
or whether all brain areas are involved in stability and instability but with dif-
ferent connectivity patterns is essential. The morphological coexistence pattern
analysis revealed these insights. In addition, English majors exhibited lower
levels of stability and higher levels of instability than non-English majors. This
could be a result of the fact that English majors are expected to exercise greater
language control, which leads to more changes in brain regions and connections.
This is supported by several studies (Abutalebi & Rietbergen, 2014; Barbeau
et al., 2017; Bialystok, 2014, 2021; Kroll & Chiarello, 2016; Li et al., 2014; C.
Liu, de Bruin, et al., 2021; C. Liu, Jiao, et al., 2021; Pliatsikas, 2020; Tu et al.,
2015; Zou et al., 2012).

4.1.1 Morphological Coexistence Pattern The filters separated the stable
and unstable parts from the entire language control network and then detected
whether the coexistence pattern was modular. If the actual coexistence pattern
is modular, it will be more similar to highly modular artificial patterns than
to those with low modularity. In the present study, we plotted the Q-value
(the modularity of certain artificial patterns) on the x-axis and the p-value (the
similarity between the actual pattern and certain artificial patterns) on the y-
axis. The highly modular artificial pattern is located further to the right on the
horizontal axis. If the highly modular artificial pattern is on the right side of the
vertical axis, the farther up the vertical axis, the greater the similarity between
the artificial and actual patterns. Consequently, the actual pattern is modular
when the Q- and p-values show a significantly large positive correlation.

In the present study, the stable and unstable parts did not occupy portions of
each node to form two modules. Both parts were constructed by carving out
different connections. The correlation coefficients between Q- and p-values were
low for both English and non-English majors. These results indicate that the co-

chinarxiv.org/items/chinaxiv-202311.00261 Machine Translation

https://chinarxiv.org/items/chinaxiv-202311.00261


existence patterns of stability and instability are non-modular. In addition, the
coexistence pattern was less modular in English majors than in non-English ma-
jors. Because the data used in the present study were obtained from a publicly
available database, the participants were not closely matched. Therefore, it is
inappropriate to assume that the observed difference is solely due to disparities
in classroom L2 learning. However, we controlled for first language proficiency,
school rank, and fluid intelligence in the English majors group compared with
the non-English majors group. We believe that the difference in their abilities
may be attributed to the considerably richer and more diverse English educa-
tion that English majors receive compared with non-English majors. The L2
learning of non-English majors is less in quantity and quality. This is similar
to the initial exposure stage in DRM. DRM suggested that a specific part of
the node was first affected by L2 experience during the initial exposure stage.
The present study found that instability in non-English majors did not involve
all language control network nodes. In contrast, instability in English majors
involved all nodes rather than just part of the nodes. This may indicate that
the influence of L2 experience is not limited to certain brain regions but extends
to all nodes of the language control network.

Synthesizing the coexistence patterns in the language control networks of En-
glish and non-English majors, we propose a hypothesis regarding the impact of
classroom L2 learning on the language control network. The mechanism through
which L2 learning affects the language control network may be similar to the
gradual construction of multiple expressways, where brain regions are analogous
to cities. For non-English majors, the year they received less L2 learning may
be similar to the initial stages of building a highway network, where only a few
cities are connected by expressways. For English majors, the situation is similar
to the later stages of an expressway network construction project, where specific
highways are connected to all cities, though not every city is directly connected;
some cities are only indirectly connected to other cities because of construction
costs or other reasons. Therefore, we specified our hypotheses on how L2 learn-
ing impacts the language control network. Initially, only a few connections of
specific brain regions were affected by L2 learning. However, some connections
in each brain region were eventually affected. Consequently, the stable and
unstable parts shared some nodes in non-English majors, whereas they shared
all nodes in English majors. If the nodes are considered chemical elements and
the connections are considered bonds, the stable and unstable parts are similar
to a pair of isomers in chemistry (compounds with identical chemical formulae
but different structures) (Regalado et al., 2013).

This result is inconsistent with that of DRM. In DRM, only a few specific brain
regions change at each stage. This disparity may be due to the complex map-
ping of changes in brain function and structure. DRM focused on the dynamic
restructuring of gray and white matter, whereas we focused on the functional
connectome. Complex mapping between brain structure and functional connec-
tivity may be responsible for this inconsistency.
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4.2 The Temporal Complexity of the Language Control Network

Tononi et al. (1994) proposed that a brain network is complex when it is neither
segregated nor integrated. The more balanced these two features are, the higher
the complexity of the network as a whole. Notably, many studies have adopted
this definition (Bassett & Gazzaniga, 2011; Marshall et al., 2016). Further-
more, many phenomena related to brain network complexity have been identi-
fied, such as small-world properties (Sporns & Honey, 2006), modularity (Gallos
et al., 2012; Liang et al., 2021), and rich-club organization (van den Heuvel &
Sporns, 2011). All these phenomena reflect complexity from a morphological
or spatial perspective by showing how integration and segregation coexist in
brain networks. Integration and segregation, as well as stability and instability,
are at the two ends of a continuum. Therefore, we can preliminarily propose
“temporal complexity” by analogy with morphological or spatial complexity.
Specifically, the brain network is a temporal complex that is neither stable nor
unstable. In the present study, the language control network may be considered
to have high temporal complexity. The entire language control network exhib-
ited neither high stability nor high instability. In the coexistence pattern, these
two features dominate many connections, resulting in two sets of connections
involving many brain regions. Specific temporal complexity phenomena, such
as two parts sharing all nodes, were also found. However, the present study is
only a preliminary exploration and does not provide very strong evidence. The
temporal complexity of language control and other functionally specific brain
networks remains to be further explored.

4.3 Limitations

First, the present study had a small sample size. Previous studies on resting-
state functional connectivity had large sample sizes; however, only 49 partici-
pants were included in this study. This may have weakened the generalizability
and robustness of our results and conclusions. Second, learning over one year
was affected by many irrelevant variables. Randomization and other methods
were used to eliminate interference; however, there is no guarantee that class-
room L2 learning was the only independent factor.

5. Conclusion
This study explored the coexistence of stability and instability in the language
control network. The language control network exhibited moderate stability and
instability. In the language control network, stability and instability coexist in
a non-modular manner. Notably, English majors exhibited more significant
non-modularity than non-English majors.

Data and Code Availability Statement
The dataset analyzed in the present study and the code for morphological
coupled model analysis are available from the corresponding authors through the
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Figure Legends
Figure 1. The pipeline of the morphological coexistence pattern analysis. (A)
Time series of brain activation in regions of interest (ROIs) were extracted, and
then functional connectivity matrices were calculated. (B) The tests of stability
and instability. Connectome fingerprinting evaluated stability, measuring the
extent to which individual differences in brain connectomes of participants do
not differ between sessions. The classifier evaluated instability, calculating the
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difference between the two sessions. (C) The parts of stability and instability
were separated from the entire language control network using the filters. There
are two possibilities regarding the segregation: modularity and non-modularity.
(D) The method for quantifying the modularity of coexistence. The computer
simulated various kinds of coexistence patterns and then calculated the modu-
larity index. The degree of similarity between actual and simulated coexistence
patterns was determined. The correlation between the degree of similarity and
modularity index quantified the extent of modularity.

Figure 2. The results of morphological coexistence pattern analysis. (A) The
results of tests of stability and instability in the entire language control network.
(B) The upper part is the filter for English majors. The blue area is the stable
part, whereas the red area is the unstable part. The lower part shows the edges
of the stable and unstable parts in English majors displayed from a coronal
view of the brain. (C) The matrix complex of the stable and unstable parts
of English majors. The blue blocks make up the stable part, whereas the red
blocks make up the unstable part. (D) The correlation between the modularity
index (Q-value) and similarity index (p-value) in English majors. (E) The upper
part is the filter for non-English majors. The blue area is the stable part,
whereas the red is the unstable part. The lower part shows the edges of the
stable and unstable parts from non-English majors displayed from a coronal
view of the brain. (F) The matrix complex of stable and unstable parts of non-
English majors. (G) The correlation between the modularity index (Q-value)
and similarity index (p-value) in non-English majors. (H) The comparison of
correlation coefficients between English and non-English majors. p < 0.01, *p
< 0.001.

Table
Table 1. Node coordinates of language control network in MNI space.

Language control network Coordinate
L_{MFG} (BA46) (-48, 49, 27)
Pre_{SMA} (2, 4, 64)
L_{IFG}(BA47) (-33, 25, -13)
R_{PrCG} (46, -5, -29)
R_{Caudate} (17, 10, 11)
L_{MTG} (-54, -43, -)
L_{IFG} (BA44) (-52, 21, 4)
R_{STG} (55, -19, -8)
L_{MFG} (BA9) (-44, 8, 31)
L_{Caudate} (-11, 22, -7)

(0, 6, 44)

Note: Figure translations are in progress. See original paper for figures.
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Source: ChinaXiv — Machine translation. Verify with original.

chinarxiv.org/items/chinaxiv-202311.00261 Machine Translation

https://chinarxiv.org/items/chinaxiv-202311.00261

	The Stability and Instability of the Language Control Network: A Longitudinal Resting-State Functional Magnetic Resonance Imaging Study
	Abstract
	Full Text
	Preamble
	Abstract
	Introduction
	2.1 Participants
	2.2 Stimuli and Experimental Design
	2.3 Imaging Data Acquisition
	2.4 Imaging Data Preprocessing
	2.5 Network Construction
	2.6 Tests of Stability and Instability
	2.6.1 Functional Connectome Fingerprint Identification
	2.6.2 Network Classifier

	2.7 Coexisting Pattern Analyses
	2.7.1 Stability and Instability Filters
	2.7.2 Morphological Coexistence Pattern Analysis

	3.1 Results for the Test of Stability and Instability
	3.2 Results of the Morphological Coexistence Pattern Analysis
	4. Discussion
	4.1 Stability and Instability in the Language Control Network
	4.2 The Temporal Complexity of the Language Control Network
	4.3 Limitations

	5. Conclusion
	Data and Code Availability Statement
	Declaration of Competing Interest
	Acknowledgements
	References
	Figure Legends
	Table


