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ABSTRACT

We study the knowledge diffusion and students participation in MOOC forum and face-to-face discussion on SPOC.
A multi-layers networks model which is based on BA scale-free networks and NW model is shown to explore how the social
competence and different absorptive capacity of face-to-faceindividuals on SPOC, the proportion of contributors of MOOC
forum and the compl exity of knowl edge effect the participation and knowledge diffusion of the online forum. In this paper, we
find that: the greater the proportion of online contributors, the more conducive to the dissemination of online knowledge, the
higher online participation; The social competence, different average absorptive capacity of offline individuals and
knowledge complexity have no significant impact on forum participation; different distribution of offline absor ptive capacity
will affect the average level of knowledge online to a certain extent; And,the higher the complexity of knowledge, the less

conducive to knowledge transfer.
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INTRODUCTION

With the rapid development of current computer tetbgy and cloud technology, the disseminationrafiledge
has become more convenient and flexible. The dissdion of knowledge can achieve cross-regionalmamcation and is
no longer limited by time and space as before. ilicadhl education and teaching activities are oftenited by time and
space, and the emergence of WEB2.0 and cloud sguiatforms are making these restrictions gragivedlakened. Since
2012, MOOC (large-scale open online courses), kedtanford University, Harvard University, and atleglucational
institutions, many domestic universities have d&sgun to enter the MOOC for online education. Waeéacation and the
"Internet +" era are combined, this provides nepl@ation and research content for education aadhieg activities and

the dissemination of knowledge.

MOOC is characterized by large-scale, open, flexitde and rich teaching content. At MOOC, learmidg/iduals
can acquire knowledge through instructional videdassroom exercises, forum discussions, unit tests Unlike
traditional education, the individual learning orO@C can be anyone, so the learning individuals @M have larger
Individual differences.

In traditional college education, some colleges amdersities cooperated with MOOC to carry out EPeurse
teaching. The SPOC course, which is a private eguss a credit-based course. The course generalyttreshold
requirements for the individual who chooses therseffor example, the same class, major, etc.)¢chvhicludes online

learning and regular teacher-student meetings.dtrixed form of learning.
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The open nature of MOOC's large-scale online hse lalought many problems to the learning of MOGQTthie
case of high registration rate, the completiorhefMOOC course is often low. The investigation hf/i.j Jordan and Jiafg

Jlet al. proved the existence of this phenomenon.

At present, foreign scholars have made many carttabs in MOOC research, and their research doasttan be

roughly divided into the following categoriés

«  Using cluster analysis to analyze the types ofliegrindividuals on the MOOC platforf. Kizilce et al® divided
learners into observers, finishers, early adoptand, exiters. Ferguson et al. (2015) classify MO€&Eners into
two categories: auditors and finishers. Rodrigueal.e(2016) divided forum learners into learningrftipants,

occasional participants, and non-participants.

« Research on the motivation of learning individuah&vior. Fang XU proposed the TAM3 model to study the
influencing factors of learning behavior; GS. Stuetpal. developed a classification framework basedhe

classification of forum contefit.

» Study the completion of individual courses, the i@treturning, and the results. D. Yang et adigtd the influence
of social interaction on the online couf§eTaylor et al™ studied the influencing factors of learners’ withalal
from learning based on data mining and analysisigzéand'" used logistic regression analysis to explore the

impact of learning behavior on academic performance

However, there are few research articles on theviedge dissemination between SPOC and MOOC, amd ttre
few empirical studies, questionnaires, etc. Aslierissue of how the knowledge of SPOC and MOOG@qslas is spread,
there are no clear research results. Will theniegror social behavior of individuals affect thestmination of knowledge
on the MOOC in which they are located? Will it afféhe participation of online MOOC forum? What hetoral factors are
there in the offline SPOC individuals that leadtte participation of learning individuals on the QG in online forums?
These problems have not yet been clearly studiedrasults. Therefore, this paper attempts to dstalal knowledge

spillover model based on complex networks to byisfudy the above problems.

The Model
Underlying Network Selection
MOOC Forum Network

This paper argues that the forum learning netwerkhe MOOC is similar to the BA scale-free netwokkaong
them, the nodes on the BA scale-free network repitetie learners of the online forum. In orderitomify the model, this
paper does not consider the directionality of thgee if the post published by node A is browsedhyr the post published
by node B is browsed by A, then A and B nodes famundirected edge; The number is measured byetred of the node.

The network construction algorithm is as foll&#s

+  Growth: Initially given N nodes, add a new node at each time step, andager®m<n) new edges;

« Preferred: The probality that the new nodej and the old nodee will be connected to each other is:

Impact Factor (JCC): 5.0273 NAAS Rating 3.73



The Study of Knowledge Diffusion Based on Complex Networks 141

/ @
BA scale-free network evolves through t steps, witian generateN =N+t nodes andmt edges.
SPOC Face-to-Face Network
This paper will use the small world network as timelerlying network. In order to avoid the WS smadirld
network in the process of building isolated nodws the results are biased, this paper will usé\tenetwork proposed by

Newmana and Watts as the communication networkruhéeSPOC. The nodes on the NW network represenbérs . If

the learners are members of the discussion graugiresponding relationshifedge is generated.
The network construction algorithm is as foll&Ws

« Given a rule network: the total number of nodes @fiven network isN , and each node is connected with its

nearest neighbolK = 2K nodes to obtain a one-dimensional limited rulevoek, requiring:N = K >1;

+ New random network: For théN nodes of the rule network, the probability of cecting any two nodes is
pK /2, but to keep the edge of the original rule netwamkhanged, it is also necessary to exclude theated

connection and its own connected.

Knowledge Dissemination Mechanism
Based on Lin, LI** * and other knowledge spillover diffusion perspessivthis paper considers the participation

factors of neighbors and establishes a knowledggediination model.

Assuming that there ardN nodes in the system and the number of them renthilnsame, the transfer of

knowledge can only occur between the nodes and tieghbors and knowledge transfer must occur where is a

knowledge gap between the two individuals. tAtnoment, the knowledge of the nddean be represented bl,)(t), and

the knowledge update of the nodas follows:

_[ V,t+D=v,@O)+a[v,()-v,@)]  If v,(t)>v (1)

v.(t+1)=v.(t) otherwise .

Extracting knowledge from the neighbpof the nodé with probabilityT :

a.

. is the absorption capacity coefficient of indivédu: @ is the random number online and meets inverted

U-shaped distribution in (0,1] offlin&; (t) J[01], herev,(t) =0. V,(t) =1 means nodd doesn’t master the new

knowledge and can grasp the complete new knowledgarately at moment.

Considering the knowledge complextlit(dk # O) ,the absorption capacity coefficient of individuatan be

written as :
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a =a,ldk 3)

Considering the participation of neighbors, thebataility of accepting knowledge transfer is

f e o 05—R(0)/K(P)
T =T*T 4)
rewritten as:

Where represents the number of people participatitige discussion in the i-node neighbors, istibgree of node

i and is the knowledge accept rate.

_ 1 i)/ k(i
h—NZh():’k()

®)
Define the overall participation of the network as:
At t moment, the average knowledge level and variahtieecsystem are:
- 1
v(t) = v Z v.(2)
(6)
2 1 2 2
c’(t) = EZVI. O —v (t)
(7

Double-Layer Network Knowledge Dissemination Proces
From a certain moment, the individual receives keawledge from the teacher. Due to the needs oledmming

task, the face-to-face communication below the SR@Cthe forum discussion on the MOOC begin.

According to Fergusdtf!, the learners on MOOC forums can be divided iwm¢ategories :(1)Silent learners: who
can post but does not participate in the reply\C2)ributors: who can participate in replies toevtstudents’posts. Here, we

take contributors as 40% of the total number ofrenlisers as the original parameter.
Online Forum Knowledge Flow

Learners on MOOC can post a message to seek tiggmtion of others in the discussion of the contef the post,

S0 as to obtain knowledge by the correspondingatitiby Tl' to update their knowledge reserves, or learnegparttcipate

in the reply to make the poster knowledge can bmiodd from its replies to the discussion with oitity Tl'.
Considering that individuals will be more inclinedparticipate in the acquaintance's post discas#iis paper assumes that

when the target node and the neighbor node on tB®®!are both SPOC offline user'§1' =1
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Figure 1: Schematic Diagram of the Spread of Knowldge in Double-Layer Network

Synchronizing the Information of the Connected Node
If the posting learner is also an individual whatjgégpates in the SPOC face-to-face discussionhiattime, the
overall offline knowledge level is also increasetduse the node acquires knowledge online. Thélnaig in SPOC have

the opportunityTz' to get more knowledge by discussing with this noblee two-layer network is connected by the
connection node, and the knowledge between théayers flows;

At the same time, the learners who are in SPOCtfaface discussion update their knowledge leveherMOOC
forum in real time. So that it has the opportunityarticipate in the discussion of other indivilduan the online forum, so

that the knowledge between the two layers can ftoeach other. Repeat this knowledge transfer geotmeform a dynamic

two-tier knowledge transfer network.
Simulation Results and Analysis

In this paper,the original parameters are setlémis:T=0.5 dk=1.0. the average absorption capacity offline is

0.6.And the original network parameters are shawthé Tablel.

Tablel: Parameters Settings of Initial Network
NW Network(Face-to-Face

BA Network(Online Forum)

Max ste Discussion)
i Size | Degree | Ed9e-Adding | o) Degree CenneEsien
9 Probability 9 Number of New Nodes
200 100 6 0.25 4000 3 3

The Social Competence
SPOC face-to-face learners can form a "studenesttidnteractive communication group in self-orgaation,
teaching rules, and other requirements. At thigtilearners' social competence is embodied in lthigyato actively and

become learning partners with the members of thesgnding non-self-contained groups. In our moed, can use the
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Edge-Adding probability of offine NW model to desme this kind of social competence. The stronder social
competence of offline individuals, the easier i®stablish learning partnerships with non-leagmpartners. Similarly, the
greater the Edge-Adding probability in the modeg easier it is to succeed in edge-adding. Basddisiypothesis, we
simulate the offline social competence of offlindividuals by changing the Edge-Adding probabibityffline networks, in

order to explore the influence of offline sociakiraction on offline and online forum knowledgesgisiination.

Learners' social competence is set as a parafgbtérhe simulation results as follows:
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Figure 2: The Influence of Offline Individual Socid Competence on the Knowledge Dissemination and Ptaipation
of Face-to-Face Communication

The left image of Figure 2 shows the evolutionted aiverage level of knowledge on MOOC online forand
SPOC face-to-face communication with individualgwdifferent social competencies over time. It barseen that with the
improvement of the social ability of individual'$fline, the amount of knowledge reserve will incseand the growth rate
of knowledge will accelerate in unit time; howewbe participation degree of offline network wiectease slightly with the
improvement of the social ability of individualsflofe. We believe that this is because with theriowement of the social
ability of individuals, the number of neighbors ¢les) around individuals will increase. As the numbg neighbors
increases, it is not guaranteed that knowledgestearwill occur for each new learning partnershignich will lead to a

smaller degree of neighborhood participation of samdividuals.

We linearly fit the degree of participation and isbcompetence of face-to-face communication. Theielinear

relationship between the two, and the fitting folanis obtained.

h( pr) =0.98004—0.10762* pr
(8)
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Figure 3: Fitting the Relationship between OfflineSocial Competence and Participation
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Figure 4: The Influence of Offline Social Competene on Online Participation

From Figure 2 (left chart) and Figure 4, we cantbegthe participation of online MOOC forums wiliange slightly
with the change of offline social competence ofindf individuals, but it is not as regular as thatjgipation of offline
face-to-face individuals with the change of sociampetence. Similarly, the change of average lefddnowledge on
MOOC does not show a significant change. Therefsedhelieve that changing the social competengdfiifie individuals
has a more significant impact on the knowledgeetiissation and participation of face-to-face commation, and has no
obvious effect on the knowledge dissemination aartigpation of online forums. This is becauseioélsocial competence
changes will directly affect offline networks, offe networks can be directly and real-time affedtgdffline individual
social competence changes. Online network is mettly affected by the change of individual soeihllity offline. After
the increment of knowledge acquired offline, oflimdividuals update their knowledge level on oaliarums. In addition,
the number of SPOC face-to-face individuals in maIMOOC forums is relatively small. At this timeglime forums are
weakly affected by the social ability of offlinedividuals, and the social ability of offline indduals changes as a whole.

There is no significant effect on the disseminatbknowledge and participation in online forums.
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The Distribution of Absorptive Capacity

We divided the average level of knowledge absongaibility into three levels: low level (< 0.5), miedh level (=
0.5), high level (> 0.5).In reality, the averagsaiptive capacity of the offline learning groupié low, medium (ordinary
class) and high (elite class). What impact willfeliént absorptive capacity have on the participamd knowledge

dissemination of online forums and face-to-facehexges?
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Figure 5: The evolution of Offline Knowledge Disselimation Over Time with Different Offline Absorption Capacity

Distributions

Figure 5 left chart shows the distribution of aféliindividual's different absorptive capacity , dhd right chart
shows the evolution of the average level of knogtedxchanged . It can be found that the knowletigerative capacity of
offline individuals presents an inverted U-shapestridhution; when the average offline absorptivepacity of the
face-to-face group is stronger, the higher the @/&knowledge level in the initial stage, the higtiee offline growth rate of
the average knowledge level, and the shorter the for the “"convergence" of the knowledge level aghndividuals.
Undoubtedly, when the average offline absorptieacity is low, there will be a lower efficiency absorbing knowledge
among individuals, which makes the increment ofvidedge smaller in unit time, and makes the spré&thawledge slow.
If the group has a higher average absorptive cgpacimeans that most individuals have strong ghtsee capacity, and

these individuals can acquire more knowledge inergnm unit time, so that the overall speed of klealge dissemination is

faster.
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Figure 6: Change of Knowledge Dissemination in Onfie Forum Over Time with Different Offline Absorptio n Ability

Figure 6 shows the evolution of the average knogddével in forum over time under different offlinesorptive
capacities. We found that when the average offlibsorptive capacity is higher, the average knovddegel of online
forums will be higher in unit time. As offline indduals also participate in online forum learnimgeraction, when the
average absorptive capacityaffline groups changes, it means that the abs@mipacity of some online individuals
also changes accordingly. If the average absorpbiéy of offline group is higher, there are solearners who come
from offline face-to-face discussion with highersatptive ability online. With the improvement ofdtpart of users
‘absorptive ability, this part of users can absodye knowledge increment in forum interaction. A¢ same time,
because this part of users participates in theyrepbther people's posts, other learners will mete knowledge
increment from the responses of these learnershigher the average absorptive capacity of offfjreups, the higher
the average online knowledge level will be. Fromitnages, we also find that there is no significhffiérence in the
average individual knowledge level of online forumish the change of the average absorptive capa€itffline
groups, because the number of SPOC users is srtalethat of MOOC, in the face of large-scale MOIB&ning
groups, the absorptive ability of SPOC learnerslingited impact on the overall average knowledgelef MOOC

forums.
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Figure 7: The Influence of Different Offline Average Absorptive Capacity on Online Forum, Face-to-Face
Interaction Participation

The graph above shows the relationship betweertata participation of online forum and offline f&to-face
networks and the average absorptive capacity bhef§roups when they reach the maximum time st¢pgthe system. It
can be seen that the participation of online forismst affected by the change of the average phigsercapacity of offline
groups, while for offline networks; the overall fmance is that when the absorptive capacityrangt, the participation
will be higher. For offline network, because theowfedge level of individuals is constantly updaiedface-to-face
communication, when the average absorptive capatitye group is strong, the individual offline iaglet more knowledge
level improvement, so that he can participate aefto-face communication between members more diiyo@ne of the
factors affecting the online individual participatiin the forum discussion is the difficulty of thester's posts. However, the
difficulty of the posts is not updated in real timéh time. Once the knowledge level of the conitdy is greater than the
difficulty of the posts, he can participate in thiscussion. At this time, if his absorptive abilityproves, it will not affect his
response to the posts. Therefore, as the averagepdion level of the offline group increases, nalparticipation remained

basically unchanged.

In summary, the simulation results and analysisvstiat different distribution of offline absorptiwapacity has a
significant impact on the average level of knowkedod participation in the process of face-to-fememmunication. The
stronger the average absorptive capacity of offlimividuals, the more conducive to the growth loé pverall level of

knowledge.

The average knowledge level of online forums wil improved by the improvement of the average dafflin
absorptive capacity, but the participation degreerdine forums is hardly affected by the changelwf average offline

absorptive capacity.
The Knowledge Complexity and the Proportion of Contibutors Online

The complexity of knowledge taught in different caes and classes is different. Will knowledge poaitdifferent

complexity have an impact on knowledge disseminatioline? Based on this model, the simulation tesare as follows:
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Figure 9: The Relation between Different Knowledg&omplexity

As can be seen from Figure 8, with the increadanofvledge complexity, the speed of knowledge dissation in
online forums will slow down and the average lesgknowledge will decrease. However, the impactianparticipation of
online forums is not too obvious. With the chanfkrmwledge complexity, the participation of onlifeeums will fluctuate
and there is no obvious regularity. As the compleaf knowledge increases, according to formula i{33an be seen that
knowledge becomes more complex and the individahllgy to absorb knowledge decreases accordimgiich will hinder
the transfer of knowledge among individuals, slbe transfer of knowledge and is not conducive #dissemination of
knowledge. The simulation results show that theaye knowledge level of the network is inverselggartional to the

complexity of knowledge at steady state, as shawFigure 9 below.

According to the statistical results of Fergustth we take contributors gser=15%, 20% and 30% of the total
number of online users, respectively, to studyintipact of the proportion of contributors on onlkreowledge dissemination

and participation.
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Figure 10: The Evolution of Average Knowledge Levehind Participation Degree of Online Forum over Timewith
Different Contributors

Figure 10 shows the evolution of average knowlddgel and participation over time for online forumih
different contributors (per). From the simulatiasults, it can be found that when the contributmrsount for a
relatively high proportion, the average knowledgeel rises faster. When the maximum time step ashed, the
overall level will reach a higher average knowledigeel; as the proportion of contributor’s incressthe overall
participation of the forum will increase at a fastge, and there will be a higher level of papition in the steady state.
Since only the contributors will take the initiagito participate in the reply of other people'stpasthe forum, when
the proportion of contributors increases, the nundfgeople in the group who can participate in fimeim reply
interaction will increase, which can improve thetiggpation of the forum, and is conducive to tmansfer and
dissemination of knowledge. Therefore, the proparf contributors in online groups will signifidinaffect the

online knowledge dissemination and participation.
CONCLUSIONS

Based on the viewpoint of knowledge spillover, édesng the participation of neighbors and the claxipy
of knowledge, this paper proposes a two-layer ndtwoodel to explore how offline individual activeg or
organizations affect the participation degree amuKedge dissemination of online MOOC forums infiiee-to-face
learning process of offine SPOC. Through Montel@aimulation, this model explores the influenceoffline
individual's social competence, different distribatof offline individual's absorptive capacity,dwledge complexity
and the proportion of online contributors on thewtedge dissemination and participation of onlineums. It is
concluded that: (1) the proportion of online cdmitors will affect the participation and knowleddjesemination of
online MOOC forums to a large extent; (2) differdigtribution of offline absorptive capacity wilffact the average
knowledge level of online forums to a certain extés) the more complex the knowledge is, the ézs=ucive to the
dissemination of online knowledge; (4) offline sacability, different levels of offline absorptiveapacity and

knowledge difficulty have little impact on the paipation of online forums.

Of course, this model is a relatively preliminamyatitative inquiry model. In order to simplify thiesearch

process, many factors have not been considereld asucthis paper only studies single knowledgeedigsation, real
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MOOC learning network is not a strict BA networktablishing a directed network to study online forresponse
discussion will be more appropriate, not empirieakl so on. These issues need to be consideradeyndill also be

a problem we will try to solve in the future.
REFERENCES

1. Liu Chang, Huang Zhenzhong, Zhang Peng and Li Manli. Investigation Report on the Participation of Chinese
MOQOCs Learners[J]. Education Research of Tsinghua University, 2013, 34 (4): 27-34

2. Jiang Lin, Cheng Jiansteel, Han Xibin. Analysis and Research on Learner Characteristics and Learning
Effectiveness of MOOCs [J]. China Audiovisual Education, 2013 (11): 54-65

3. JoedanK .MOOC Completion rates: The Data ,2013,www.katyjordan.com/MOOQOC project.html

4. Wujiang, Ma Panhao. MOOC Learner Behavior Analysis--- Taking a Much Course on Love Course Platformasan
Example [J] . Knowledge Management Forum, 2015.11:52

5. Wang Menggian et al. A review of clustering analysis of MOOC learner characteristics [J]. China Distance
Education, 2018 (7): 9-18

6. KizlceRF et al.Deconstructing disengagement: Analyzing learner subpopulations in massive open online
courseq C].Proceedings of the third International Conference on Learning Analytics and knowledge.New
York: ACM,2013:170-179

7. Fang Xu. Sudy on the Influencing Factors of MOOC Learning Behavior [J]. Open Education Research, 2015.3
(21): 46-52

8. Sump G S et al. Development of a framework to classify MOOC discussion forumposts:Methodology and
challengeg C] .Neural Information Processing System Wbrkshop on Data Driven Education,2014.6

9. Yang D et al.Turn on,tune in,drop out: Anticipating student dropouts in massive open online courseg C]. Neural

Information Processing System Workshop on Data Driven Education,2014
10. Taylor C et al.Likely to stop? Prediting Stop out in Massive Open Online Courseg[ J] .Arxiv,2014: 1408

11. Zong Yang, Sun Hongtao and others. Logical regression analysis of learning behavior and learning effect of
MOOQOCs|[J]. China Distance Education, 2016.5:14-20

12. Albert R,Jeong H,Barabasi A. -L ,Diameter of the word-wide web, Nature ,1999(401):130-131

13. Newmana M.E.J. Watts D.J, Renormalization group analysis of the small-world network model, Phys Lett A
1999(263): 341-346

14. Li-jin hua et al.Knowledge Propagation Model in Complex Networks[J].Journal of South China University of
Technology,2006,6

15. Min Lin,Nan Li.Scale-free network provides an optimal pattern for knowledge transfer.Physica
A,2010(389):473-480

www.iaset.us editor @ aset.us



152 Yazai Xie & Xingwei Liu

16. Rebecca Ferguson,Doug Clow.Examining engagement: analysing learner subpopulations in massive open online
courses (MOOQOCs).Proceedings of the Fifth International Conference on Learning Analytics And
Knowledge.ACM,2015:51-58.

Impact Factor (JCC): 5.0273 NAAS Rating 3.73



