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Abstract—Fragmentation Learning based on intelligent mobile terminals can
generate a large amount of mobile learning trajectory data, and the network
formed by these mobile terminals is a very complex network. This paper
researched the construction of a mobile learning environment based on complex
network, in the hopes of providing a new idea for solving problems in the learning
information dissemination of mobile terminals and the integration of mobile
learning resources. In the beginning, this paper introduced the concept and
features of complex network for mobile learning in the context of an English
fragmentation learning environment, built a learning information dissemination
model, and proposed an immune strategy under the conditions that terminal
nodes won’t perform similar repeated learning after completing mobile learning.
Then, the paper elaborated on the construction process of a mobile learning
environment based on keyword co-occurrence, and established the keyword co-
occurrence adjacency matrix and weighted matrix. In the end, experimental
results proved the accuracy and usability of the proposed strategy.
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1 Introduction

A growing number of learners have now chosen to use intelligent mobile terminals
to conduct fragmentation learning as supporting technologies such as Internet, cloud
computing, Internet of Things and intelligent terminal devices matured in recent years,
such trend has generated massive mobile learning trajectory data covering aspects such
as history learning behaviors and interactive learning activities [1-13]. These mobile
terminal devices can be connected based on a same learning objective and form a net-
work, which has many complex network features [14-21]. By carefully analyzing these
features and making good use of the said network, we can find new ways for solving
problems lying in the learning information dissemination of mobile terminals and the
integration of mobile learning resources.

Social networks and mobile devices are major tools for reflecting the latest trends in
higher education. Simonova and Poulova [22] collected relevant and appropriate data
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for statistics on the types and access frequencies of 19 social networks and the owner-
ship and purposes of use of 12 kinds of mobile devices; the results showed that students
have been fully equipped with mobile devices and use them for private purposes, and a
high learning efficiency has been achieved. Amaratunga and Ranasinghe [23] created
a mechanism to exploit the inherent but haven’t been fully utilized functions of mobile
devices with a content format specifically designed to maximize opportunistic educa-
tional content delivery and take it as a means of disseminating basic educational con-
tent. Since wireless network has become the primary infrastructure of digital campus,
Chinese colleges and universities are expanding the coverage of campus information
network. Chen and Zhu [24] introduced an intelligent algorithm to wireless network
communication to optimize and construct an autonomous mobile learning platform for
cloud education, they proposed methods for reducing energy loss in wireless commu-
nication and finding out the intelligent algorithm most suitable for realizing cloud edu-
cation via mobile learning platforms. Aiming at the defects that English mobile learning
platforms are easily affected by external interference signals and their ability of remote
English information transmission is often poor, Zhen [25] put forward a design scheme
for English mobile learning platforms based on the GSM-R (Global System for Mobile
Communications—Railway) wireless network communication system; they devised the
overall framework of an English mobile learning platform, and experimental results
suggested that the designed English mobile learning platform can meet students’ learn-
ing demands, after using it, the students’ comprehensive ability has been improved in-
deed. Zhang and Zhong [26] researched the establishing of learning models via collab-
orative network inquiry and explored its application in teaching practice, and they at-
tempted to build a mobile learning model of collaborative network inquiry based on big
data.

Existing studies concerning mobile learning environment mostly concentrated on the
time series of mobile learning trajectory data, none of them talks about directly building
complex network for these mobile learning trajectory data. In view of this, based on
moving trajectories, this paper presented a secure information dissemination strategy
for mobile learning in complex network, and built a mobile learning environment based
on keyword co-occurrence. The second chapter of the paper introduced the concept and
features of complex network for mobile learning in the context of an English fragmen-
tation learning environment, constructed a learning information dissemination model,
and proposed an immune strategy under the conditions that terminal nodes won’t per-
form similar repeated learning after completing mobile learning. The third chapter is
the core content of this paper, it elaborated on the construction process of a mobile
learning environment based on keyword co-occurrence, and built the keyword co-oc-
currence adjacency matrix and weighted matrix. In later parts, this paper verified the
proposed strategy combining with experimental results, and proved its accuracy and
usability.
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2 Application of complex network in mobile learning
environment

Fragmentation learning on intelligent mobile terminals is the most extensively used
learning method for English learning, and all discussions in this paper were based on
English learning application scenarios.

A specific mobile learning network can be abstracted as a graph H=<U,R> consisting
of a point set U and an edge set R. Assuming Y=|U| represents the number of terminal
nodes and X=|R| represents the number of edges, then for every edge in edge set R, there
is a pair of nodes in U that correspond to it.

Degree is one of the simple parameters used to describe the topology of mobile learn-
ing network. Assuming: l; represents the degree of terminal node i in the network,
namely the number of other nodes connected to this terminal node. In a mobile learning
network without self-loops and multiple edges, the degree of node i is the total number
of edges connected to node i; assuming <I> represents the average degree of network
terminal nodes, namely the mean of degree [; of all terminal nodes i in the network, its
calculation formula is:
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In a directed mobile learning network, the degree of each terminal node includes the
out-degree and the in-degree, which are represented by lou: and lin, respectively. lou is
equal to the number of edges pointing from a terminal node to other nodes; and I, is
equal to the number of edges pointing from other terminal nodes to this node. Intuitively
seen, a node with a larger degree is more important to the entire network than a node
with a smaller degree.

The average path length of the mobile learning network has an important impact on
network delay, and it is also an important measure and parameter of the network. The
average path length is the number of edges on the shortest path between any two termi-
nal nodes i and j in the network, denoted as ¢ij; and the average path length of the entire
mobile learning network, which is denoted as v, is the expected value of the sum of all
&ij values; assuming Y represents the size of the network, then y can be calculated by
Formula 2:

Zsij
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The clustering coefficient is used to describe the connecting and clustering status of
terminal nodes in the network. A larger clustering coefficient indicates tighter local
connections of terminal nodes in the network. Assuming: in the network, a terminal
node i is connected to other terminal nodes through i edges, these Ii terminal nodes can
be defined as the neighbors of terminal node i. Then for these neighbors of terminal
node i, there’re at most li(li-1)/2 possible edges that connect these I; terminal nodes with
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each other; assuming R; represents the number of edges that actually exist between these
Il terminal nodes, defining the clustering coefficient #; of terminal node i as the ratio of
Ri to the possible number of edges li(li-1)/2, then its value can be calculated by Formula
3:

2R,
;= m 3)

This paper built a learning information dissemination model for mobile learning net-
work based on the epidemic disease spread model. Formula 4 gives the basic differen-
tial equations of the epidemic disease spread model:

dZ—(TT):—uo(t)e(r)

) _ o(r)e(r)

dr

(4)

Assuming: Y is the total size of the mobile learning network; the infected individuals
and susceptible individuals in the epidemic disease spread model respectively represent
the terminal nodes that have conducted mobile learning and the terminal nodes that
need to conduct mobile learning in the mobile learning network. Defining: at time mo-
ment z, the number of infected individuals in the network is represented by e(z), and the
number of susceptible individuals in the network is represented by o(z), then the pro-
portion of individuals in the network that are in the susceptible state E is e(z)=e(z)/M,
the proportion of individuals that are in the infected state O is i(z)=i(z)/M, and there is
e(7)+i(z)=1. According to actual situations, the dissemination model can reflect the in-
itial characteristics of learning information dissemination in the mobile learning net-
work.

Because for each terminal node in the mobile learning network, after it completes
mobile learning for one time, it has the needs to proceed to the mobile learning of next
level, that is, all terminal nodes can convert between susceptible state E and infected
state O. The differential equations of the model can be updated as follows:

de(r)__uo r)e(r)+<o(r
)~ uo(r)e(r)+o(r) ©)
dz_(:):uo(r)e(f)*fo(f)

The two models of Formulas 4 and 5 have a common disadvantage, they only con-
sider whether a terminal node is conducting mobile learning or whether mobile learning
is required, that is, whether an individual is healthy or infected in the epidemic disease
spread model, they haven’t considered the situation whether the terminal nodes will
conduct similar repeated learning after completing the mobile learning, namely the sit-
uation that individuals have acquired immunity in the epidemic disease spread model,
which is inconsistent with the actual situation of virus transmission. For this reason, in
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this paper, differential equations of the constructed model were further updated. As-
suming: u represents the probability of susceptible nodes being infected due to the in-
formation transmission between the susceptible nodes and infected nodes; & represents
the probability of infected nodes obtaining permanent immunity due to receiving treat-
ment, then there are:

de(7)

. =-uo(r)e(7)
dz_(:):uo(f)e(f)-go(r) ®)
ds(7)

dr so(r)

In the traditional epidemic disease spread model, the individuals’ immunity can be
obtained by randomly selecting some nodes in the network for immunity, and there is
no priority in it. Assuming p represents the density of immune terminal nodes, then
Formula 7 gives the calculation formula of the critical value of immunity piw:

1
Py =1-—H (7
7]

Formula 8 gives the formula for calculating the critical value of immunity piv of the
scale-free network:

P =1- <I> 8

u(l)

According to above formula, as the average degree of nodes <I?> of the scale-free
network tends to infinity, piv tends to 1. Adopting the above random immunity strategy
requires that most terminal nodes in the network to be immunized, the immunity effi-
ciency is relatively low. In this paper, according to the degree of terminal nodes, from
large to small, the terminal nodes that need to be immunized were selected, and Formula
9 gives the formula for calculating the critical value of immunity of the corresponding
target:

2

Pwm ~ ro ©)

The above formula shows that, the immune strategy makes use of the uneven distri-
bution characteristic of scale-free network, the more uneven the mobile learning net-
work is, the more obvious the effect that the terminal nodes won’t conduct similar re-
peated learning after completing the mobile learning.
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3 Construction of mobile learning environment based on
keyword co-occurrence

This chapter figured out the relationship between research hotspots of English frag-
mentation learning and hot learning words via constructing a mobile learning environ-
ment based on keyword co-occurrence. Figure 1 shows the keyword screening process
of English fragmentation learning. After the keyword co-occurrence dataset and high-
frequency vocabulary data were determined, the keyword co-occurrence adjacency ma-
trix and weighted matrix were constructed to finally realize the construction of the key-
word co-occurrence mobile learning environment.

Analyze the
characteristics of mobile
information transmission

v
Extract the labelled
keywords of terminal
nodes

Delimiter keyword

Mfiether it contais
meaningless high
equency worgd

Yes Delete the high-
frequency word

No
Determine the keyword
co-occurrence dataset

y
End

Fig. 1. Keyword screening process of English fragmentation learning

In graph H<U, R>, if there is information transmission between two terminal nodes,
the co-occurrence frequency is not zero. The m*m matrix RH used to describe the con-
nections between all edges in R can be expressed as Formula 10:

M o Ty
r. r. e L.

RH=|2 % _  ™l1<ij<m (10)
r‘ml rm2 rmm
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Assuming: rjj represents the edge between terminal nodes U; and U; of labelled key-
words. If there is an edge between U; and U, then rj; is 1; otherwise, rijis 0.

In order to determine the co-occurrence intensity of the labelled keywords of two
terminal nodes, it is necessary to simplify the keyword co-occurrence adjacency matrix
RH of the original network, only retain the closest connection between terminal nodes,
and then construct the final keyword co-occurrence mobile learning environment on
this basis. Same as RH, the weighted matrix o defines a weight wj; that is related to
edge rij, then there is:

Oy Wy o Wy
a) a) e w
21 22 2 -
o=\ “ . ™ 1<i, j<m (11)
[0} [0} [0}

ml m2 mm

The wij values on the diagonal are all 0. If r;j=0, then w;=0. In this paper, the included
angle cosine algorithm was adopted to calculate the weight between the labelled key-
words of two terminal nodes. Assuming: DE;; represents the co-occurrence times of
keyword i and terminal node j, FR; represents the frequency of occurrence of keyword
i, FR; represents the frequency of occurrence of keyword j, then there is:

DE,
FR.FR,)=—= (12)

[FRFR,

The size of " describes the connection intensity between terminal nodes in the key-
word co-occurrence mobile learning environment. Based on the original network RH,
the network was simplified; assuming oj; represents the weight of edge r;;, then the key-
word co-occurrence adjacency matrix OG of the network can be expressed as Formula
13:

r(DE

ij

0, 0, - Oy
0 o 0 ..

oG=| * % "1 1<i, j<m (13)
0o, O 0

ml m2 mm

Assuming: wi represents the weight of edge i, p={ri, r2,..., r’} represents a path, {w1,
w2,..., o} represents the weight on p, then the weight w(p) of information transmission
path in the mobile learning environment could be calculated by the Minkowski Dis-
tance:

1
s

aﬁp)=[§:;gf},s=lw”w (14)

The value range of the parameter s of path weight was determined to be within [1,
o). When s=1, the distance of p is the sum of the weights of all edges of p. When s=2,
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the distance of p is calculated using Euclidean distance. When s—oo, the distance of p
is the distance of the largest edge of p.

When all path weights in the network are lower than parameter t, the triangle of t
obtained by the Minkowski Distance can satisfy the 1/s triangle inequality principle,
then there is:

n g
<| —1] ,n=123,...,t 15
“h [wf+w§+w§] o

Here, t can be set as any integer within [2, m-1]. When t=2, the above formula de-
scribes the triangle inequality rule; when t=3, it describes the quadrilateral inequality.
Usually, the value of s takes infinity, and the value of t takes m-1.

The connection relationship of the mobile learning environment was simplified
through the weighted matrix and the simplified network, and finally the mobile learning
environment of keywords co-occurrence of English fragmentation learning was ob-
tained. Assuming: PS; represents the betweenness centrality of terminal node i of la-
belled keywords, hy, represents the number of shortest paths from terminal node f to
terminal node p of labelled keywords, ms, represents the number of shortest paths that
pass through terminal node i in the hy, shortest paths from f to p, then, calculation for-
mula of the betweenness centrality of terminal nodes is given by Formula 16:

m;
Psi 22f¢i¢ph_fp (16)
P

Keyword with higher PS; indicates that the corresponding terminal node is more im-
portant in the mobile learning environment, meaning that the study content of English
fragmentation learning is of higher research value, and learners can carry out learning
according to the resource recommendation results of the keywords.

4 Simulation and experimental results

In the experiment conducted in this research, the size of the mobile learning network
is 3000. Figure 2 shows the dissemination of learning information in the mobile learn-
ing network when the average degree is 5, 7, and 9, respectively. The horizontal axis is
the time moment, and the vertical axis is the corresponding cumulative number of mo-
bile terminal nodes. According to the figure, the cumulative number of mobile terminal
nodes decreases with the increase of average degree. After reaching a certain time
length, the number of terminal nodes receiving English fragmentation learning infor-
mation and performing mobile learning reaches the maximum and will not decrease,
indicating that the dissemination of English fragmentation learning information is dif-
ferent from the spread of viruses in the traditional sense, that is, the terminal nodes have
information immunity, but learners are also willing to receive part or all of the learning
information after the learning is completed so that they can consolidate learning and
reinforce the knowledge.
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Fig. 2. The dissemination of learning information in the mobile learning network

Table 1 shows the dissemination of learning information in the mobile learning net-
work in different time periods. In the constructed mobile learning network, it only needs
3.4% of the important terminal nodes to disseminate learning information to meet the
requirements.

Table 1. The dissemination of learning information in the mobile learning network in different

time periods
Experiment condition 1 2 3
Serial number

t1 0 1 0
t2 2335 4528 4627
t3 3248 5218 6015
t4 3758 5284 6928
t5 4021 6235 7349
t6 4235 6297 7759
t7 4516 6682 8019
t8 4825 6829 8217
t9 5017 7008 8537
t10 5186 7352 8629
t11 5316 7492 8849
t12 5476 7431 8619
t13 5819 7614 9172
t14 5816 7649 9027
t15 5966 7754 9267
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Table 2 gives the co-occurrence adjacency matrix of high-frequency keywords in
mobile learning. The matrix is a symmetric matrix, values on the diagonal line of the
matrix are all 0, indicating that all keywords have no correlation with themselves. The
values of keywords "English listening” and "English speaking" are 1, indicating that
there is an edge between them. The values of keywords "English listening" and "Eng-
lish reading” are 0, indicating that there is no edge between them. Table 3 shows the
co-occurrence weighted matrix of high-frequency keywords in mobile learning.

Table 2. Co-occurrence adjacency matrix of high-frequency keywords in mobile learning

Keyword Listening Speaking Vocabulary Writing | Reading Grade test
Listening 0 1 0 1 0 1
Speaking 0 0 1 1 1 1
Vocabulary 0 1 0 1 0 0
Writing 0 0 1 0 1 1
Reading 1 1 0 1 0 1
Grade test 1 0 1 0 0 0

Table 3. Co-occurrence weighted matrix of high-frequency keywords in mobile learning

Keyword Listening Speaking Vocabulary Writing | Reading Grade test

Listening 0.264 0.06 0.087 0.057 0 0.624
Speaking 0 0.274 0.285 0 0.172 0.318
Vocabulary 0.428 0.192 0 0.435 0.395 0
Writing 0.751 0.625 0.492 0.513 0 0.428
Reading 0.372 0.295 0.482 0 0.457 0
Grade test 0 0.572 0.296 0.482 0.735 0.618

In order to verify the accuracy of the keyword frequency count algorithm used in the
experiment, from the dataset containing 10247 keywords of English fragmentation
learning, 16 keywords were extracted randomly, including: listening, speaking, vocab-
ulary, writing, reading, grade test, grammar, business English, English teacher qualifi-
cation certificate, bilingual news, classical literature appreciation, professional English,
CET-4 & CET-6, slow-speed English, listening and speaking training, and TOEFL and
IELTS. To ensure the accuracy of statistics, multiple experiments were conducted; the
manual labelling results and execution results of the proposed algorithm were com-
pared, as shown in Table 4, according to the data in the table, the experimental results
of the two methods were basically consistent, which has verified the effectiveness of
the proposed algorithm.

In order to verify the accuracy of the keyword frequency count algorithm used in the
experiment, 20 groups of keyword pairs were randomly selected from the high-fre-
quency keyword set containing 208 words. To ensure the accuracy of manual statistics,
manual count was repeatedly performed in the experiment, the labels were marked and
recorded, and the results were compared with the algorithm execution results. Due to
the limited space of the paper, only 10 groups of keyword count results are listed here,
and the comparison effect is shown in Table 4.
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Table 4. Statistics of the frequency of randomly extracted keywords

Frequency Experimental results Manual labelling
Keyword
Listening 125 128
Speaking 75 74
Vocabulary 66 68
Writing 25 58
Reading 24 45
Grade test 22 32
Grammar 21 26
Business English 19 24
English teacher qualification certificate 18 20
Bilingual news 16 18
Classical literature appreciation 14 16
Professional English 14 14
CET-4 & CET-6 12 12
Slow-speed English 11 10
Listening and speaking training 8
TOEFL and IELTS

According to Table 5, the manual labels are consistent with the execution results of
the proposed algorithm, which can prove that the statistical results of the proposed al-
gorithm are accurate, that is, the constructed high-frequency keyword co-occurrence

matrix is accurate and effective.

Figure 3 shows the construction results of the mobile learning environment for Eng-
lish fragmentation learning. In the graph, the higher the frequency of a keyword, the
more the terminal nodes connected to it, and the larger the area of the circle. From the
graph, we can intuitively distinguish the high-frequency keywords of mobile learning,

the hot words of learners, and the relationships between them.
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International
English teacher

Online
speaking

Fig. 3. Construction of mobile learning environment for English fragmentation learning

Table 5. Statistics of co-occurrence frequency of randomly extracted keyword pairs

Keyword Frequency Experimental results | Manual labelling
(Listening, Slow-speed English) 7 8
(Reading, Bilingual news) 9 11
(Grade test, CET-4 & CET-6) 1 1
(English for going abroad, TOEFL IELTS) 3 5
(Vocabulary, Business English) 12 15
(Reading comprehension, Classical literature appreciation) 6 7
(Professional English, teacher qualification certification) 3 5
(Original-sound English Listening, American Education) 4 2
(Mobile learning, Online listening training) 6 4
(Online teaching, English writing skills) 2 1
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5 Conclusion

This paper researched the construction of mobile learning environment based on
complex network. At first, it introduced the concept and features of complex network
for mobile learning in the context of an English fragmentation learning environment,
constructed a learning information dissemination model, and proposed an immune
strategy under the condition that terminal nodes won’t perform similar repeated learn-
ing after completing mobile learning. Then, the paper built the keyword co-occurrence
adjacency matrix and weighted matrix, and elaborated on the construction process of a
mobile learning environment based on keyword co-occurrence. After that, the experi-
mental results showed the dissemination status of learning information in the mobile
learning network during different time periods, and gave the constructed co-occurrence
adjacency matrix and weighted matrix of high-frequency keywords of mobile learning.
By comparing the experimental results of the frequency of randomly extracted key-
words and the co-occurrence frequency of randomly extracted keyword pairs, it’s ver-
ified that the constructed high-frequency keyword co-occurrence matrix is accurate and
effective. Finally, construction results of the mobile learning environment of English
fragmentation learning were given, and the proposed strategy of mobile learning envi-
ronment construction was proved to be accurate and usable.
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