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The aim of this study is to examine the small-world properties of functional brain networks in
Chinese to English simultaneous interpreting (SI) using functional near-infrared spectroscopy
(fNIRS). In particular, the fNIRS neuroimaging combined with complex network analysis was
performed to extract the features of functional brain networks underling three translation
strategies associated with Chinese to English SI: \transcoding" that takes the \shortcut" linking
translation equivalents between Chinese and the English, \code-mixing" that basically does not
involve bilingual processing, and \transphrasing" that takes the \long route" involving a
monolingual processing of meaning in Chinese and then another monolingual processing of
meaning in English. Our results demonstrated that the small-world network topology was able to
distinguish well between the transcoding, code-mixing and transphrasing strategies related to
Chinese to English SI.
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1. Introduction

Simultaneous interpreting (SI) is widely adopted
for international communication, which involves a
series of cognitive tasks related to language pro-
cessing across two languages.1,2 Previous studies
demonstrated that there were three alternative
strategies for bilinguals to translate between lan-
guages, i.e., \transcoding" which is memory-based
and takes the \shortcut" linking translation
equivalents between the source language (SL) and
the target language (TL), \transphrasing" which is
meaning-based and takes the \long route", and
\code-mixing" which retains the SL form in the TL
production and thus probably involves hardly any
bilingual processing e®ort. More importantly, the
functional neuroimaging technologies make them-
selves ideal candidates for measuring the cognitive
e®ort involved in various translation strategies. To
date, only two neuroimaging studies have been
performed to examine the brain activation associ-
ated with SI using professional interpreters,2,3

which discovered that the brain activation in the
left hemisphere including the Broca's area exhibited
signi¯cant relationship with SI.3–6 However,
the previous works mainly focused on identifying
the brain activation patterns associated with SI
between two phonographic languages rather than
two incongruent languages (i.e., English versus
Chinese). Meanwhile, advances in the investigation
of neural mechanism are experiencing a transition
from identifying the brain activation regions to
constructing functional brain networks. In partic-
ular, complex network analysis has been proposed
to examine the small-world and scale-free char-
acteristics of brain networks underlying cognition
functions or various neurological and psychiatric
disorders.7–11

The aim of this present study is to inspect the
small-world properties of functional brain networks
in SI between two incongruent languages (English
versus Chinese). In addition, we will study the to-
pological and spatial features of local brain net-
works according to three di®erent translation
strategies associated with Chinese to English SI,
which include transcoding, code-mixing, and
transphrasing. More importantly, we will construct
and analyze the functional brain networks of the
three translation strategies related to Chinese to
English SI using functional near-infrared spectrosco-
py (fNIRS) measurements.12–14 Small-world network

characteristics including the clustering coe±cient,
average path length, and average node degree of brain
network will be explored and compared between the
various translation strategies. Since the small-world
properties of brain networks regarding the three
translation strategies have not been explored, this
pilot work will de¯nitely pave a new avenue for better
understanding of the neural mechanism of Chinese to
English SI.

2. Materials and Methods

2.1. Participants

Ten postgraduate students (bilingual) from the
University of Macau (UM) whose major was
Translation Studies took part in this study (six
females, mean age ¼ 24 years, SD ¼ 2:21 years). All
bilingual participants had a very high pro¯ciency in
both written and spoken English (TEM-8) and had
received training in Chinese to English SI over half a
year. All participants were right-handed with nor-
mal or corrected-to-normal vision. Participants
with reported histories of neurological or psychiatric
disorders were excluded from this study. All parti-
cipants were required to sign informed consent
documents prior to the experimental tests. The
protocol for the clinical trial was approved by the
Ethics Committees of UM and were carried out in
accordance with the approved guidelines.

2.2. Stimuli and procedures

The stimulus materials were all two-character
cultural-speci¯c items selected from the UM Mag-
azine (Chinese version). The corpus contains totally
159,058 characters, 3983 common nouns, and 1869
culture-speci¯c items. In this study, we used two-
character words as stimuli materials to ensure that
the participants only used one SI strategy to
translate each stimulus material. From the culture-
speci¯c items in the corpus, 15 were selected for task
one (transcoding), 15 for task two (code-mixing),
and 15 for task three (transphrasing). Each task
included 15 trials and each trial lasted 22 s, which
included a pre-stimulus period of 1 s with a red
¯xation cross presented in the center of the screen of
the monitor, a stimulus period of 1 s, and then a
post-stimulus and recovery period of 20 s with a
white ¯xation cross displayed in the center of the
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screen of the monitor [Fig. 1(a)]. It took about
20min to ¯nish the data acquisition.

For task one, participants were required to
translate orally the two-character culture-speci¯c
Chinese items displayed on the computer screen into
English. Since the competent bilingual participants
had received training in SI, they should go for the
\shortcut" (transcoding) and gain access to the
translation equivalent in English. For task two,
participants needed to translate the items orally into
English using the nontranslation (code-mixing), i.e.,
producing the sound of the Chinese item rather than
giving its direct equivalent in English. For task three,
participants were instructed to do the translation
based on transphrasing, i.e., explaining what/where

the item is rather than giving its direct equivalent in
English.

2.3. fNIRS data recording and

pre-processing

The experimental tests were performed with a
continuous wave (CW) fNIRS system (CW6 fNIRS
system; TechEn Inc., Milford, MA) [Fig. 1(b)]. This
system that has four laser sources at wavelengths
690 nm and 830 nm and eight optical detectors can
measure the changes in both HbO and HbR con-
centrations in the human brain. The fNIRS optodes
were placed on a home-made plastic patch ð6 cm�
18 cmÞ covering the left frontal cortex (region of

(a) (b)

(c) (d)

Fig. 1. (a) Schematic of the experimental design. (b) The CW6 fNIRS system. (c) The con¯gurations of the source and detector
pairs. (d) Locations of the 14 fNIRS channels along the frontal cortex.
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interest), which was able to generate 14 channels, as
shown in Fig. 1(c). Additionally, a three-dimensional
(3D) magnetic space digitizer Patriot Digitizer
(Polhemus Inc.) was used to measure the 3D spatial
coordinates of each optode, and then a probabilistic
registration method based on NIRS-SPM software
was adopted to access each channel's corresponding
coordinates in the Montreal Neurological Institute
(MNI) space15 as displayed in Fig. 1(d). The mean
MNI coordinates across all subjects were provided in
Table 1. The distance between each source and each
detector was 3 cm and the fNIRS sampling rate was
kept at 50Hz.

The fNIRS data preprocessing was implemented
using Homer2 UI software (v1.5.2).16 The raw
fNIRS data were ¯rst converted to optical density
changes, and then to HbO and HbR concentration

changes at di®erent time points using Modi¯ed
Beer–Lambert law.17 A low pass ¯lter of 0.2 Hz
was performed for the generated data followed by a
high pass ¯lter of 0.015 Hz. In this study, only HbO
data were analyzed due to its high signal-to-noise
ratio.18 The trial-averaged HbO signals from each
channel were used to construct the brain network
for each participant. The grand-averaged HbO data
for each channel were calculated and plotted in
Fig. 2.

2.4. Network construction and analysis

In this study, the fNIRS channel is denoted as the
node of the brain network while the edge is de¯ned
as the Pearson correlation coe±cient generated
from the measurements between any two channels.
Importantly, the correlation coe±cient of two run-
averaged time series (the HbO signals of any two
fNIRS channels) is considered as the functional
connectivity between the two nodes of the brain
networks.19,20 To analyze the properties of the
network topology constructed by all nodes based on
graph theory, we computed the correlation coe±-
cients among all 14 channels and then generated the
correlation coe±cient matrix. During the process of
constructing brain networks, we need to binarize
the correlation coe±cient matrix by setting a
threshold T . As a result, the element value of the
matrix is set to 0 when the absolute value of Pear-
son correlation coe±cient is smaller than T , which
should not be considered as signi¯cant connectivity.
If this is the case, the edges can be considered as
nonexistent in the network analysis. By contrast,

Table 1. The mean MNI coordinates for
all the 14 channels across all subjects.

Channels x y z

Ch1 �5 � 6 65 � 4 30 � 8
Ch2 �14 � 3 64 � 4 30 � 7
Ch3 �18 � 3 72 � 2 8 � 8
Ch4 �24 � 3 60 � 5 30 � 6
Ch5 �34 � 3 54 � 6 30 � 7
Ch6 �29 � 4 67 � 3 7 � 7
Ch7 �39 � 4 60 � 5 6 � 7
Ch8 �43 � 3 44 � 7 29 � 6
Ch9 �50 � 3 34 � 8 29 � 5
Ch10 �48 � 3 50 � 7 4 � 6
Ch11 �54 � 3 39 � 7 2 � 5
Ch12 �57 � 3 21 � 9 27 � 5
Ch13 �57 � 3 25 � 10 1 � 5
Ch14 �61 � 4 7 � 11 �2 � 6

(a) (b) (c)

Fig. 2. Grand-averaged HbO data across all subjects associated with: (a) the transcoding strategy, (b) the code-mixing strategy,
and (c) the transphrasing strategy for all 14 channels.

X. Lin et al.

1840001-4

J.
 I

nn
ov

. O
pt

. H
ea

lth
 S

ci
. 2

01
8.

11
. D

ow
nl

oa
de

d 
fr

om
 w

w
w

.w
or

ld
sc

ie
nt

if
ic

.c
om

by
 C

H
IN

E
SE

 A
C

A
D

E
M

Y
 O

F 
SC

IE
N

C
E

S 
@

 B
E

IJ
IN

G
 o

n 
07

/0
2/

18
. F

or
 p

er
so

na
l u

se
 o

nl
y.



the element value should be set to 1 when the ab-
solute value of the correlation coe±cient is larger
than or equal to T .21 To further facilitate convert-
ing the binary matrix into visualization networks,
the values of binary matrix as edges of brain net-
works are mapped to the 3D space by using the
BrainNet Viewer tool.22

2.5. Characteristic indices of the
networks

The indicators of complex networks including the
clustering coe±cient, average path length, average
node degree, and measure of small-world network
are usually used to access the network topology
characteristics. Interestingly, these indicators can
be generated from the acquired binary matrix of
nodes. For example, the clustering coe±cient of the
network is denoted as23,24

Cnet ¼
X
i2G

Ei

KiðKi�1Þ

,
N; ð1Þ

in which N is the number of nodes, G is the set of all
nodes in the network, Ei is the number of edges in
the subgraph Gi, and Gi is de¯ned as the graph
including the nodes that are the direct neighbors of
the ith node, i.e., directly connected to the ith node
with an edge.10Ki is the number of nodes directly
connected to the node i, which is de¯ned as the
degree of node i.

In particular, the average node degree of network
Knet is de¯ned as the mean of degrees from all nodes
within the network.24

Meanwhile, the average path length of network is
speci¯ed as23,24

Lnet ¼
X
i2G

P
i 6¼j2G minfLi;jg

N � 1

,
N ; ð2Þ

in which min fLi;jg is the shortest path (geodesic)
between node i and node j.

The measure of small-worldness is denoted as24,25

� ¼ Cnet=Crandom

Lnet=Lrandom

; ð3Þ

in which Crandom and Lrandom are the clustering co-
e±cient and average path of random networks
that correspond to the clustering coe±cient Cnet

and average path length Lnet of the brain networks,
respectively. In addition, the Markov chain

algorithm is used to generate 100 random networks
with the degree sequences that correlate with the
binary matrix. And then, the mean clustering
coe±cient and averaged path length from the 100
random networks are denoted as the clustering co-
e±cient and average path of random network,
respectively.10,21,26–28

3. Results

3.1. Pearson correlation coe±cient

matrix, binary matrix, and 3D brain

networks

In this study, we examined the attributes of gener-
ated brain networks associated with three Chinese
to English SI strategies including transcoding,
code-mixing, and transphrasing by using fNIRS
recordings.

Figures 3(a1)–3(a5), 3(b1)–3(b5), and 3(c1)–3(c5)
display the calculated Pearson correlation
coe±cient matrix, binary matrix, and 3D brain
networks for the transcoding, code-mixing, and
transphrasing strategy, respectively. In particular,
Figs. 3(a1), 3(b1) and 3(c1) present the mean cor-
relation coe±cients across all participants for the
three cases, in which the horizontal and vertical
axes denote the nodes while the elements within the
square areas represent the correlation coe±cient
between the two nodes. In addition, the binary
matrix in Figs. 3(a2) and 3(a4), 3(b2) and 3(b4),
and 3(c2) and 3(c4), are, respectively, constructed
by using the results in Figs. 3(a1), 3(b1) and 3(c1)
with threshold values of 0.2 and 0.5 for the three
cases, in which the white regions exhibited the
signi¯cant connection. Further, Figs. 3(a3) and
3(a5), 3(b3) and 3(b5), and 3(c3) and 3(c5) show
the visualization of the networks in 3D for the
binary matrix in Figs. 3(a2) and 3(a4), 3(b2)
and 3(b4), and 3(c2) and 3(c4), respectively.

3.2. Network metrics generated with
absolute thresholding

Meanwhile, the network properties were generated
and compared between the three SI strategies with
various thresholds (absolute thresholding), which
were ranged from 0.2 to 0.74.10,29 More importantly,
the paired two-sample t-tests were also performed
between any two of the three cases and the analysis
results were provided in Figs. 4–6.

Mapping the small-world properties of simultaneous interpreting
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Fig. 3. Correlation coe±cients, binary matrix and 3D relative networks of brain nodes for the transcoding, code-mixing and
transphrasing translation strategies. (a1)–(a5) are for the transcoding case: (a1) are the correlation coe±cients, (a2) and (a3) are the
binary matrix and brain network with the threshold value of 0.2, and (a4) and (a5) are the binary matrix and brain network with
the threshold value of 0.5. (b1)–(b5) are for the code-mixing case: (b1) are the correlation coe±cients, (b2) and (b3) are the binary
matrix and brain network with the threshold value of 0.2, and (b4) and (b5) are the binary matrix and brain network with the
threshold value of 0.5. (c1)–(c5) are for the transphrasing case: (c1) are the correlation coe±cients, (c2) and (c3) are the binary
matrix and brain network with the threshold value of 0.2, and (c4) and (c5) are the binary matrix and brain network with the
threshold value of 0.5.
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(a) (b)

(c) (d)

Fig. 4. Comparison of the small-world indicators between the transcoding and code-mixing translation strategies with absolute
thresholding: (a) the clustering coe±cient, (b) average path length, (c) average node degree and (d) measure of small-worldness. The
curves ðmean� SEÞ show the network indicators with di®erent thresholds, in which the red and blue color represent the transcoding
and code-mixing strategy respectively. The horizontal axes denote the threshold values whereas the vertical axes denote the network
property indexes.
*p < 0:05.

(a) (b)

(c) (d)

Fig. 5. Comparison of the small-world indicators between the transphrasing and transcoding translation strategy with absolute
thresholding: (a) the clustering coe±cient, (b) average path length, (c) average node degree and (d) measure of small-worldness. The
curves ðmean� SEÞ show the network indicators with di®erent thresholds, in which the red and blue color represent the transcoding
and transphrasing strategy respectively. The horizontal axes denote the threshold values whereas the vertical axes denote the
network property indexes.
*p < 0:05.
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Interestingly, according to Figs. 4(a) and 4(c) the
transcoding case exhibited larger network clustering
coe±cients and higher average node degrees as
compared to those of code-mixing case across all
thresholds used. However, the average path lengths
of the networks from code-mixing case were larger
than that of transcoding case for all threshold
values used, as plotted in Fig. 4(b). The higher
clustering coe±cient and higher average node de-
gree of the network indicated that the brain nodes
of transcoding case had much closer and denser
connections than those from the code-mixing,
whereas the lower average path length demon-
strated that transcoding case had more e±cient
connections. Interestingly, if the network has the
small-world properties, the measure of small-
worldness should be larger than 1.30,31 The results in
Fig. 4(d) exhibited that local brain networks for
both the transcoding and code-mixing cases had
small-world characteristics. Interestingly, the mea-
sure of small-worldness increased with the increased
threshold values. In particular, we discovered that
the measure of small-worldness (the small-world
property index) for code-mixing case was larger

than that of transcoding case when the threshold
was higher than 0.5.

In addition, as shown in Fig. 5, the transcoding
and transphrasing cases also exhibited signi¯cant
di®erences in the clustering coe±cient, average
path length, average node degree, and measure of
small-worldness. According to the three network
metrics including the clustering coe±cient, aver-
age path length, and average node degree of the
network, the transphrasing case showed higher
e±ciency and denser connections as compared
to those from the transcoding case. Interestingly,
the small-world property index of transcoding case
was larger than that from the transphrasing
one although both exhibited the small-world
characteristics.

Furthermore, we discovered from Fig. 6 that in
terms of the three network metrics including
the clustering coe±cient, average path length,
and average node degree of the network, the
transphrasing SI strategy showed higher e±ciency
and stronger density in brain connectivity between
nodes of networks than the code-mixing strategy.
By contrast, the small-world property index of

(a) (b)

(c) (d)

Fig. 6. Comparison of the small-world indicators between the transphrasing and code-mixing translation strategy with absolute
thresholding: (a) the clustering coe±cient, (b) average path length, (c) average node degree and (d) measure of small-worldness. The
curves ðmean� SEÞ show the network indicators with di®erent thresholds, in which the red and blue color represent the trans-
phrasing and code-mixing strategy respectively. The horizontal axes denote the threshold values whereas the vertical axes denote
the network property indexes.
*p < 0:05.
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code-mixing case was larger than that of trans-
phrasing case.

3.3. Network metrics generated with
relative thresholding

In addition, the network metrics were also gener-
ated for the three SI strategies with various network
densities (relative thresholding). For the present
work, the thresholds of sparsity (network density)
ranged between 40% and 57% with an interval of
1% because networks with wide sparsity band can
exhibit the small-world properties.32–34 Likewise,
the paired two-sample t-tests were also conducted
between the three cases and the analysis results are
displayed in Figs. 7–9.

We discovered from Fig. 7(a) that the trans-
coding case exhibited larger network clustering
coe±cients as compared to those of code-mixing
case for all sparsity values used although they
showed no di®erence in the average path lengths of
the networks as plotted in Fig. 7(b). In particular,
as plotted in Fig. 7(c), the measure of small-
worldness of transcoding case was larger than that
of code-mixing case for all thresholds.

Interestingly, it was discovered from Fig. 8 that
the transcoding case showed larger network clus-
tering coe±cient and small-world property index
than those of transphrasing case.

However, as shown in Fig. 9, the transphrasing
case exhibited larger network clustering coe±cients
and stronger small-world property index as compared

(a) (b) (c)

Fig. 7. Comparison of the small-world indicators between the transcoding and code-mixing translation strategies with relative
thresholding: (a) the clustering coe±cient, (b) average path length and (c) measure of small-worldness. The curves ðmean� SEÞ
show the network indicators with di®erent sparsity, in which the red and blue color represent the transcoding and code-mixing
strategy respectively. The horizontal axes denote the sparsity values whereas the vertical axes denote the network property indexes.
*p < 0:05.

(a) (b) (c)

Fig. 8. Comparison of the small-world indicators between the transcoding and transphrasing translation strategy with relative
thresholding: (a) the clustering coe±cient, (b) average path length and (c) measure of small-worldness. The curves ðmean� SEÞ
show the network indicators with di®erent thresholds, in which the red and blue color represent the transcoding and transphrasing
strategy respectively. The horizontal axes denote the sparsity values whereas the vertical axes denote the network property indexes.
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to those of code-mixing case for most of the sparsity
values used although this is not the case for the av-
erage path lengths.

4. Discussion

It is widely recognized that for complex network
analysis, the clustering coe±cient of network denotes
the local e±ciency or small group in information
transfer of network.35 By contrast, the average path
length of network describes the global e±ciency and
the ability of parallel information transmission
of network, in which a large average path length
correlates with a low e±ciency.35 In addition, the
average node degree represents the network density,
in which the network connections are sparse when
the average node degree is small while the network
connections are dense when the average node degree
is large.30 Further, the small-world property index is
to examine whether the brain networks exhibit the
small-world properties.10,35

4.1. Network properties with absolute

thresholding

We discovered from Figs. 4–6 that the brain net-
works of transphrasing case showed the larger
clustering coe±cient, the shorter average path
length, and the greater average node degree than
those of code-mixing case. Meanwhile, the trans-
phrasing case exhibited higher e±ciency and denser
connections as compared to the transcoding case.
Likewise, the transcoding case also exhibited larger
network clustering coe±cient and higher average
node degrees as compared to those of code-mixing

case. However, the small-world property index of
transphrasing case exhibited stronger randomness
than that of transcoding or code-mixing case. These
results demonstrate that there exists signi¯cant dif-
ference between the neural mechanisms of the three
SI strategies from the perspective of the network. We
discovered that in terms of the measures of three
network metrics including the clustering coe±cient,
average path length, and average node degree of the
network, the transphrasing case showed the highest
e±ciency and densest connections as compared to
those from the transcoding and code-mixing cases,
whereas the code-mixing case showed the lowest ef-
¯ciency. These neural ¯ndings were in line with pre-
vious results that transphrasing case involved more
complex cognitive e®ort than the transcoding
case.36,37 However, this is not the case for the code-
mixing strategy, which does not involve signi¯cant
cognitive e®ort at all. Interestingly, our ¯ndings also
demonstrated and validated that the professional
interpreters are more likely to adopt the transcoding
and code-mixing strategies than the transphrasing
one in order to improve the SI e±ciency.

4.2. Network properties with relative

thresholding

According to the analysis results in Figs. 7–9 based
on the relative thresholding, we discovered that
both the transcoding and transphrasing cases
showed larger clustering coe±cient than that of
code-mixing case although only the transcoding
case exhibited the signi¯cance. These observations
showed good agreement with those from the abso-
lute thresholding. By contrast, the code-mixing case

(a) (b) (c)

Fig. 9. Comparison of the small-world indicators between the code-mixing and transphrasing translation strategy with relative
thresholding: (a) the clustering coe±cient, (b) average path length and (c) measure of small-worldness. The curves ðmean� SEÞ
show the network indicators with di®erent sparsity, in which the red and blue color represent the code-mixing and transphrasing
strategy respectively. The horizontal axes denote the sparsity values whereas the vertical axes denote the network property indexes.
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exhibited stronger randomness than those of trans-
coding and transphrasing cases, which were totally
di®erent from the results generated from the absolute
thresholding. Interestingly, the average path length
showed no di®erence between the three SI cases al-
though that from the absolute thresholding exhibited
signi¯cant di®erence.

In addition, it should be pointed out that the
distance between each source and each detector was
set as 3 cm, which can eliminate or reduce the e®ect
of optical path length in CW6 fNIRS system across
various subjects and channels. The optical path
length was generally considered as a constant for
most of the analysis cases since fNIRS technique, as
a signal processing method, was not involved in
accurate source localization in 3D space.

In summary, fNIRS is a facilitating tool for ex-
ploring and building functional brain network as-
sociated with Chinese to English SI. In this study,
we combined fNIRS neuroimaging technique with
the complex network theory to analyze and com-
pare the attribute features of functional brain net-
works in the left frontal region for three translation
strategies including transcoding, code-mixing, and
transphrasing. We discovered that the functional
brain activation networks for transphrasing strate-
gy exhibited the largest clustering coe±cient, the
shortest average path length, and the greatest av-
erage node degree as compared to those from the
code-mixing or transcoding strategy.
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