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The diffusion of new product information in firm-hosted online communities depends on the information in-
teraction between users. Especially in the early stage of new product online sales, user influence based on in-
teractive behavior is the critical factor that affects the wide and sustainable diffusion of new product informa-
tion, makes users respond to the firm’s announcement of new product releases in time, and improves the new
product competitiveness. Since very little work has been done on the effect of user influence on the new product
information diffusion, this paper proposes a model based on user influence for the information diffusion of new
products in firm-hosted online communities to fill this gap. Moreover, focusing on the hot topics of new product
innovation functions, we present a new method to measure user influence from the perspective of user inter-
action, which provides a quantitative theoretical basis for the diffusion probability of influencing user state
change in new product information diffusion. Finally, our model tests a well-known firm-hosted online com-
munity in China. The results reveal that the model can effectively describe the dynamic evolution of informa-
tion diffusion, explain the key dynamic factors, and accurately predict the peak time of information diffusion.

KEYWORDS: New product, user influence, information diffusion, firm-hosted online community, social

networks.

1. Introduction

In recent years, the progress of information and com-
munication technology has contributed to the flour-
ishing of online social networks. The online social
network has become a standard medium for people
to diffuse information, share knowledge and express
opinions, and the information diffusion of social net-
works has shown an enormous surge. Therefore, the
information diffusion dynamics of social media based
on the online network has become one of the hot top-
ics. Considering that social networks have the charac-
teristics of diversified information diffusion modes,
effective diffusion rate and fission growth of users,
more and more firms have realized the substantial
commercial potential brought by information diffu-
sion in online social networks, and created their own
brand community platforms (i.e., firm-hosted online
communities) for different purposes. For instance,
IBM, LEGO, Microsoft, Toyota, and others have es-
tablished online communities to gather information
resources through hunger marketing, word-of-mouth
communication, fan effect, to obtain user needs, mine
product defects, and guide product improvement
and innovation. Besides, firms may acquire external
knowledge such as user preferences through informa-
tion interaction with users, to better grasp the market
trend and regulate public opinion. However, as far as
we know, little research has been done on the dynam-
ic diffusion mechanism of new product information
in firm-hosted online communities. Hence, our study
attempted to explore the information diffusion of new
products from the perspective of firm-hosted online
communities.

As we all know, “Diffusion of Innovation” is one of
the classic theories of diffusion effect. Innovation
diffusion is defined as the process of diffusion among
various members of the social system in a certain
way over time. From the perspective of “Diffusion of
Innovation,” marketing and advertising activities of
new products are a sustainable and gradual process.
In the early stage of the new product network sale, the
wide and continuous diffusion of new product infor-
mation is to make more people learn and understand
the new products released by the firms. It is under-
stood as an advertising strategy for the firm to carry
out new product promotion and marketing and an im-
portant tool to realize the “sustainable marketing” of
new products. Therefore, in this study, “information
diffusion” is not a specific issue to discuss how to ad-
vertise, but an important academic issue — “how does
advertising (new product information) diffuse among
people?”

Due to the differences of information diffusion among
community users with different states, researchers
have spent many efforts to explore the factors that
affect the process and results of information diffu-
sion [40], [11], including the research on the value of
user-generated content [30], as well as the research
of user contribution and information sharing moti-
vation [68], [19], [49]. In the firm-hosted online com-
munity, information on new products is exchanged
or diffused among groups or individuals by users
through community behaviors such as creating new
posts, commenting, sharing, or forwarding. Users
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change from original passive recipients of informa-
tion to active publishers and disseminators. There-
fore, it was not enough to describe the phenomenon
of information diffusion to explain the way of infor-
mation dissemination [5], [63], find out where infor-
mation diffusion has gone, and predict the diffusion
process of information in the future. In contrast to
prior studies, our research believes that it is more
meaningful to find out the probability of information
diffusion that affects the state change among users, to
explain the causes of the dynamic evolution of infor-
mation diffusion.

The effect of information diffusion of new products
in the firm-hosted online community depends on
whether users can make an immediate and rapid re-
sponse when firms release new products online. How-
ever, previous studies only focused on the role and
function of user experience and cognition after pur-
chasing and using products for product development,
innovation, and adoption, brand marketing [7]. They
ignored the research on the influence of community
interaction on product information diffusion based
on users’ past cognitive experience and limited prod-
uct information when new products entered the mar-
ket. Hence, in this special period that users respond-
ed to new products had released by firms, we studied
the dynamic changes of users’ discovery, discussion,
sharing, and diffusion of new product information,
aiming to help firms adjust the promotion strategy of
new product information at any time. We attempted
to provide a theoretical method and practical basis for
firms to improve the competitiveness of new products
and enhance the sustainable participation of users.

Furthermore, the characteristics of network struc-
turearealsoanimportantresearchissuetoexplainthe
diffusion of new product information in firm-hosted
online communities. Marketing defines information
exchange as the driving force of selling new products
[34]. The Internet environment also makes “sustain-
able marketing” of new products in the firm-hosted
online community easier. However, the previous lit-
erature only considered the topological structure of
the online network [22], [26], [33], and ignored the in-
fluence of the behavior and content interaction char-
acteristics of network nodes on the initial diffusion of
new product information. The individual users in the
firm-hosted community are regarded as nodes in the
online social network, and the interaction between
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nodes is the edge of the connecting nodes, which con-
stitutes a complex social network, and nodes use the
connected edge to diffuse information in the network.
Most research results revealed that information dif-
fusion is related to time, network structure [32], and
interaction (relationship) strength [55]. Especially
for the research of user influence, the characteristics
of network structure such as degree, closeness cen-
trality, and betweenness centrality of network nodes
are usually used to measure the information diffusion
ability of opinion leaders in the community. More-
over, we believe that alarge number of potential infor-
mation contained in the social network information
generated by user behavior interaction, as well as the
highly topic similarity among users on new products,
have the same significantly affected the exchange or
diffusion of information. Accordingly, in the research
field of user influence that influences information
diffusion in firm-hosted online communities, we an-
alyzed the content similarity [23], [36] of user inter-
action information which could further help firms to
carry out the word-of-mouth marketing of new prod-
ucts, implement product recommendation behavior,
and build user loyalty.

Therefore, to fill the research gap and better explain
the dynamic information diffusion and evolution pro-
cess among individual users, the study content main-
ly includes the following aspects: (1) We propose a
measurement method of user influence for new prod-
uct information diffusion based on social relationship
theory and semantic analysis method, by using big
data mining. (2) We use user influence to quantify the
diffusion probability that affects the change of user
state in the process of new product information dif-
fusion. (3) Furthermore, we present an information
diffusion model of firm-hosted communities based on
the epidemic model (SIS) to explain the way of new
product information diffusion, illustrate the dynamic
factors, describe its evolution trend, and effectively
provide a theoretical and practical basis for firms to
implement the community management and mar-
keting strategies of new products. The remainder of
this paper is organized as follows. The next section
discusses related work. Section 3 proposes a new
method and research model. The fourth part gives the
results of the experiment and some corresponding
explanations. Section 5 uses the comparison method
to verify and discuss the experiment results. Section
6 summarizes the full paper.



Information Technology and Control

2. Related Work

2.1. Information Research in Firm-hosted
Online Communities

At present, firm-hosted online communities are di-
vided into two categories by researchers accord-
ing to the function and service type of the platform:
professional product innovation communities and
comprehensive product communities. The theoreti-
cal basis of the former comes from the “user toolkits
for innovation” by von Hipple [52], such as the on-
line community of Local Motors from an American
Internet start-up company, and the Idealstorm com-
munity of Dell. Through the release of innovation
project information related to products or services,
firms can attract users with rich professional knowl-
edge and strong skills to participate in innovation
activities. To make innovation projects continue to
advance and succeed, Zheng et al. [66] studied the
key factors affecting the success of innovation proj-
ects based on the diffusion of innovation (DOI). They
also put forward the complexity measurement model
of community innovation activities according to the
characteristics of innovation projects and resources.
Moreover, the professional product innovation com-
munity platform encourages users to contribute and
exchange technical or creative information with a
certain incentive mechanism and serve the research
and development of new products. At the same time,
the platform has likewise become an effective tool for
enterprises to manage user innovation. Represented
by lead users with innovation awareness, it promotes
the research and development of product innovation
projects. Guo et al. [20] defined community users as
the intellectual resources of innovation communities.
By analyzing their social relationship attributes, they
identified six different types of resources and dis-
cussed the contribution of various types of resources
to the product innovation process.

Compared with the former, the comprehensive prod-
uct community often has multiple functions, such
as product marketing, shopping, social interaction,
and entertainment, to attract users to participate in
the community interaction so that users can freely
exchange product experience and discuss product
shortcomings. The typical representative commu-
nities are the user innovation community of Ducati,
an Italian motorcycle manufacturer, and the official
forum of Xiaomi, a Chinese mobile phone manufac-
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turer. The valuable information that users continue
to contribute is essential to the success of compre-
hensive product communities. By analyzing the effec-
tive information content contributed by users, firm
managers can quickly and accurately grasp relevant
information such as product performance defects
and design deficiencies, understand the develop-
ment trend of user needs, assist firms in product im-
provement iterations, make the effective judgment of
product improvement, and grasp the future market
development trend. Abrahams et al. [1] took the auto-
mobile industry as an example to describe and eval-
uate the text mining tools, which are used to classify
user-generated content, extract valuable information
from user posts, and provide sound effects and com-
petitive intelligence for firms. Through the empirical
research on the contribution of key users of Xiaomi
forum, Liang et al. [30] proposed a method of product
defect information mining based on the topic model
and association algorithm, to automatically identify
product attributes information, obtain product defect
and user complaint information, and support firms to
make product R & D and management decisions.

Users’ participation in the community is not only
product innovation behavior, but also social behavior.
Users reply, comment, and discuss with each other in
the community, forming a social network of online
communities based on user interaction. User-con-
tributed information related to innovation projects
or products is also generated based on interaction.
Whereas a review of the extant literature reveals that
both professional product innovation communities
and comprehensive product communities, ignore the
crucial premise of mining the valuable information
generated by users’ participation in community ac-
tivities. That is whether the information generated
by users is continuous and wide diffusion, to attract
more users to better participate in the interaction and
contribute more practical and innovative informa-
tion to the success of products/services. Therefore, it
is of great significance for the management and mar-
keting decision of new products of firms to study the
information diffusion of social networks in firm-host-
ed online communities and to understand and control
the diffusion trend of product information.

2.2. Information Diffusion Model in Social
Network

In the current research on the information diffusion
of the online social network, the diffusion models are
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mainly divided into two categories. It includes the
explanatory models of information diffusion mecha-
nism and the predictive models of information diffu-
sion rule. The former model includes epidemics and
influence models, and the latter model divides into
the independent cascade model, graph-based linear
threshold model, and game theory model. The explan-
atory model mainly focuses on the study of the char-
acteristics of information diffusion, including the
factors that affect information diffusion [29], the re-
lationship between information diffusion and social
networks. This kind of research helps both research-
ers and practitioners better understand the diffusion
process of information in social networks. It also pro-
vides a basis for other extended research.

Information in social networks diffuses among dif-
ferent users, from the transmitter to the receiver.
However, some of them refuse to receive information,
some refuse to diffuse information, and some both re-
ceive and diffuse information [21]. The information
diffusion process is analogous to the spread of the
epidemic. Infected people infect the virus to suscep-
tible people, and the information diffuses in the same
way. That is information disseminator transmits the
information to the receiver. Therefore, the epidem-
ic model is the core of understanding the dynamic
diffusion process in complex networks [41], and the
epidemic model is used to explain the impact of indi-
vidual characteristics of users on information diffu-
sion. Therefore, researchers learn and use classical
infectious disease models to understand the diffusion
process of information, including SI (Susceptible In-
fected) model, SIS (Susceptible Infected Susceptible)
model considering repeat infection, SIR (Suscep-
tible Infected Removed) model, SIRS (Susceptible
Removed Susceptible) model in the heterogeneous
network. In recent years, different researchers have
continuously improved and innovated the classical
model to study the process of information diffusion
more accurately. Most of the scholars focused on the
classification of user state types of epidemic models
in different research objects. For instance, Xiong et
al. [62] added the user state C (contacted) who had
read information but not diffused in the study of in-
formation diffusion of the online microblog. They
put forward the SCIR (Susceptible, Contacted, In-
fected, and Refractory) model, believing that I and R
are stable states of information diffusion. Wang et al.
[53] attempted to describe the process of information
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transmission with a dynamic evolution equation and
established an SEIR (Susceptible Exposed Removed)
model. By adding the Exposed (E) nodes to the model,
they found that the user login frequency promoted the
speed and range of information transmission. Based
on the SIR model, Cannarella and Spechler [4] pro-
posed an irSIR model with adding an infection recov-
ery dynamics process to simulate the adoption and
abandonment behavior of OSN users. According to
Feng et al. [12], the infection probability of a node was
proportional to its fraction of infected neighbors, and
the FSIR (fractional SIR) model was proposed to sim-
ulate the information diffusion process. Furthermore,
to find out the factors that affect information diffu-
sion more comprehensively, Xu et al. [64] established
the S-SEIR model on SNS. They proved that infor-
mation diffusion is determined by user behavior but
also influenced by the value of the information itself.
Wang et al. [54] introduced the emotional informa-
tion as weight in the process of information diffusion
between individuals; proposed ESIS (emotion-based
spreader-ignorant-stifler) model, and found that in-
formation diffusion is related to the spreading prob-
ability and retweeting strength.

Indeed, the factors that affect users’ state change are
always associated with the infection rate and recov-
ery rate in the model in the information diffusion pro-
cess. According to the epidemic model [41], when the
diffusion probability of the infected individuals to the
susceptible individuals is greater than a certain crit-
ical value, the infected individuals diffuse the infor-
mation until the diffusion process makes the whole
network infected individuals in a stable state. There-
fore, we believe that in the field of information diffu-
sion, it is more important to study the probability of
information diffusion that leads to the change of user
state, quantify the user’s ability to diffuse information
or willingness to receive information with the rate of
infection and recovery and explain the information
diffusion process in essence. Nevertheless, few schol-
ars have discussed this issue.

2.3. User Influence in Social Networks

In the field of information diffusion, the research of
individual influence based on network interaction
[51], [45] has attracted more and more scholars’ at-
tention, and it has become one of the key issues in
the research of information diffusion in the social
network. Based on the influence study, the research-
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ers constructed the relevant model [26], [61], which
was used to find the most influential user nodes or
the collection of nodes in the social network, to study
the information diffusion pattern. In the previous lit-
erature, most scholars measured the importance of
nodes based on the characteristics of network topol-
ogy [33], [36], [35]. They used the centrality of graph
theory and network analysis to measure the struc-
tural characteristics of individuals in the network
and used it as an indicator to judge the importance of
network nodes, to quantify the influence of individual
information diffusion behavior, to find the most criti-
cal node in the network [17], and to explore the way of
information dissemination. Generally speaking, the
node with a higher centrality value has a greater influ-
ence on other nodes in the network, and the number
of users affected is also more [24]. It is worth noting
that the individual differences of social network us-
ers’ information diffusion through posting, comment-
ing, reading and other behaviors — whether the nodes
in the network receive or diffuse information or not,
are not only affected by individual characteristics
but also closely related to the state of their neighbors.
That means that the measurement index describing
the individual centrality [56] should not only consid-
er the degree centrality, closeness centrality [37], and
betweenness centrality of the individual node but also
pay attention to the eigenvector centrality related to
the neighbor node. Furthermore, the degree of close-
ness between neighbors in the network also plays a
crucial role in evaluating the importance of nodes.
According to the hypothesis of “strength of weak ties”
[17], compared with the network with highly clus-
tered node relations, the disease or information diffu-
sion network with “long ties” has farther distance and
faster speed in spreading social behaviors. Because
“long ties” establish information connection between
strangers and friends, the communication between
information rapidly expanded into new areas of the
network, thus reducing the redundancy in the diffu-
sion process [58], [59], [44]. Therefore, Centola [6]
believed that the clustered characteristics of the net-
work significantly affected the success of social net-
work information diffusion. Watts [57] also used the
feature of the “clustering coefficient” in the study of
describing the relationship between network nodes.

Besides, Porter and Donthu [42] believed that their
neighbors’ behaviors influence users’ behavioral
preferences. Divakaran [10] has further explained
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that if users in social networks had similar cultural
backgrounds or values, the groups formed by these
users would be more cohesive. Furthermore, the rela-
tionship existing in the social network is regarded as
active and free information exchange and sharing be-
tween the user nodes and their neighbors. Then, the
similarity between the user’s preferences for infor-
mation may lead them to follow similar attitudes and
behavior patterns. Therefore, the similarity of infor-
mation preferences for the new product among users
in firm-hosted online communities affects the accep-
tance of information by people around them, and thus
affects the effect of information diffusion. To sum up,
we believe that the influence of individual users is an
important reason for the diffusion of social network
information. Therefore, in the field of information
diffusion, this paper calculates the influence of users
from the perspective of user behavior interaction and
content interaction in firm-hosted online communi-
ties. Following that, we quantify the information dif-
fusion probability of social networks from one user to
other users by utilizing user influence based on the
network relationship, to explain the dynamic causes
of user state transformation in the epidemic mod-
el, and to study the mode of information diffusion in
the network community, which to provide marketing
strategies and methods for the continuous diffusion
of new product information.

3. Method and Model

In the firm-hosted online community network, infor-
mation transmission, and communication between
individuals or groups of users make information dif-
fusion among nodes in the network formed by user in-
teraction. Therefore, in this research, the information
diffusion network of firm-hosted communities is rep-
resented as G = (V] E), in which V={v,, v, ,.., v, } is the
collection of individual nodes of users participating
in information diffusion in the community network.
And |V] = N, the total number of network users is N. E
C V x Vis aset of directed edges in the network, which
represents the relationship between users formed by
interactive behaviors such as posting and commenting.

‘When the community users publish a new post, other
users in the community may be influenced by opinion
leaders with high network centrality or similar infor-
mation preferences among users to read the posts and
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make comments with a certain probability. Through
encouraging them to participate in the reading and
discussion of the topic content, users are likely to
publish new posts around the topic content so that the
topic can be widely and continuously diffuse. Inverse-
ly, some users are not interested in the new post in-
formation in the community. They did not participate
in comments or posts after reading, which hindered
the diffusion of post information. Therefore, this ar-
ticle aims at the information diffusion of hot topics of
new products in the community, mining the dynamic
factors that affect users’ comments on the topic and
information diffusion, and defining the research vari-
ables that affect information diffusion from the per-
spective of user’s behavior interaction and content
interaction characteristics.

3.1. Definition of Research Variables in
Information Diffusion Network

3.1.1. User Behavior Interaction Characteristic

‘We used the topological structure of the information
diffusion network of the firm-hosted online commu-
nity to analyze the interaction characteristics of user
behavior and measure the causes of user influence.
Centrality reflects the importance of individual users
in the network, describes the characteristics of inter-
action between network nodes, which is an important
variable to measure the influence of network nodes,
and reflects the ability and level of individual network
users to spread information.

Definition 1. Degree Centrality

The degree centrality is the most direct measure of
centrality in network analysis. In the field of infor-
mation diffusion or infection, degree centrality is the
basic description of the information diffusion abili-
ty of users. In the social network, if user j comments
posting user i, there is an edge from node j to node i.
Calculate degree centrality (C,) of anode i:

; ey
CD) = 25 = Tevass @

where K, is the degree of the node, N is the total num-
ber of nodes in the network, and k is the number of
nodes j adjacent to the node 1.

Definition 2. Closeness Centrality

The closeness centrality is the reciprocal of the sum of
the shortest path distances from one node to all other
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nodes. It reflects the closeness between one node and
other nodes in the network and describes the influ-
ence of nodes in the network. For a node, the closer
it is to other nodes, the higher its closeness centrality
is, and the greater the value of the user’s information
diffusion is. Closeness centrality also considered be-
ing a time factor affecting the orderly information dif-
fusion in the network. Calculate closeness centrality
(C) ofanode i

1 N
c(1) = G Spmidy ()

where d,is the average shortest distance of node 4, and
iandjare the nodes of V.

Definition 3. Betweenness Centrality

The betweenness centrality is the number of times
a node acts as the shortest bridge between two other
nodes. The higher the number of times anode actsasa
mediator, the higher its betweenness centrality. Gen-
erally, the number of shortest paths through a node
is the index to describe the importance of the node.
The betweenness centrality describes the influence
of nodes in the network and reflects the user’s control
of information diffusion. Calculate betweenness cen-
trality (C,) of anode i:

g/k(1)
i’

Co(D) = Yjrizk

where the total number of shortest paths between
node j and node k is g;. In graph G, the number of
shortest paths through node 7 between the two nodes
is g, ().

Definition 4. Eigenvector Centrality

Eigenvector centrality is one of the important indexes
to evaluate the importance of nodes in the network,
which is used to find the most influential users in the
network. It not only considers the number of neighbor
nodesin the network but also examines the influence of
the quality of nodes on the importance. The eigenvec-
tor centrality reflects that the influence value of anode
depends only on the number of neighbors of the node,
but also the critical influence degree of each neighbor
node. Calculate eigenvector centrality (C,) of anode :

C(D) =11 3N, age, @

where A is the maximum eigenvalue of the adjacency
matrix A and e = [e,, e,, ..., €,]” is the eigenvector cor-
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responding to the maximum eigenvalue A of the adja-
cency matrix A.

Definition 5. Clustering Coefficient

The clustering coefficient is used to measure the clus-
tering of the network, which represents the probabil-
ity that two adjacent nodes of an individual node are
also adjacent in the network, reflecting the degree of
clustering of the network. The closeness of the rela-
tionship between the network neighbors also plays a
crucial role in evaluating nodes’ importance. Accord-
ing to the previous literature [6], in the field of infor-
mation diffusion, if the nodes and their neighbors
tend to connect, it is easier to form a small-scale re-
gional network, which means the increase of cluster-
ing coefficient hinders the diffusion of information.
Therefore, we believe that if the neighbor nodes of
the node are more inclined to connect other nodes in
the network besides the neighbor nodes, then the in-
formation diffuses rapidly in a more extensive range.
Calculate clustering coefficient (CC) of anode i:
2

cad) = L5 ®)

where E,is the actual number of edges between the £,
neighbor nodes of node 4.

3.1.2. User Content Interaction Characteristic

The users of firm-hosted online communities are
mainly connected through information interaction
such as posts and comments. Therefore, the informa-
tion content created based on user interaction is the
carrier of the user’s contact. As an essential resource
of community networks, the information content
generated by the user’s historical interaction behav-
ior plays a significant role in promoting information
diffusion among users or groups and evaluating the
individual influence of users. Accordingly, it is mean-
ingful for us to analyze and measure the formation
factors of user influence and explain the way of infor-
mation diffusion from the perspective of user content
interaction characteristics.

Definition 6. Content Similarity

Content similarity refers to the similarity between
the user’s preference for new product information
and subject content. The similarity between the prod-
uct cognition and experience published by users in
the past and the content in the new product topic is
a factor that cannot be ignored to influence users to
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participate in the topic discussion and diffuse the
new product information. We extract high-frequen-
cy vocabularies of product attributes from histori-
cal content published by users and hot topics of new
products, respectively, and calculate the similarity
between historical content generated by users and
relevant topics with the Jaccard coefficient. The larg-
er the Jaccard coefficient, the higher the relevance
between the content published by users and the topic
content, the higher the user’s attention to the topic,
the more significant the impact on information diffu-
sion, and vice versa. Calculate content similarity J(7)
of auseri:

|anB|

J() = lauB ©
where A is high-frequency vocabularies of product at-
tributes from the historical content generated by user
i, and B is high-frequency vocabularies of product at-
tributes from the contents of new product hot topics.

Definition 7. Diffusion Capability

Diffusion capability refers to the ability of commu-
nity users to get the average number of other users’
readings and comments before they participate in hot
topics of new products and the total number of users’
posts in the historic publishing behavior data to quan-
tify the impact on information diffusion in the com-
munity. Reading posts is an effective way for users to
diffuse information in the community. However, the
number of posts read cannot sufficiently indicate that
the users of posts have effectively diffused the rel-
evant information on new products. Only when the
users who are interested in the post comment on the
post, or combine the external knowledge gained from
reading the post with their subjective experience to
express their views on the new product, can they fully
explain that the users who post have higher diffusion
ability to the new product information. Therefore, to
prove whether users are productively infected with
new product information in the information diffusion
process, users’ posts and the number of comments re-
ceived should also be taken as the necessary factors
to consider the information diffusion power of users.
The stronger the user’s diffusion capability of infor-
mation content, the higher the influence of the users
who publish the post. Calculate diffusion capability
D(%) of auser
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D(J) = Num|[post()]+ Num| read(i)]
+ Num|[comment(J)],

where Num/[post(7)] is the number of posts published
by user i, Num [read(i)] is the average number of read-
ings obtained by user i, and Num[comment(i)] is the
average number of comments received by user 1.

3.2. Information Diffusion Model

3.2.1. Research Framework

To further explain the dynamic causes of information
diffusion, this paper puts forward a method of measur-
ing user influence suitable for the firm-hosted online
community of firms and constructs an information dif-
fusion model. Based on the characteristics of network
nodes of individual users and information content in-
teraction of user’s historical behavior in the communi-

Figure 1
Research framework
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ty information diffusion network, the user influence is
quantified from the perspective of user behavior inter-
action and user content interaction, respectively. This
paper proposes a new product information diffusion
model of the firm-hosted online community by com-
bining user influence factors with the epidemic model.
The average value of user influence in different periods
isused to quantify the infection rate A and recovery rate
pthat affect the transformation of users from the same
state to another state in the model, and then the differ-
ential equation is established. The information diffu-
sion model is purposed to find out the transition rules
of different user states, describe the information diffu-
sion process in the community network by considering
the role of different user’s influence on the information
diffusion situation, analyze the key factors affecting
the information diffusion, and predict the peak time of
information diffusion.

| Basis for new product information diffusion management and control strategies |

[

| User state evolution

| Key dynamic factors | | New product information diffusion trend |

| User network node characteristics

| | User historical behavior characteristics |
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3.2.2. User Influence

Based on the user’s interactive relation of the informa-
tion diffusion network of firm-hosted online commu-
nities, this paper extracts the elements of user influ-
ence from the perspective of user behavior interaction
characteristics and user content interaction charac-
teristics to measure user influence. Considering the
static network structure attributes of individual users,
and the historical behavior characteristics of users,
the influence function of the user i is defined as:

[Hf(]) = wdCd(I) +wcCc(1) +wb Cb(l) +we Ce(l)

1.8¢ ®
+wccCcc(1) +w//(1)+ wpD(I) X (E) T,

where ), is the weight coefficient of degree centrality.
o, is the weight coeflicient of closeness centrality. w,
is the weight coefficient of betweenness centrality. o,
is the weight coefficient of eigenvector centrality. o,
is the weight coefficient of the clustering coefficient.
o;is the weight coefficient of content similarity. w, is
the weight coefficient of diffusion capability. In this
dissertation, principal component analysis (PCA) is
used to determine the weight coefficient of each fac-
tor of user influence.

It is worth noting that the popularity of product posts
in the community networks gradually decreases over
time, so the capability of information diffusion by users
weakened. To represent the life cycle of information
from release to extinction, and to describe the dynam-
ic attenuation characteristics of user information dif-
fusion capability, we introduced the half-life function

At
(%)7. The half-life defined in physics refers to the time

T required for the radioactive atom of a radioisotope to
decay to half of its original quantity. Similarly, in the
field of information diffusion, we use the number of
comments obtained by the most popular posts in the
firm-hosted online community as the quantitative in-
dicator of the influence of posts, and the half-life is un-
derstood as the time taken by the number of comments
obtained by posts to reach half of the total number of
comments. The expression is defined as:

At

m=m(3)", ©

where At is the decay time, At=t’- ¢,, ¢’is the current
time, and ¢, is the initial behavior time of user ¢. Ac-
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cording to the real data, the half-life is set at 25 days, a
total of 600 hours.

3.2.3. New Product Information Diffusion Model
of Firm-hosted Communities

In this paper, “Susceptible-Infected-Susceptible”
(SIS) epidemic model is used to describe the process
of new product information diffusion in the firm-host-
ed online community, and construct the new product
information diffusion model. SIS model is a dynamic
model to study the spread of epidemic and informa-
tion diffusion, which is an abstract description of the
diffusion process. It is different from other epidemic
models. SIS model only involves two-state variables:
Susceptible (S) and Infected (I). The infected indi-
viduals do not give immunization upon recovery from
infection, and individuals become susceptible again
and may reach a stationary state. In a specific data
set of the real social network, a user who has chosen
to diffuse the information in an earlier case may no
longer diffuse it or further choose to re-diffuse it af-
ter receiving the information. Hence, the information
diffusion model derived from the SIS epidemic diffu-
sion mechanism can approximate real-world scenar-
ios of information diffusion in social networks and is
widely used in the research field of complex networks
[41], [37], [38]. The information diffusion model with
the characteristics of social networks can describe
the dynamic process of information diffusion in so-
cial networks [2], reveal the rules of information
diffusion, predict the trend of information diffusion,
and analyze the causes and key factors of information
diffusion. Therefore, the new product information
diffusion model is appropriate for our study of the
firm-hosted online community.

Information diffusion is contact diffusion, which
means that when the unknown information users con-
tact the information known users, it inevitably infects
with a certain probability. In the process of informa-
tion diffusion, the transformation of users’ individual
or group states not only depends on the development
of themselves but also is affected by the states of their
neighbors. Therefore, the users’ states of Susceptible
(S) and Infected (I) in the SIS model are defined as fol-
lows. Infected individuals (I) are the people who have
known information about new products in the com-
munity. They infect their neighbors by publishing new
posts and comments, to achieve the purpose of diffus-
ing new product information. Susceptible individuals



Information Technology and Control

(S) are the unknown of new product information in the
community. They are easily attracted by the new prod-
uct information and influenced by the infected individ-
uals (I) to receive the information, which transformed
into the infected individuals. They can choose to
browse and comment to infect the susceptible neigh-
bors with a certain probability f of infection to contin-
ue to diffuse new product information. However, when
they are no longer interested in or concerned about the
information, they can also choose not to diffuse the in-
formation after receiving it, and return to susceptible
with a certain recovery probability y.

Because the diffusion of new product information in
the community has the effect of explosive, short-term
and high aggregation, we believe that the inflow and
outflow of users participating in information diffu-
sion in each period are equal to each other, so we do
not consider the impact of factors such as birth rate
and mortality. Set the total number of users as a con-
stant N, the proportion of susceptible individuals and
infected individuals in the total number of users at
time tis S(¢) and I(¢) respectively, and S(¢)+I(¢)=1. The
model is established by:

NU(t+A)—I(t)|=BNS() () At—yNI(t) At (10)
/vg = BNSI — yNI. a1

The dynamic equation of information diffusion is giv-
en by:

(12)

{%ﬁ =BI1 - 1) —yI
X0) =1, '

In the firm-hosted online community, the process of
infection is unidirectional. Therefore, when the new
product information released by infected individuals
diffuses among users, the user’s state changes from
susceptible to infected and then returns to susceptible.
As mentioned above, user influence is the decisive fac-
tor of whether susceptible individuals are infected by
infected individuals to diffuse the information. There-
fore, this study quantifies the infection rate and recov-
ery rate that affect the individuals’ state transition by
user influence, expressed as the probability of informa-
tion diffusion. In the community diffusion network, a
specific state user 7 is connected to n neighbors, where
node i influences the state change of k neighbors.
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Since k neighbor nodes only have the two states of In-
fected and Susceptible, the probability of information
diffusion expressed by binomial distribution is:

P(X=K) = CX Inf,()*(1-Inf(i))"*
(k=0,1,2,-,n).

(13)

Then, the information diffusion probability of any us-
er’s state transformation at time ¢ is given by:

BO=Ei-o Cs Infi())*(1-Inf (1))~
(k=0,1,2,,n).

(14

Therefore, the infection rate that affects the transfor-

mation of the user state in the process of information

diffusion expressed as f(t), and the recovery rate is

shown as (1-4(t)). The differential equation is estab-

lished and expressed as:

{% =BO1(1~ 19) ~ (1~ ADI(D -
K0)=1,

4. Experiments

In this part, we first give a brief description of our data
set, and then present the experimental results and
discuss them.

4.1. Data Collection

The research model was tested samples collected
from an official forum of the firm-hosted online com-
munity by Xiaomi, a world-famous mobile phone
manufacturer located in China. To reduce capital
expenditure, risk, and develop products of commer-
cial value, more and more companies launched their
own online communities to achieve open innovation.
As a mobile Internet company focused on the design
and manufacture of smartphones, Xiaomi is a typical
representative of the research on firm-hosted online
communities [28], [46], [31].

It adopted a unified retail and ecosystem strategy and
launched the official Xiaomi community forum in
2010 to make full use of opportunities across users’
24-hour digital life in emerging markets. Xiaomi forum
provides an amount of product information, function
discussion, and service sections to attract users to par-
ticipate, such as product evaluation, discussion, and
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help, bug feedback. It also encourages users to contrib-
ute content and interact with others, motivates exter-
nal experts or interested users to share and exchange
experience of using products in the forum every day,
and expresses their needs and expectations for the
upcoming new products through comments or posts.
It can assist firms grasp product relevant information
to implement product innovation while understanding
and controlling the diffusion trend of product informa-
tion. By the first quarter of 2019, Xiaomi active users
have reached hundreds of millions of people around
the world [67]. As presented above, the Xiaomi forum
provides a large number of data samples, which are
authentic and reliable official information. Such mas-
sive information resources generated by users have the
characteristics of a high degree of interaction, which is
easy to form and construct the information diffusion
network of the community. Therefore, the Xiaomi fo-
rum is an ideal setting for our research.

At present, Xiaomi was the fourth global smartphone
vendor by market share [13]. According to the statis-
tics of Gartner, Inc. (an authoritative market research
organization), the global smartphone sales picked
up in the first quarter of 2018, but not evident [16].
Nevertheless, Xiaomi’s sales increased by 124% year-
on-year, becoming the biggest winner. In particular,
in the third quarter of 2018, Chinese brand Xiaomi
helped drive global smartphone sales [14]. Moreover,
as opposed to other units declining, the annual sales
volume of Xiaomi reached 120 million in 2018 [15].
Xiaomi’s excellent performance in 2018 largely de-
pends on Xiaomi 8 series mobile phones. As a flagship
model with Qualcomm snapdragon 845 processor
and AMOLED screen, Xiaomi 8 series mobile phones
quickly gained market recognition after being re-
leased. Moreover, by October 2018, the sales exceeded
6 million. Therefore, this paper makes an empirical

Table 1
Statistic of four topics

Data set Time interval Number of Posts
Topic A 2018.05.31—2018.09.19 229
Topic B 2018.05.31—2018.09.19 148
TopicC 2018.05.31—2018.09.19 565
Topic D 2018.05.31—2018.09.19 180
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analysis based on real data of the Xiaomi 8 series of
mobile phones in the Xiaomi forum.

XiaomiCompany released a new generation of mobile
phone Xiaomi 8/8se on May 31, 2018, and the perfor-
mance machine Xiaomi 8 youth version defined as “in-
vincible youth” was released on September 19, 2018.
Therefore, from May 31 to September 19 is the crucial
period for the diffusion of new product information
in the early stage of Xiaomi 8/8se release, which is
beneficial to our study of the evolution trend of new
product information diffusion based on user influ-
ence and to find the critical peak time point of infor-
mation diffusion. We take Xiaomi 8/8se’s new prod-
uct information in the forum as the research object
and choose the period from May 31 to September 19
to analyze and verify the data of this information dif-
fusion model. Next, according to the new product in-
novation function publicized by Xiaomi company, we
determined the hot topics of new products, which are
respectively “Snapdragon 845” (Topic A), “Infrared
face recognition unlocking” (Topic B), “Transparent
exploration version of the under-screen fingerprint”
(Topic C), “The world’s first dual-frequency GPS of
the world” (Topic D). Through the search of hot topic
keywords, new product posts, and their related com-
ments related to innovation functions in the forum
are collected and screened as research samples. Table
1 shows the statistics of four hot topics.

The effect of information diffusion of new products is
not only related to users’ participation behavior after
product releases, but also closely related to users’ his-
torical behavior before product releases. Therefore,
we collected the information of Xiaomi 6X (released
on April 17, 2018), which was the previous generation
of mobile phone products shared and exchanged by
users, as the historical behavior data of users, to ana-
lyze the impact of historical behavior characteristics

Number of Number of Number of Comment
Comments Posting users users

25281 161 17854

11780 114 5732

19602 450 11057

5700 141 3964
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of users on information diffusion at the early stage of
new product releases.

4.2.Data Processing

To study the information similarity of user influence
factors, we have built a high-frequency lexicon of
product attributes to provide a data research basis for
the information diffusion model experiment. We pre-
processed the collected hot topic information data of
new products in the forum. First, we deleted the posts
that could not be used due to the lack of information
and then removed the data noise, deleted irrelevant
picture information, attachment links, and other con-
tent. The second, we summarized the dictionary of
JIEBA segmentation and the professional vocabular-
ies of Xiaomi product-related mobile phone industry,
carried out word segmentation processing, marked
the part of speech of products and removed the stop
words, and established the vocabulary of Xiaomi
8/8se mobile phone, and obtained 3347 product attri-
bute words in the end. Finally, we used Python to filter
the high-frequency vocabularies of product attributes
from the product posts of hot topics and the historical
behavior data of users, and which be used to build four
hot topics and the product attribute lexicon of users.

Furthermore, based on our long-term observation of
user participation behavior in the Xiaomi forum, 12
hours were defined as the time segment in the infor-
mation diffusion model and set it at a one-time node.
According to the law of the product information life
cycle, the diffusion process of Xiaomi 8/8se new prod-

Table 2
High-frequency vocabularies of product attributes (part)

Z
o

Product attributes words
1.4um large pixel
Qualcomm Snapdragon
Adreno630
Scene identification
3D structured light face recognition
Al scene mode
1080p video capture

Screen fingerprint

© 0 N o U W e

Dual-frequency GPS
RAM

=
o
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uct information is divided into four continuous time
intervals with 60-time nodes as a one-time interval.
The four consecutive time intervals are expressed as
time intervals I, IT, ITI, and I'V.

In the data analysis of each time interval, we found
that among the users participating in the information
diffusion of new products of the Xiaomi forum, some
users’ influence does not increase or decrease with the
change of time. Through our further observations and
statistics, most of the users only participate in com-
ments and do not post, so their diffusion capability is
0. That showed that a vast majority of users did not
pay attention to the posts related to the topic of new
product innovation function again after only one com-
ment, and stopped the behavior of information diffu-
sion. Since there was almost no multi-level comment
relationship in posts of the Xiaomi forum, we only
considered the interaction between posting users and
commenting users. Thus, this kind of user who only
had commented but never posted actively had a feeble,
weak ability to infect other users. However, the number
of such users would affect the probability of user state
transformation and then influenced the evolution pro-
cess of information diffusion. Accordingly, in the infor-
mation diffusion model, we considered the effect of the
cumulative number of such users on the information
diffusion probability in each time interval.

Besides, we defined that in the fermentation period
of new product information diffusion, that is, within
48 hours after the release of new products, users who
had participated in the information interaction of
various hot topics were set I, as the initial number of
infected individuals according to the time sequence,
including the posting users who did not participate
in comments, and the commenting users. The latter
only commented on the posts but did not post. In con-
trast, users who participated in posting or comment-
ing 48 hours after the hot topic was released were
considered as susceptible individuals of new product
information. We believed that such users had the op-
portunity to be infected by the information of infect-
ed individuals, and then discussed and diffused the
information on new products.

Because the research data about user influence in this
paper were quite different. To eliminate the singular
data, make the data index in the same order of mag-
nitude, have comparability, suitable for comprehen-
sive comparative evaluation. We have carried on the
Gauss normalization process to the original data.
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4.3. Data Analysis and Results

The purpose of establishing the information diffusion
model of new products is to illustrate the informa-
tion diffusion process of new products in firm-hosted
online communities, excavate the key driving factors
affecting the transformation of different user states,
study the law of information diffusion, and provide
a theoretical and practical basis for firms to put for-
ward management and marketing strategies of new
products. The research approach is of considerable
significance to improve the market competitiveness of
new products and the sustainability of network users’
awareness and attention to new product information.

Figure 2
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4.3.1. Analyze the Variation of the Number of
Infected Individuals

We use the information diffusion model based on the
epidemic model (SIS) to analyze the rule of the num-
ber of infected individuals in the Xiaomi forum in
the early stage of new product releases. The i~t curve
is defined as the curve that represents the change of
the infected individuals’ proportion, which shows
the increasing and decreasing trend of the number of
infected individuals with time. As shown in (a), (b),
(c) and (d) of Figure 2, we find that the proportion
of infected individuals of hot topics A, B, C and D in
four-time intervals of I, I, IIT and IV, which increases

Curves of the proportion and rate of infected individuals in four-time intervals for four topics: (a), (b), (¢) and (d) The
changes in the proportion of infected individuals of topics A, B, C, and D in four-time intervals; (e), (f), (g) and (h) The
changes in the rate of infected individuals of topics A, B, C, and D in four-time intervals
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with the increase of information diffusion probability
f and decreases with the decrease of . Also, the di/dt
curve used to represent the rate of infected individu-
als of four hot topics in four-time intervals. As shown
in (e), (), (g), and (h) of Figure 2, the four topics are
in each time interval, the greater the probability of
information diffusion, the higher the rate of infected
individuals, and the smaller the information diffusion
probability, the lower the rate of infected individu-
als. Consequently, the probability of information dif-
fusion measured by user influence has a significant
impact on the number of infected individuals and the
rate of infected individuals in the process of informa-
tion diffusion.

4.3.2. Describe the Process of New Product
Information Diffusion

Figure 3(a), (b), (¢), and (d) shows the proportion of
infected individuals in the four-time intervals of I, II,
IIT and IV for hot topics A, B, C, and D. The trends of
change are expressed in different line styles. N is the
total number of users participating in the topic infor-
mation interaction in each time interval, which is the
number of user nodes of the information diffusion net-
work formed by user interaction in the time interval.

Through a comprehensive analysis of the experimen-
tal graphs of the four-time intervals of the informa-
tion diffusion process, we can see that the proportion
curves of infected individuals of Topic A and Topic B
show the change of form first rising and then declin-
ing. More apparently, the number of people receiving
information infection of each topic is gradually de-
creasing. The proportion of infected individuals in
Topic C and Topic D presents a variation that rises
first, then falls, then rises and then falls once more.
That is because, in the SIS model, the number of ini-
tially infected individuals I, determines the trend of
the proportion curve of infected individuals. There-
fore, the increase or decrease of infected individuals
in the process of information diffusion shown in the
figure can be interpreted as the result of the influ-
ence of the initial proportion of infected individuals
in each topic. Besides, when the I is smaller, and the
number of valid contacts per user (the number of con-
tacts o is the ratio of infection rate f to recovery rate
7) is higher than one during an interval of information
diffusion, the I(¢) curve would grow in S-shape, and
on the contrary, it would decline. Therefore, we be-

Figure 3

Curves of the proportion of infected individuals of topics
A, B, C, and D in four-time intervals: (a) Time interval I; (b)
Time interval IT; (¢) Time interval III; (d) Time interval IV
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lieve that the proportion of initially infected individ-
uals and the probability of information diffusion de-
termine the trend of information diffusion, which is
the primary factor affecting new product information
diffusion. For the firm-hosted online community, the
initial information infected individuals are generally
the users who publish new information and the users
who make an active response to posts in the first time.
Ifthese initially infected individuals are opinion lead-
ers who often publish topic posts to express his/her
own opinions to interact with multiple objects and
have a high information diffusion probability with a
positive community influence. Even if the number is
small, it is likely to attract and stimulate a large num-
ber of susceptible individuals to contribute new prod-
uctinformation in ashorttime toformahot spot ofin-
teraction, which is conducive to the efficient increase
the proportion of infected individuals, to expand the
scope of information diffusion in the firm-hosted on-
line community. Therefore, in the field of information
diffusion, the influence of opinion leaders cannot be
ignored [48]. Williams and Cothrel [60] proposed
twelve fundamental lessons to direct how to establish
and maintain online communities successfully, after
research on the impact of four online communities
on business strategy and operations. Our finding has
expanded his method of member development and
advised community managers should be seeking to
attract and cultivate influential users who are con-
sidered as “the coordination center of community
formation,” play their role in information communi-
cation bridge, influence, and motivate other users to
contribute content by diffusing their knowledge.

At the same time, we found that although the number
of user nodes fluctuated within each time interval, the
number of infected nodes showed a downward trend.
As shown in Figure 4, even if there are a large number
of user nodes participating in information diffusion
in the community (see the lines with squares), the
number of infected nodes is significantly reduced in
comparison (see the lines with triangles).

This result indicates that although the sharing and
exchange of hot topics of product innovation function
attract a large number of users to participate in the
information diffusion activities in various time inter-
vals, there are only a few users who actively express
new views on new products after they have a prelim-
inary understanding of new product information.
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Figure 4
Comparison between the users participating in the

diffusion of new product information and the infected
individuals: (a) Topic A; (b) Topic B; (¢) Topic C; (d) Topic D
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Most individuals quickly recover from the infected
state. Instead of choosing re-diffusion information,
they become the susceptible state again. We suspect
that the reason for this result may be closely related to
the type of user whose diffusion force is 0. Therefore,
to explain why the number of infected individuals is

an apparent disparity compared with the number of

participating users as shown in Figure 4, we further
use regression analysis to test the causal relationship

that causes significant differences in the number of

users in different states in the process of information
diffusion. Then using the network analysis method,
the paper explains the reasons that affect the infor-
mation diffusion of infected individuals from the per-

spective of the network structure characteristics of

each time interval of the Xiaomi forum.

1. Regression analysis

‘We assume that the probability of information diffu-
sion would be affected by the number of users with

diffusion capability of 0, and also by the number of

users with significant influence. Therefore, we take
the number of users with diffusion capability of O
(NNDCU) and the number of significant influence
users (NSIU) as independent variables, and the in-
formation diffusion probability (IDP) as dependent
variables. Because of the vast differences in the study
variable data, to make the regression results more
robust, the variables were logarithmized. This paper
uses SPSS22.0 for data processing analysis and tests
the hypothesis, as shown in Table 3-5.

Table 3
Descriptive statistics and correlations
Variable Mean Std. dev 1 2 &
1-NNDCU | 3.345 0.331 1.00
2-NSIU 1.679 0.309 0.610" | 1.00
3-IDP -0.265 | 0.026 -0.316 | 0.300 | 1.00

* Correlation is significant at the 0.05 level (2-tailed).

Table 4
Model results
Model Constant R R square F value
1 -0.169 0.697¢ 0.486 6.141°

* Correlation is significant at the 0.05 level (2-tailed).
a: dependent variable LN(IDP)
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Table 5
Model hypothesis and test results

Hypothesis Beta Result

The number of users with
diffusion capability of Ohas a
positive impact on information
diffusion.

H1 -0.793" | Rejected

The number of significant
influence users has a positive
impact on information
diffusion.

H2 0.784" | Supported

** Correlation is significant at the 0.01 level (2-tailed)

From the analysis of the model results, we found that
the number of users who are easy to recover to sus-
ceptible with diffusion capability of 0 (= -0.793,
P <0.01) is significantly negatively correlated with the
probability of information diffusion, which indicates
that the number of users of this type has a significant
negative effect on information diffusion, contrary to
the H1. The results show that the more the number
of users with diffusion capability of O, the less the
probability of information diffusion. This result also
confirms our previous supposition. In contrast, the
number of users with significant influence (5=0.784,
P<0.01) is significantly positively correlated with
the probability of information diffusion, indicating
that the number of users of this type has a signifi-
cant positive impact on the information diffusion
of each time interval, H2 is supported. Users with
significant influence in Xiaomi forum usually show
the behavioral characteristics of both active posting
and frequent comments, and the posts sent by such
users can often attract more users’ attention and get
comments, which can be usually regarded as opinion
leaders in the community and have a more significant
influence on other users. Hence, the firm-hosted on-
line community should focus on such highly involved
users and take measures to encourage such users to
participate in the community activities to widely dif-
fuse new product information. The finding supports
prior research that indicates opinion leadership more
prominently foster content contribution to the online
community hosted by the company, which derived
from empirical research by using 855 available data
collected by a questionnaire published on consum-
er-hosted versus company-hosted online communi-
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ties related to sports in Austria [48]. Meanwhile, the
crux of the matteris that community managers should
pay more attention to those users who are no longer
involved in community activities after only partici-
pating in one comment, such as the users whose diffu-
sion capability is 0, which obstructs information dif-
fusion. Previously, Kankanhalli et al. [25] conducted
a large-scale survey of knowledge contributors from
10 public organizations in Singapore and established
aresearch model to explain the use of knowledge con-
tributors to the knowledge management system (i.e.,
EKR). Empirical results indicate that the reluctance
of members to contribute is a primary cause of com-
munity failure. Our findings confirm once again that
the lack of stickiness of community users is the main
factor that is expected to result in the instability of
online community operation and affect the interests
of firms [43]. Therefore, community organizations
and managers should consider the incentive mech-
anism with a reward to encourage users to comment
on multiple posts, and actively publish their views
on new products, to reduce the number of users with
diffusion capability of 0 and improve the efficiency of
information diffusion.

2. Importance analysis of neighbor nodes

To verify the necessity of considering neighbor nodes
in the measurement of influence, we performed a
principal component analysis of the elements of user
influence that drive information diffusion. Principal
component analysis (PCA) is a multivariate statis-
tical method to investigate the correlation between

Table 7
Total variance explained
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multiple variables, which is used to study how to
reveal the internal structure of multiple variables
through a few principal components. In the KMO and
Bartlett’s test of sphericity, the KMO value is greater
than 0.5, and Bartlett’s test of sphericity has a P value
ofless than 0.05, as shown in Table 6. The test results
show that there is no correlation between the factors
of user influence, and the sample data is suitable for
PCA analysis.

Table 6
KMO and Bartlett’s test of sphericity

KMO
0.518

Bartlett’s Test of Sphericity
Approximate Chi-Square DF Sig.
89830.598 21 0.000

As can be seen from Table 7, the elements of the user
influence of PCA results are roughly divided into three
principal components. In Table 8, for each principal
component, the analysis items of the principal com-
ponent are determined by selecting the element vari-
ables whose absolute value of the load factor is greater
than 0.5. The three principal components obtained are
analyzed as follows. The first principal component is
composed of betweenness centrality (0.991) and the
clustering coefficient (0.991). It has been shown that
the close interaction between user nodes and their
neighbors is the key factor affecting the diffusion range
of user control information. The second principal com-
ponent consists of the diffusion capability (0.751) and

Initial Eigenvalues Extraction Sums of Squared Loadings
Component
Total % of Variance Cumulative % Total % of Variance Cumulative %

1 2.092 29.890 29.890 2.092 29.890 29.890

2 1.385 19.779 49.669 1.385 19.779 49.669

3 1.033 14761 64.430 1.033 14.761 64.430

4 0.963 13.764 78.194

5 0.895 12779 90.973

6 0.613 8.759 99.732

7 0.019 0.268 100.000
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the content similarity (0.711), both of which consider
the user influence from the perspective of the user’s
content interaction with their neighbors. The third
principal componentis composed of closeness central-
ity (0.680) and eigenvector centrality (-0.643). They
are both used to evaluate the value of users to informa-
tion diffusion. Moreover, it is further verified that in
the information diffusion network, the importance of
the user node’s influence depends not only on the num-
ber of neighbors of the node but also on the influence
strength of each neighbor of the node.

Table 8
Component score coefficient matrix
Component

1 2 3
Degree Centrality 0.085 0.103 0.376
Closeness centrality 0.001 0.251 0.680
Betweeness centrality 0.991 0.058 0.050
Clustering coefficient 0.991 0.050 0.039
Eigenvector centrality 0.118 0.470 -0.643
Diffusion capability 0.019 0.751 0.038
Content similarity 0.075 0.711 0.355

The results derived from this the factor principal com-
ponent analysis of user influence validate the claims
laid in our previous studies that the user’s neighbor
plays a significant role in information diffusion in
the early stage of new product releases. Reviewed on
the previous literature, Narang et al. [37] used three
publicly available datasets of large social networks,
namely, Epinions, Google+, and Livejournal. It took a
closeness centrality measure to identify “opinion lead-
ers” who have a significant influence on other nodes in
information diffusion. Furthermore, the classical epi-
demic model is used to evaluate the effect of the inter-
connection between nodes, which confirms that the in-
terconnection plays a more critical role in the network.
Therefore, our findings of an empirical study authenti-
cate the previous research point of view that neighbor
nodes with significant influence can better play the ad-
vantages of reciprocity. Especially in the firm-hosted
online community, to improve the efficiency of infor-
mation diffusion, users should be encouraged to partic-
ipate in discussions on multiple different topics. Based
on similar interests, they can communicate with users
who have a significant influence on some familiar top-
ics and form an interactive connection in the network.
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What’s more, the community should also use the topics
that users are interested in to generate a sense of social
identity, and then publish their awareness of new prod-
uct information, to provide users with opportunities to
interact with others.

3. Network structure analysis

We further consider the structural characteristics of
the information diffusion network of Xiaomi forum
and use the modularity [8] measure in the network
structure analysis to measure the stability of such
large-scale network communities as Xiaomi forum,
to find out the reasons that affect the new product in-
formation diffusion of infected individuals in Xiao-
mi forum. Combined with the inflection points of the
number of infected individuals in Figure 4, we choose
hot Topic C as an example to analyze and interpret, as
shown in Figure 5.

Figure 5

Analysis of network structure characteristics of Topic C: (a)
Network community numbers and diffusion probability; (b)
Community structures in four-time intervals of Topic C

Topic C
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The higher the modularity, the higher the density of
links within the community network, and the more
sparse and hierarchical obviously of the network
community structure. According to Figure 4, we find
that the higher the modularity in Figure 4(a), the
more the number of network communities, and the
higher the probability of information diffusion in this
time interval. Figure 4(b) shows a significant differ-
ence in the number of communities in the network
at various time intervals. This result proves the cor-
rectness of our consideration of the clustering coeffi-
cient in user influence, and also verifies the diffusion
studies of health behaviors in artificially constructed
online communities by Centola [6] that in aggregated
networks, large-scale diffusion can reach more peo-
ple and diffuse faster than in random networks. On
the contrary, networks with high-level local cluster-
ing are inefficient for large-scale diffusion processes.
We believe the finding accounts for that in the early
stage of information diffusion of new products in
communities such as the Xiaomi forum, the high de-
gree of network user aggregation is not propitious to
the information diffusion. As shown in time interval
II in Figure 4(b), if most users only concentrate in a
network community, even if a large number of users
participate in it, without evident information inter-

Figure 6
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action between users (such as mutual comments),
users would quickly recover to susceptible, and in-
formation cannot effectively diffuse to the outside of
the network communities. The result is in agreement
with Porter [43] proposed “how to foster and sustain
engagement of the virtual community,” who took the
community of allrecipes.com as an example. It sug-
gests that community managers should encourage
users to form multiple small groups based on specific
interests, which are helpful to motivate users to con-
tribute content and interaction.

4 .3.3. Forecast for the Arrival Time of New
Product Information Diffusion Peak

Considering the article length, according to the char-
acteristics of the information diffusion of Xiaomi fo-
rum, we choose the time interval I when the number
of hot topics infected individuals grows to a stable
state as an example, and compare and analyze the i~t
curves and di/dt curves to illustrate the results.

First of all, in front of the time interval I, the i~t curve
shows an upward trend, and the number of infected
individuals increases significantly, as shown in Figure
6. Moreover, in time interval I, the di/dt curve shows
that when the number of infected individuals in Topic

Points a, b, ¢, and d represent the time nodes with the fastest rate of infected individuals of topics A, B, C, and D on i~t

curves in time interval I
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Figure 7
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Points with the fastest rate of infected individuals of topics A, B, C, and D on di/dt curves in time interval I

Time interval I

0.1
—A N=1776
0 —B N=3679
C N=1149
—D N=2202

di/dt
S
]

-0.5
0 01 02 03 04 05 06 07 08 09 1

1

A and Topic D reaches 20% of the total number of in-
fected individuals, the rate of infected individuals is
the fastest. When the number of infected individuals
in Topic B and Topic C reaches 10% of the total num-
ber of infected individuals, the rate of infected indi-
viduals is the fastest, as shown in Figure 7. According
to the proportion of stable infected individuals, Topic
Ais0.414, Topic Bis 0.2143, Topic C is 0.177, and Top-
ic Dis 0.3006, respectively. We marked the key points
“a” and “d” of 20% of the total number of infected in-

Figure 8
The attention ranking of mobile phones
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dividuals corresponding to Topic A and Topic D, and
the key points “b” and “c” of 10% of the total number
of infected individuals corresponding to Topic B and
Topic C from the i~t curves, which makes us find out
the critical time nodes more directly.

We found that in addition to Topic B, the number of
infected individuals grew fastest in the range of the
other three topics from the 9th time node to the 14th
time node. We take 12 hours as a one-time node as de-
scribed above, so 14-time nodes are 168 hours, which
is seven days. We claim that the first seven days after
the release of Xiaomi 8/8se mobile phone is the peak
of the information diffusion of new products in the
Xiaomi forum. According to the white paper on con-
tent marketing of the mobile phone industry in 2018
released by information authority (www.toutiao.com)
on July 23, 2018, Xiaomi 8 mobile phone ranked first
in the attention comparison of key product models
one week after the product release [50], as shown in
Figure 8. This statistic just verified the results of our
model and proved the accuracy of the model in the
analysis of the information diffusion process.

In the i~t curve of time interval I, we also found that
from the 46th time node, the proportion of infected in-
dividuals gradually increased to a stable state, as shown
in Figure 9. The 46th time node is the 552nd hour in the
time interval I, which is the 23rd day since the launch
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Figure 9
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Time nodes with a stable number of infected individuals of topics A, B, C, and D on i~t curves in time interval I.
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Figure 10
The microblog of Mr. Lei
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of the Xiaomi 8 mobile phone on May 31, 2018. Mr.
Lei, the founder of Xiaomi company, announced on
Weibo that Xiaomi 8 series mobile phones had been
launched on the official Xiaomi website since June 5,
2018, and had sold more than 1 million in 18 days [27],
as shown in Figure 10. By calculating the time nodes,
we found that after the 18th day of the first sale of Xiao-
mi 8 online is converted into a time node, and that is
the 46th time node of the curve. This result confirms
the reliability of the information diffusion model of the
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firm-hosted online community to predict the peak val-
ue of new product information diffusion once again and
also fully embodies the significant application value of
the research on a new product information diffusion
model to predict product sales.

5. Discussion

The objective of this work is to explain the dynamic
causes that affect information diffusion during the
critical period of early promotion of new products
in online communities, through establishing a new
product information diffusion model based on user
influence in the firm-hosted community. We exploit
prior knowledge of the given network and use the grey
relation analysis (GRA) to verify the dynamic factors
of new product information diffusion explained by the
new product information diffusion model and discuss
several findings. The research results provide strong
support for the effectiveness of the new product infor-
mation diffusion model.

5.1. Verification of Dynamic Factors of the
New Products Information Diffusion

Grey relation analysis comes from the model based on
the grey theory put forward by Deng [9]. GRA is amul-
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tiple factor statistical analysis method to determine
the correlative grade between factors, which is used
to effectively analyze the uncertain correlation be-
tween things and system factors or factors, and main
behaviors. Generally, based on the sample data of each
factor, the GRA is used to describe the strength, size,
and order of the relationship between factors. If the
trend (direction, size, and speed) of the two factors
reflected by the sample data is the same, the correla-
tion between them is large. Inversely, the correlation
is low. GRA can provide a quantitative measurement
for the development and change of a system, which is
suitable for dynamic process analysis, so it has been
widely applied in diverse fields of research [18], [47].
Furthermore, because of its simple form, superior
calculation efficiency, and high prediction accuracy,
GRA can be used for relatively little data and limited
information [65]. Therefore, GRA is appropriate for
the comparison and verification of the dynamic fac-
tors of information diffusion of new products.

In the present work, GRA applied to evaluate the rela-
tions between dynamic factors affecting the diffusion
of new product information and the diffusion proba-
bility of new product information in four hot topics.
The current research has identified a set of factors
affecting information diffusion. From the perspective
of characteristics of the whole network formed by the
evolution of four hot topics in four continuous time
intervals, including the network modularity (NM)
and the number of communities (NC) reflecting the
evolution trend of the network community, as well as
the eigenvector centrality (EC) reflecting the impor-
tance of neighbor nodes. On the other side, from the
perspective of individual characteristics of network
nodes, including the number of none diffusion capa-
bility users (NNDCU) and the number of significant
influence users (NUSI). And then, we defined the gray
relational coefficient € [k], gray relational grade (GRD)
R, (x,, x,), and gray relational ordering as follows. The
statistical data of four hot topics dimensionless pro-
cessing were performed for analysis.

The gray relational coefficient € [k] represents the re-
lational grade between the reference sequence and
the compared sequence at a certain time node. Let x =
{x; | i1€I} be a space sequence where i = (1,2, 3, .., m). x,
is a factor of the system, and its value at the kth entity
in the sequence is x; [k], where k= (1,2, 3, ..., n). If we
denote the reference sequence x, by x, (1), x, (2),..., ,
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(n), i.e., the information diffusion probability of new
products during four continuous time intervals, and
the compared sequence x; by x; (1), «; (2),..., x;(n), x,,
ie., the main dynamic factors influencing informa-
tion diffusion of new products. The gray relational co-
efficient between x, and x; at the kthentity is given by:

min m[inlxo [£]—x;[ k]| + pmax m[‘;iX|Xo [&]—x,[4]|
1 1

5=
o[k = x|+ p max max| x[K] — %Al

(16)

where p is the resolution coefficient, O<p<1. If p is
small, and the resolution ability is strong —generally,
p=0.5.

The GRD reflects the degree of correlation between
the reference sequence and each compared sequence
and describes the trend of correlation between the
two sequences. R,,(x,, x;) is expressed as:

Roi(x0, %) = %Zzﬂ (k) an

where i = (1, 2, 3, ..., m) is the factor, k= (1, 2, 3, .., n)
is the time node, x,[k] is the reference sequence, x,[k]
is the compared sequence, |x,[k] - x,[k]| denotes the
absolute difference between the two sequences, and
min min|x, [A] — x[A| and max max|xo[4] - x[A]| are
the minimum and maximum of the absolute differ-
ences in all compared sequences, respectively.

The primary purpose of GRA is to find the importance
order of the influencing factors according to the val-
ues of R,,(x,, x;) and finally to determine the crucial
factors affecting information diffusion of new prod-
ucts. Therefore, the gray relational ordering is a sig-
nificant index to be compared to the importance of
factors. If R, >R, then the influence of x,on x,, is more
dominant than that of x; on x,. If R, =R, then the in-
fluence of x; on x, is the same as that of x; on x,.

5.2. Key Dynamic Factors on Information
Diffusion of New Products

We use different patterns to represent and distin-
guish the factors, as shown in Figure 11. NNDCU,
NSIU, NM, NC, and EC are related to the information
diffusion probability (IDP) of new products in the
four hot topics of the firm-hosted online community,
respectively. In particular, NNDCU has a clear cor-
relation with IDP in Topic A, and Topic C. NSIU is
significantly related to IDP of Topic B. Moreover, NM
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Figure 11
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Gray relation analysis results of topics A, B, C, and D: (a) Topic A; (b) Topic B; (¢) Topic C; (d) Topic D
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and NC show a high correlation with IDP in Topics B,
C, and D. EC also has apparent relativity with IDP in
Topic C and Topic D.

In general, the results of GRA have verified the valid-
ity of the dynamic factors that affect the information
diffusion of new products explained by the new prod-
uct information diffusion model of the firm-hosted
community.

We further rank theimportance of the relational grade
of the influencing factors, to more directly represent
the influencing factors that play a critical role in the
information diffusion of new products in the four hot
topics, as shown in Table 9. It is worth noting that the
meaningful findings have practical application value
for thinking and putting forward corresponding com-
munity management strategies to promote the vast
and rapid diffusion of new product information.

Topic B
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Table 9

The ranking of the relational grades of influence factors of
topics A, B,C,and D

Gray relational ordering

1 2 3 4 5
TopicA | NNDCU NC NM EC NSUI
Topic B NM NC NSUI | NNDCU EC
TopicC | NNDCU | NM EC NC NSUI

TopicD EC NM NC NNDCU | NSUI

First of all, by comparing the importance of the in-
fluencing factors in the four topics, we find that NM
and NC rank higher in importance. The result has
shown that the key factors affecting the information
diffusion effect of the new product are the network
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modularity and the number of communities in the
firm-hosted online community. As the results we have
obtained in the preceding sections, the more the val-
ue of modularity of community network, the stronger
the community structure [39]. The results suggest
that the formation of multiple small communities in
the firm-hosted online community is more condu-
cive to users’ contributions and sharing of new prod-
uct information on specific topics. Therefore, how to
form more network communities, reduce the large-
scale aggregation of users, and promote the rapid and
extensive interaction and diffusion of information
among users in multiple communities is the primary
consideration in the research of new product infor-
mation diffusion in firm-hosted online communities.

Secondly, with different topics of product innovation
function, the importance of the key factors affect-
ing the information diffusion of new products has
also changed. Specifically, NNDCU is the key factor
influencing the information diffusion of new prod-
ucts in Topic A of “Snapdragon 845” and Topic C of
“Transparent exploration version of the under-screen
fingerprint.” It provides crucial suggestions for com-
munity managers on how to reduce the impact of new
product information diffusion. Community managers
should be commit to taking necessary measures to
reduce the proliferation of users (i.e., those who have
none diffusion capability) who only make one com-
ment. To attract and encourage more users to share
and contribute their cognition and understanding
about new products and promote the effective infor-
mation diffusion of new products.

Thirdly, unexpectedly, the influence of NSIU on the
other three topics seems not significant, in addition
to being an important factor in the information diffu-
sion of new products in Topic B of “Infrared face rec-
ognition unlocking.” That is different from the previ-
ous studies pointed out the significant influence users
(i.e., Opinion leaders) are the remarkable influencing
factors of information interaction activities of com-
munity members. In particular, we further found that
the EC is a key factor that cannot ignore in Topic C of
“Transparent exploration version of the under-screen
fingerprint” and Topic D of “The world’s first dual-fre-
quency GPS of the world.” That also demonstrates
the importance of network neighborhood in the in-
formation diffusion of new products. Based on the
above result, because EC takes into consideration
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the extent to the influence of neighbor nodes in the
network relative to other nodes connected to them
[3]. Hence, making community users to establish a
connection with more influential network neighbors
in interactive activities plays a more critical role in
the information diffusion of new products, rather
than the number of significant influence users in the
community are more conducive to information diffu-
sion. The interesting new result we found deserves
the attention of community managers. Meanwhile,
the findings also put forward the future research di-
rection for how to establish and enhance the interac-
tion between general users and opinion leaders with
significant influence to promote the diffusion of new
product information.

6. Conclusions and Limitations

This study established the new product information
diffusion model of firm-hosted online communities by
using the epidemic model SIS. This paper discussed
and explained the dynamic information diffusion
process and its dynamic causes among users during
the critical period of early promotion of new prod-
ucts in online communities. As very little research
on the driving force of information diffusion in the
early stage of new products entering the market, we
attempted to explore this field from the perspective
of information diffusion probability that affects the
change of users’ state in the firm’s community. As well
as explain the driving force of information diffusion
and provide a theoretical and practical basis for firms
to put forward effective management and marketing
strategies of new products. We filled in the blank of
the research on the mechanism of new product infor-
mation diffusion in the firm-hosted online communi-
ty. We supplemented the research on the antecedent
of user-generated effective information mining, to
provide the research basis for analyzing the valuable
content generated by users.

We used the individual influence of users as the driv-
ing force to affect the state transfer of the community
users and quantified the probability of information
diffusion. The results revealed that the probability of
information diffusion significantly affects the num-
ber of infected individuals and the rate of infected. We
further found that the proportion of initially infect-
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ed individuals is a crucial factor in determining the
trend of information diffusion. Community managers
should fully exploit the initially infected individuals
with sufficient influence, and encourage such users to
actively post, maintain the discussion enthusiasm of
new product innovation function topics, and attract
the active interaction of susceptible individuals. The
infected individuals can effectively control the trend
of product public opinion, and help firms establish
the reputation of new product functions. Whether it
is the positive word-of-mouth recognized by users,
or contrary word-of-mouth about product defects,
that contribute to product iterative innovation, it has
a vital role in promoting online marketing products.
Moreover, those users whose diffusion capability is
0 are the influencing factors that significantly hin-
der information diffusion. Community practitioners
should take measures to reduce the probability of us-
ers with the diffusion capability of 0 becoming zombie
users. After this kind of users return to susceptible,
new product information similar to the information
of interest in their historical data is pushed to them, it
would be better to attract such users to participate in
the diffusion of new product information.

It should not be ignored that both in number and qual-
ity of users’ neighbors play an essential role in the pro-
cess of information diffusion. In the large-scale firm
community networks, the more network communi-
ties formed, and the smaller the size of neighborhood
accounts for the total number of community users,
the more conducive to the diffusion of new product
information. Inversely, the high-level clustering co-
efficient of the network hinders the large-scale infor-
mation diffusion. That is contrary to the information
diffusion of highly clustered social networks. Hence,
community managers must control the number of
neighborhood nodes while paying attention to the
quality of users’ neighborhood nodes, to form more
network clusters in the community, strengthen the
information interaction between network clusters,
and improve the efficiency of information diffusion of
new products.

Finally, we used the actual mobile phone online sales
data of Xiaomi Company to test the accuracy and va-
lidity of the information diffusion model in predicting
the peak time of new product information diffusion in
the firm-hosted online community. Our research re-
sults enrich the literature on the mechanism of infor-
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mation diffusion in firm-hosted online communities,
increase our understanding of information diffusion
methods, and influence modes based on user inter-
action behavior. In parallel, help community prac-
titioners to design firm-hosted online community
systems more effectively and make new product de-
velopment and marketing decisions in time.

The purpose is to verify the effectiveness of the re-
sults of the new product information diffusion model,
and we first compared the relevant researches of mul-
tiple online communities based on open datasets. We
affirmed that our research results are consistent with
the previous, which shows that our research method
is reliable. Moreover, we utilize the grey relational
analysis to verify the validity of the factors we pro-
posed. Because the neighborhood nodes with signifi-
cant influence can establish the relationship between
individuals of different network communities, better
evoke the community users’ general sense of shared
identity, and create more opportunities for the rela-
tionship between community individuals. Therefore,
from the perspective of information diffusion of new
products, it is more important to consider how to es-
tablish a neighborhood relationship with significant
influence nodes than there are more significant influ-
ence nodes in the community. That is the meaningful
results we found. It also reconfirms the importance of
neighborhood nodes in the firm-hosted online com-
munity once more.

Several limitations restrict this study. We used
the official forum of Xiaomi as a typical example of
firm-hosted online communities to test our research
model. Although Xiaomi forum is one of the most
visited online communities in China, our research
results may not be directly applicable to other com-
munities. That is due to differences in the character-
istics of the community and the goals to be achieved.
Users of the Xiaomi forum purposefully participate
in the activities of the firm-hosted online community.
They obtain information about products and services
and determine whether to purchase new products
through the exchange of experience, rather than just
extending the social circle to get the information they
are interested in as in other social networks. Addi-
tionally, the pattern of information diffusion may also
be affected by the popularity of information topics re-
lated to new products. In particular, users’ emotional
inclination towards product brands and competing
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products also have an impact on the information dif-
fusion of new products. In the future, we will conduct
confirmatory research in many similar firm commu-
nities to make the results more convincing.
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