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tors have difficulty developing flexible business alternatives
according to users’ changing streaming behaviors in terms of
generating a good and profitable business model. In terms of
e-commerce development, the live-streaming platform that
provides streaming of the main merchandise to users, allowing
the users to directly consume via live-streaming become critical
issues. In this regard, personalized recommendation systems
can use the user’s interests and purchasing behavior to recom-
mend information and merchandise. Thus, this study investi-
gates the online streaming experiences of Taiwanese
consumers to evaluate online streaming users and their online
purchase behaviors for developing online recommendations.
This study uses a snowflake schema, which is an extension of
the star schema. In addition, this study develops a rule-based
recommendation approach for investigating online streaming
and purchasing behaviors in terms of online recommendations.
This study is the first to determine how online streaming pro-
prietors and their affiliates are disseminated using online
streaming consumer behaviors in terms of online recommenda-
tions for further electronic commerce development.

Introduction

With the increasing popularity of broadband networks and the improvement
of computing power, live-streaming media that was originally only suitable for
electronic media and enterprises can be extended to users and families on the
Internet (Singh and Sharma 2020). The line stream uses and continues the
advantages of the Internet, and uses video for online live streaming. This
stream can display product demonstrations, conferences, background intro-
ductions, program evaluations, online surveys, dialog interviews, online train-
ing, online libraries, and other online applications (Anderson 2017). On the
road, using the fast, intuitive, and rich content of the Internet, as well as strong
interactivity and lack of geographical restrictions, audiences can be divided to
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develop the effect of communication (Wang 2019). After the live stream is
over, creators can continue to provide replay or on-demand services at any
time, thereby effectively expanding the time and space of the live stream. One
is to provide TV signal viewing on the Internet, such as live broadcast of
various sports games and cultural activities. The principle of this live stream-
ing is to collect TV signals from analog (analog) signals and input them to the
computer, thereby providing real-time uploading websites for people to watch,
which is equivalent to Internet TV. The other is live streaming in the true
sense: an independent signal acquisition device (audio + video) is set up on the
site, and then the director (guidance device or platform) is imported, and then
uploaded to the server through the console (Bilal, Erbad, and Hefeeda 2018).
The biggest difference between this type of streaming media and the previous
one is the autonomy of live streaming: independent and controllable collection
of audio and video is completely different from a single broadcast of TV
signals.

As a result, the huge business opportunities brought by online shopping
have also turned retail companies selling various products into virtual e-com-
merce suppliers, which has led to more common online shopping behaviors
among consumers (Smink et al. 2019). In particular, Facebook launched the
fan page function in 2007 and the Facebook Live Stream function in 2015,
which not only made Facebook a platform for interpersonal interaction but
also expanded its popularity, making Facebook an essential tool for online
marketing. Since online streaming allows multiple viewers to watch the same
video file at the same time, and the viewer can play the file interactively at any
time, for example, the current Facebook shopping live streaming model has
been developed to include auction-based activities (Lim and Kim 2018).
Regarding to interactivity, live streaming allows consumers to browse and
participate in real-time, and enhances the characteristics of the connection
between people. This is also a consumption attribute that other traditional
e-commerce websites cannot achieve (Huang et al. 2015). In addition, in terms
of transparency, online streaming allows online and offline operators to dis-
play sites and products to consumers, thereby enabling consumers to evaluate
whether the products meet their needs. This marketing model overcomes the
key limitation of online shopping, that is, consumers cannot see the physical
product and get the texture. Live streaming enables consumers to better grasp
the texture of the product and improve consumers’ imagination when actually
using the product (Yang et al. 2019). Thus, through live streaming of product
features, functions, prices, advantages, and disadvantages product attributes
can be fully presented to consumer groups.

The live-streaming industry in Taiwan has developed rapidly, and its output
value has increased by more than 24 times from 2016 to 2018. In 2020, it will
reach an economic market of 300 billion TWD. In terms of the Taiwanese
online streaming market, the results of the Taiwan MIC survey conducted by
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the Taiwan Council show that 31.3% of Taiwanese have the habit of tracking
specific broadcasters. In this group of followers, most of them interact with the
broadcasters through methods such as click to support (38.6%), pure viewing
(34.8%) and barrage/comments (26.9%). However, 15% of followers have
spent money rewarding live broadcasters, 14.3% have purchased peripheral
goods, 10.9% have participated in offline activities, and male followers (18.6%)
are more willing to spend money than women for rewards (10.8%)(Taiwan
Market Intelligence & Consulting Institute (Taiwan MIC) 2019). The above
findings indicate that an influential economy has great development potential.
Generally speaking, live broadcasting has different development paths in
different regions. For example, China has developed a unique live-streaming
media market, and it also has a special high-frequency, high-value reward
culture. Among the first-tier, second-tier, and third-tier cities, the types of live
programs and age levels can be classified. On the other hand, live-streaming
media in Europe and the United States mostly follow the operating brand
model, with the ultimate goal of creating its own brand and e-commerce
operations. For example, a live broadcast can start with teaching beauty,
then endorsements, selling cosmetics, and finally creating an e-commerce
model of his/her own brand. Therefore, rewards or platform sharing are
only the initial profit model (Taiwan TSRI 2019).

Thus, this study is the first to investigate the online streaming experiences of
Taiwanese consumers to evaluate online streaming users and their online
purchase behaviors for developing online recommendations. This study uses
a snowflake schema including 2,124 data record, which is an extension of the
star schema and combines association rules with rough sets in terms of
developing a data mining approach. In addition, this study develops a rule-
based recommendation approach for investigating online streaming and pur-
chasing behaviors in terms of online recommendations. This study is the first
to determine how online streaming proprietors and their affiliates are disse-
minated using online streaming consumer behaviors in terms of online
recommendations for further electronic commerce development.

Literature Review
Online Streaming

With the availability of broadband networks and the increase in computing
power and electronic distribution, online streaming has become more and
more popular (Aljukhadar and Senecal 2017). With the availability of broadband
networks and the increase in computing power and electronic distribution,
online streaming has become more and more popular (Hamid et al. 2016).
Online streaming media is a kind of multimedia, which is continuously received
by the end user and presented to the end user when it is continuously delivered



APPLIED ARTIFICIAL INTELLIGENCE . 2207

Table 1. Online streaming technologies and applications.

Author Streaming technology Streaming application

Mahanti et al. (2013) Pareto and Zipf distributions method. Power-laws.

Huang et al. (2015) Heterogeneous vehicular networks Adaptive live streaming

mechanism.

Thomson, Mahanti, and Gong  One-click file hosting indexes Copyright infringement.
(2017)

Farrelly et al. (2017) Video characteristics of xHamster. Video streaming service

Thomson, Mahanti, and Gong  One-click file hosting services (OCHs). Internet piracy.
(2018)

Song and Mahanti (2019) Mobile streaming. Academic Web Server.

Yang et al. (2019) Fuzzy Petri Nets News streams

Wong, Song, and Mahanti Video streaming; Tagging; Data mining. Online social networks.
(2020)

Takimoto, Omorib, and Multi-stream and multi-task convolutional neural  Higher-level visual
Kanagawa (2021) networks (CNNs). information.

Adib, Mahanti, and Naha Video streaming; Data mining; Characterization. Active measurement.
(2021)

by the provider. The term of live streaming refers to the process of the medium’s
delivery method, not the medium itself. In addition, live-streaming media
provides an alternative method of file download, in which the end user obtains
the entire file of the content before watching or listening to the content. On the
contrary, live streaming is the real-time transmission of Internet content, just like
real-time TV broadcasts content via airwaves through TV signals. Live streaming
requires a form of source media (e.g., a video camera, an audio interface, screen
capture software, etc.), an encoder to digitize the content, a media publisher, and
a content delivery network to distribute and deliver the content. Live-streaming
media does not need to be recorded at the point of origin, although recording is
often required. However, the development of live-streaming media on the
Internet presents challenges. For example, in terms of long-term behavior
observation, it is difficult to investigate user behavior through data collection
and analysis. In addition, it is difficult for online streaming media operators to
develop flexible business alternatives based on the changing streaming media
behavior of users, thus failing to produce good and profitable business models.

In addition, this paper should also look at power-law behaviors reported in the
literature and how online streaming can be used for business purposes on Table 1.

By examining the illustrated literature of online streaming technologies and
applications, we infer that past studies have a gap on investigating users’
behavior and preference on online streaming in terms of an e-commerce
business model development. This is a main motivation of this paper to
develop online streaming using recommendations.

Personalized Recommendation Systems

A personalized recommendation system (PRS) uses users’ interests and pur-
chasing behavior to recommend information and products. With the expan-
sion of e-commerce and the increase in the number of products offered online,
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customers need time to find the products they want to buy (Chang and Jung
2017). Browsing a large number of irrelevant information sources and product
processes means that consumers will experience information overload.
Therefore, a personalized recommendation system (PRS) is proposed
(Modarresi 2016). PRS is an advanced business intelligence platform that
uses massive data mining to allow e-commerce websites to provide its custo-
mers with complete personalized decision support and information services
(Xu et al. 2016). The recommendation system of shopping websites recom-
mends products to customers and automatically completes the process of
personalized product selection to meet the individual needs of customers
(Contreras, Salamd, and Pascual 2015). The main algorithms for e-commerce
recommendation systems include association rule-based recommendation
(Santos et al. 2018), content-based recommendation (Zheng et al. 2018) and
collaborative filtering recommendation (Akcayol et al. 2018). The biggest
advantage of personalized recommendation is that it can collect user data
and provide online users with personalized recommendations based on user
characteristics (such as interests or preferences) (Lee and Brusilovsky 2017).
Various online platforms and social networks that provide personalized ser-
vices also need the support of the recommendation system (Yin et al. 2018). In
an increasingly competitive environment, personalized recommendation sys-
tems can retain customers and improve the services of e-commerce systems.
A successful recommendation system (RS) can use accurate big data analysis
to bring huge benefits (Gao et al. 2019). In the electronic market, more and
more recommendation systems are adopted to improve the pre-selection of
available products and services (Hwangbo, Kim, and Cha 2018). Determining
user preferences is an important condition for effective operation of these
automatic recommendation systems (Dixit, Gupta., and Jain 2018). This study
develops a rule-based recommendation method for investigating online
streaming and purchasing behavior based on online personalized
recommendations.

Rough Set Theory

Rough set theory (RST) was introduced by Pawlak in the 1980s (Pawlak 1982,
2002) as a mathematical approach to aid decision-making in the presence of
uncertainty. The rough set philosophy assumes that for every object there is
associated a certain amount of information (data, knowledge), expressed by
means of some attributes used for the object’s description. Objects having the
same description are indiscernible (similar) with respect to the available infor-
mation. The indiscernibility relation thus generated constitutes the mathema-
tical basis of RST. It induces a partition of the universe into blocks of
indiscernible objects, called elementary sets that can be employed to build
knowledge about a real or abstract world. The use of the indiscernibility relation
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results in information granulation (Greco, Matarazzo, and Slowinski 2001). In
other words, when the available knowledge is employed, boundary-line cases
cannot be properly classified. Therefore, rough sets can be considered as
uncertain or imprecise as illustrated in the following (Liao and Chang 2016).

An attribute a is a mapping a : U — Va where U is a non-empty finite
set of objects (called the universe) and Va is the value set of a. An
information system is a pair T = (U, A) of the universe U and a non-
empty finite set A of attributes. Let B be a subset of A. The
B-indiscernibility relation is defined by an equivalence relation IB on
U such that IB = {(x,y) € U2|Va € B.a(x) = a(y)}. The equivalence class
of IB for each object x(€ U) is denoted by [x]B. Let X be a subset of U. We
define the lower and upper approximations of X by B(X) = {x € U|[x|B C
X} and B(X) = {x € U|[x]BnX # (0}. A subset B of A is a reduct of T if
IB = IA and there is no subset B of B with IB = IA (i.e., B is a minimal
subset of the condition attributes without losing discernibility). A decision
table is an information system T = (U,AU{d}) such that each a € A is
a condition attribute and d¢ A is a decision attribute. Let Vd be the value
set {dl,...,du} of the decision attribute d. For each value di € Vd, we
obtain a decision class Ui= {x € U|d(x) =di} where U=UlU --
- U U|Vd| and for every x,y € Ui,d(x) = d(y). The B-positive region of
d is defined by PB(d) = B(Ul) U --- UP(U|Vd|). A subset B of A is
a relative reduct of T if PB(d) = PA(d) and there is no subset B of
B with PB(d) = PA(d). We define a formula (al =v1) A--- A (an = vn)
in T (denoting the condition of a rule) where aj€A and
vj € Vaj(1 <j <mn). The semantics of the formula in T is defined by
[[(al =vI) A+ A(an=wn)]|T = {x € Ulal(x) = v1,...,an(x) = vn}.
Let ¢ be a formula (al =v1)A---A(an=wvn) in T. A decision rule for
T is of the form ¢ — (d = di), and it is true if [[@]]T C [[(d = di)]]T(= Ui).
The accuracy and coverage of a decision rule r of the form ¢ — (d = di)
are respectively defined as follows:

U, el
accuracy(T',r, U;) = —| 7 |
Pl
U, il
coverage(T',r, U;) = ‘T

In the evaluations, |Ui| is the number of objects in a decision class Ui and
[[#]]T’| is the number of objects in the universe U = UlU - - UY|Vd| that
satisfy condition ¢ of rule r. Therefore, |UiN|[[@]]T’| is the number of objects
satisfying the condition ¢ restricted to a decision class Ui.
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Database Modeling - Snowflake Schema Database

Berson et al. (1997) noted that a snowflake schema database is constructed
using dimensional data tables and a fact table, and the dimensional structure
of the data is presented in a star schema, a snowflake schema, and a fact
constellation schema. A multi-dimensional data model is necessary to orga-
nize and store a large amount of data in a data warehouse so that queries and
analysis decisions can be optimized. This study uses a snowflake schema
including 2,124 data record, which is an extension of the star schema. This
schema queries the data and saves storage space and is easier to maintain than
other schema modes that use a relational database. The snowflake schema
database is shown in Figure 1 and includes 17 fact tables, 9 relationships and
76 dimensions.

The Proposed Rough Set Association Rules Recommendation Algorithm
Ordinal Scale Data Processing - Rough Set Processing

Ordinal scale is a scale that uses labels to classify cases into ordered cate-
gories. Traditional association rules ignore the rules found in ordered data.
Ordinal scale means that the classes must be arranged in order so that each
case in one class is considered greater (or less than) each case in the other
class. Cases of the same category are considered equivalent. Data science is
a critical issue in applied artificial intelligence in terms of developing infor-
mation science (Jadhav, Pramod, and Ramanathan 2019). This study com-
bines association rules with rough sets to create an application for ordinal-
scale data. This study investigates a market survey using a questionnaire to
collect data. A total of 2,124 valid questionnaires were divided into six
sections with 29 items in the database design. All questions were designed
using ordinal scales. All items used multiple-choice questions. An example is
given as follows:

Which of the following live-streaming social platforms have you used to
watch a live stream?

Facebook YouTube Instagram Twitch Live.me 17 Stream PikoLive Others

(Please list your three top choices in order//) / /).

The processing of ordinal-scale data is described below.

Definitionl: Transform the questionnaire answers into information system
IS = (U, A), where U = {x1,x,,---x;} is a finite set of objectsandi =1---n,
A = {ay,a,,---a;} is a finite set of general attributes/criteria and j = 1. f, =
U x A — V, called the information function, V, is the domain of the attri-
bute/ criterion a, and f, is a ordinal function set such that f(x, a) € V, for each
x; € U.
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Example: Table 2 shows the ranking of live-streaming platforms, from the first
to eighth, by x;, named Facebook, YouTube, Instagram, Twitch, Live.me, 17
Stream, PikoLive and Others.

Then:

fal = {1}faz = {273757677}fa3 = {273767 778}fa4 = {27475}
fas = {3747677}fa6 = {27576}fﬂ7 = {37478}fas = {67778}

Vi= 1V = 5VE =7V — 4

VI =3VE =2VI =8V =6
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Table 2. Information system.

A Ordinal Scale Data Sets

U a; a, as a, as de a; ag
X 1 5 7 4 3 2 8 6
X2 1 6 8 2 4 5 3 7
X3 1 7 2 4 6 5 3 8
X4 1 2 3 5 7 6 4 8
Xs 1 3 6 2 4 5 8 7

Definition2: According to specific universe of discourse classification,
a similarity relation of the general attributes a € A, denoted by Y. All of the
similarity relation, denoted by R(g;).

U
rin {[xilalxi € U}

Example:
R(as) = {{x1}, {xa}, {xs}, {xs}, {5} }
R(as) = {{x1}, {x2, x5}, {xs}, {xa}}
R(as) = {{x1}, {x2, %3, x5}, {xa}}
R(a7) = {{x1, x5}, {x2, %3}, {a}}

Definition3: The information system is composed of ordinal scale data.
Therefore, an ordinal response occurs between the two attributes, where D,
presents the pair wise comparison results of ordinal scale data, which are
defined as follows,

D" = U VvV, >V
a xl’g) a aj

U
D = {X,’|—, Vﬂi < Vaj}
N a

Then, using the concept of similarity relation in rough set theory we find the
value of the ordinal-scale data between a; and a;, where ind(B) is the core
attribute value of the ordinal-scale data in the first step, and B is the subset
of A.
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Table 3. The core attribute values of the
ordinal scale data for online streaming

platforms.
R(aj ) fa5 f, a6 D,
{a} 3 2 D*
{x2,%s} 4 5 D,
{X3 } 6 5 Da_
{X} 7 6 D
R(af ) f, as f. [ Dg

Example: Example: According to the similarity relation and the fact that
R(as) = {{x1}, {x2, x5}, {xs}, {xa}} and R(as) = {{x1}, {x2, %3, x5}, {xs}}
both belong to the same fundamental set, the ordinal function set is f,, =
{3,4,6,7} and f,, = {2,5,6}. Therefore, as and as are both core attribute
values of the ordinal-scale data for live-streaming platforms and for user x;, x3
and x4, as always places after ag, denoted by D. The pair-wise comparison of
as and ag, as shown in Table 3.

ind(B) = [as, ag]

Rough Set Association Rules

Definition 1: As a first step, this study identifies the core attribute values of
ordinal-scale data. In this step, the object generates the rough associational
rule. The consideration of other attributes and the core attributes of ordinal-
scale data as the highest decision-making attributes is used to establish the
decision table and to generate rules, as shown in Table 4.

DT = (U, Q), where U = {x1,x,---x;} is a finite set of objects and
i=1---n, Q is usually divided into two parts. G = {g1,£,--g} is a finite
set of general attributes/criteria and j=1, D= {d;,d,,---d;} is a set of
decision attributesand k = 1---p. f, = U x G — V, is called the information
function, V; is the domain of the attribute/ criterion, g, and f, is a total
function, such that f(x,g) € V,, foreachge Qxc U. ff=Ux G — Vyis
called the sorting decision-making information function, V; is the domain of
the decision attributes/criterion, d, and f; is a total function, such that
f(x,g) € Vg, foreachd € Q;x € U.

Then:

fo, = {81,811, = {82,82.}
f% = {g317g32 }f:&l = {g417g42}



2214 S.-H. LIAO ET AL.

Table 4. Decision-making table in terms of users’ preferences on online streaming platforms.

o General attributes Decision attributes

u 91 92 93 94 Stream ranking

X1 9 92, g3, G, 3 as
X2 91, 92, g3 s, 6 as
X3 g1, 92, g3, 94, 6 as
Xa g1, 92, g3, 9a, 7 as
X5 91, 92, g3 s, 5 as

Definition2: According to the specific universe of discourse classification,
a similarity relation for the general attributes is denoted by 4. All of the
similarity relations are denoted by R(g;) and ¢ is the combination of all the
general attributes.

Rlg) = ¢ {[xloh € U}

Example:

U
R, = g_{{xlaxbe}) {x3,x4}}
1

U
RZ - g_{{xlax37x4}7 {xZJxS}}
2

U
Rs = — {{X1, X3, X4}, 1%2, X
5 g2g4{{1 3, %4}, {x2, %5} }

U

t= m{{xl}a {22, x5}, {x3, x4} }

Definition3: By the similarity relation, and determination of the reduct and
core, the attribute, g, of G and the set G, which was ignored, has no effect, so
g is an unnecessary attribute and can be reducted. R C G and V, € R.
A similarity relation for the general attributes of the decision table is denoted
by ind(G). If ind(G) = ind(G — &), then g is the reduct attribute and if
ind(G)#ind(G — &), then g; is the core attribute.



APPLIED ARTIFICIAL INTELLIGENCE . 2215

Example:

znd( )_ {{x}, {x2, x5}, {3, x4 }}

U U
ndG—g)  mgg (st {xS’x“}}_md( G fgge

U U U U
= = {{x1, X3, X4 },{%2, X5} } F - =
ind(G — 8183) &8 Hoan s, xh bo,xsH ind(G) 81828384
When considering g;, alone, g; is the reduct attribute, but when considering
&1 and g3, simultaneously, g; and g3 are the core attributes.

Definition4: The lower approximation, denoted as ~G(X), is defined as the
union of all of the elementary sets that are contained in [x;];. More formally:

-G(X) = ulloctllxlocx}

The upper approximation, denoted as G(X), is the union of those elemen-
tary sets that have a non-empty intersection with [x;|,. More formally:

G(x) = ulblectlslort#e}

The difference: Bng(X) = G(X) — ~G(X) is called a boundary of [x;]..

Example: {x;,x,,x4} are the customers of interest, so ~G(X) = {x1},
G(X) = {x1,x2,x3, %4, x5} and Bng(X) = {x2, X3, X4, X5 }.

Definition5: Using the traditional association rule to calculate the value of
Support, Confidence and Lift value, the formula is shown as follows:

sup(ind(5)) = |{nd(8) G00) € 600 = [“AELIE)
Sup  ind(B) Nt
Conf (ind(B) = dy.) = |{ind(E) % |Sup(ind (B)) }| = SEP(ind(B))>

Lift = Confidence (X — Y)/Sup (Y)
Definition6: Rough set association rules.

{xl}
g1g3

1ﬁg31$dd =4
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Empirical Study and Results

Pattern 1: Associations between Users’ Behaviors and Live Stream Platform/
content

In terms of the users’ preferences to use an online stream platform and
content, the types of stream platforms that are preferred by the users are
determined by investigating the users’ habits and behaviors, so an online
stream operator can tailor information for users. This study uses
a minimum antecedent support of 2% and a minimum rule confidence of
30% to generate ten meaningful association rules, as shown in Table 5 and
Figure 2. The lift values are all greater than 1.

In terms of R1, the participation motivation of the users to watch a live
stream platform, we found that most of the users like to interact with live
streamers and viewers using the PikoLive platform. They like to donate to their
favorite live stream moderator on the live-streaming platform with a hope of
improving their online gaming technique. In terms of R6, the participation
motivation of the users was to celebrate birthdays and festivals using the witch

Table 5. Associations of online stream platform use and content preferences.

Consequent Antecedent
Online Reason for Motivation
Participation streaming Participate in using online for using
Rule Lift Sup. Conf. motivation platform  online streaming streaming streaming
R1 168 264 87.5 Interact with live PikoLive Donate Favorite live Improved
streamers and stream gaming
viewers platform technique
R2 311 3.97 100 Post ideas 17 Stream  Subscribe or track  Entertaining of ~ Follow the
live shows stream trend
R3 228 33 40 Discuss various Instagram  Recom-mend to  Entertaining Kill time
topics friends stream
R4 232 596 77.77 Dialogue with live YouTube Participate in live  Favorite live Kill time
streamers community stream
discussions platform
R5 299 331 800 Respond to the Facebook Donate Useful Follow the
viewers for information trend
discussion
R6 3.74 10.8 100.0 Birthdays and Twitch Participate in live  Interact with Like a specific
festivals community streamers streamer
discussions and viewers
R7 235 588 100.0 Respond to KingKong Share on social Interact with Relieve stress
viewers’ networks streamers
comment and viewers
R8 328 262 60.0 Postideas YouTube Subscribe or track  Entertaining of ~ Satisfy
live shows stream curiosity
R9 254 543 100.0 Discuss various Facebook Donate Good quality of Like a specific
topics information streamer

R10 223 271 33.33 Dialogue with live YouTube Recom-mend to  Atmosphere is  Relieve stress
streamers friends fun
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Figure 2. Associations of online stream platform and offline content.

platform. They like to participate in live community discussions and interact
with streamers and viewers, spending time with a specific favorite streamer. In
terms of R10, the participation motivation of the users was to engage in dialog
with live streamers using the YouTube platform. They like to recommend
stream content to their friends, enjoy the fun atmosphere and relieve stress.

Pattern 2: Associations between Users’ Behaviors and Online Purchase
Preferences

In regard to pattern 2, this study investigates live-streaming users’ behaviors
and their online purchase behaviors. This study uses a minimum antecedent
support of 2% and a minimum rule confidence of 30% to generate nine
meaningful association rules, as shown in Table 6 and Figure 3. The lift values
are all greater than 1.

In terms of R1, users increase purchase intention by sharing their product/
service experience with live-streaming content. The reason for consumption of
the live stream is to bargain for products and price. Reducing the offline
shopping frequency is a main factor behind changing purchase behaviors in
consumption patterns. In addition, users like to read messages and absorb new
information in terms of stream interaction with other viewers. For R6, live
shopping information increases purchase intention by solving problems
through chat room talk, offers are promoted through stream shopping, special
offers are provided by stream operators and users enjoy other viewers’ sharing
in terms of stream interaction with other viewers. On the other hand, in terms
of R9, the main reason for stream users to increase purchase intention is that
stream platforms can provide product classification. Also, increased viewer
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Figure 3. Associations of online stream use behaviors and online purchase preferences.

intentions, online to offline interaction, discounts on various payment meth-
ods and stream moderators talking to the fans will affect users” online purchase
preferences.

Pattern 3: Associations between Online Stream Services and Online
Recommendations

When it comes to online stream services and online recommendations, the
content of stream services that are preferred by the users are determined by
investigating the users’ online streaming and purchase behaviors, so that an
online stream operator can provide online recommendations to users so as to
improve stream service and create online business opportunities. This study
uses a minimum antecedent support of 1% and a minimum rule confidence of
30% to generate 10 meaningful association rules, as shown in Table 7 and
Figure 4. The lift values are all greater than 1.

In terms of R2, live stream content should include differentiation of features
and themes for. Value VIP users, daily chat, more product introductions and
offering discounts are the antecedents in terms of associations of the rule the
online stream services and online recommendations. For R4, organizing
events, commenting on current affairs, make a good impression of the product
and selecting the most sponsored fans are associated with improved message
speed and social interaction. On the other hand, in terms of R9, increased
placement marketing can incorporate events of new product development,
comments on current affairs, recommending items trusted by users and
discount offers by operators in terms of implementing online stream service
and online recommendations to online streaming operators.



S.-H. LIAO ET AL.

o
N
o~
(o]

UoNDIUNWIWIOD

SJUNOJSIp 3o siopiadQ  SSauIsNg UO WIS Al dAIDAOUU| 12M3IA Joj buryooT] uonbAoUU| WY | SSAUYDLI JUIUOD dAJ] ASDADU| ST'L8 ¥9°L ¥9°T O0LY
siasn Aq
SJUNOJSIP 430 SI0IpJadQ  Paisnil aip Swall pa-pualiLioddy SIIDYD JUALIND UO JUWIWIO)  Judwidojarap 1anpoid may bunayipw Juawadpid aspanul 00l 86 99T  6Y
siasn Aq
IUDISIp 3y} bujualIoys  paisni} aID SWdY PI-pUIUILLIOIDY SJUDAI [2A0U 2IDYS $13sn dj/ anipA Aujigpis yiomjau aspaidul 08 97’7 80T  8Y
uonDIIUNWIWOI uolDIAUI
dUDISIp 3yl bujuarioys uononpoaul 1pnpoid aiopy 12M3IA 104 buyjoo] uonpAouU| dWaY | |DID0S pub paads abbssaw aAoidw| Oy 97T OF'L /Y
pnpoid
SUNOISIp 4ayo sioypiadp ay} Jo uoissaidwi poob b by Yd Ajing SI3SN d|) GN[DA  SWIAY} puD SaINjDay JO UONDRUAIAYIA [¥'9/ 69/ 6L°E 94
sassauisnq
dUDIsIp ayl bujuarioys JO SWDAIIS Al dAIIDAOUU| SJUDA [2A0U 2IDYS  SJUN0ISIp 1onpoad wiiofip|d bunayipw Juawadpid aspanul  0S  S9T 98l  SY
supy npoud uolDIAUI
palosuods jsow ay3 133[3s ay} uo uoyssaiduii poob b by SIDYD JUILIND UO JUSWWIOD S1U2A3 2Z1upbiIp bID0S pub paads abvossaw aAoidw] 001 /6'€ 9T Y
sassauisnq
swuojibyd uo s3sa3u0) JO SWD3IIS Al dAIIDAOUU| SIIDYD JUILIND UO JUIWILIO) $21doy bunpasd daay Aujgois siomjau asvaidul 00l  L6€ 80V €Y
SIUNOJSIP J30 si03viadQ suoldnposul 1npoid aiop Yd AjIvg SI9SN dJA aN|D  SAWAY} puD SaIND3J JO UONDIIUIAYIG 00l CS€T ¥6'1 T
duDpIsIp ayl bujuarioys suonnpoJul 1npoid aiop SHDYD JUILIND UO JUWIWOD  SIUNoIsIp 3onpoid wiojivid SSAUYDLI JUIUOD dAJ AsDadU] 001l /6 LS'E LY
dduas9eId [9pow Bupayiew juswadeld ssaub ERVEIEIENe] JUIUOD 3AI| 4O} SuolIsabbng Juo) dng Y 9Ny

¥oegPad) Jawnsuo)

Bbuimaln weans 9sealdu|

JU3paIRUY

juanbasuo)

1afoid |e-uonowold

‘Suollepuswiodal SUljUO pue 231AI9S Wealdls auljuo JO suoneIdOSSY */ ajqe]



APPLIED ARTIFICIAL INTELLIGENCE . 2221

More product

introduction
Improve message speed 0

and social interaction Q==
4

Innovative live stream on business

Differentiation on
features and themes

i / Operators offer discounts
Platform product
discounts

Keep creating topics

Figure 4. Associations of online stream service and online recommendations.

Implications
Live Streaming Platform/content Recommendations

In regard to platform recommendations, this study suggests that live-streaming
platform operators can use the advantages of hardware facilities or featured live
streamers to attract viewers. For example: 17 stream broadcasts have strong
foundations of celebrity endorsements and beautiful live broadcasts to viewers.
These broadcasts are dedicated to content production and interaction on the
live-streaming platform, and thus have stable viewing groups. In regard to
content recommendations, this study suggests that streaming platform opera-
tors or moderators should pay attention to the streaming program quality and
content so that viewers can increase the exposure of the platform by sharing
stream content on social networking sites. As for social media/network recom-
mendations, this study suggests that streaming platform operators or modera-
tors can try to provide current topics and issues that are popular in online
networks. Instagram, for example, allows users to receive more timely informa-
tion in the social media/network through live streaming. Furthermore,
Facebook Live Stream does not only provide a streaming platform for online
marketing and sales, but also develops membership and fans by expanding
social media/network influence through online recommendations.

User’s Behaviors and Online Purchase Recommendations

In regard to users’ behavior recommendations, this study suggests that stream
platform operators or moderators can provide users more integrated stream-
ing activities by encouraging more live-streaming participation. Under the
trend of live-streaming platforms that combine e-commerce activities, the
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current Al technology will be used to classify consumer behaviors and stream
viewing habits in order to effectively improve user behavior when using online
streaming. As for online purchasing recommendations, this study suggests
that streaming platforms and e-commerce operators target specific user
groups and increase the exposure of online shopping brands and products.
In addition, through e-commerce combined with live streaming, online events
can be held and promotional discounts can be given to stream viewers, thereby
increasing the exposure period of products and achieving the goal of advertis-
ing. Moreover, this study suggests that streaming and e-commerce operators
can offer preferential promotions to increase users’ intentions to purchase
online. This can make up for the shortcomings of TV shopping and e-com-
merce, which fail to provide human interaction and physical service.

Online Stream Service Recommendations

As for online service recommendations, this study suggests that streaming
platforms and e-commerce operators both to launch discount activities spe-
cific to products/services when selling placement products to stimulate buying
momentum and contemplate new marketing techniques. Furthermore, opera-
tors can encourage stream users to integrate their consumer behaviors into the
interaction of online and offline purchase services, in addition to increasing
the loyalty of the fans to the platform by products/services recommendations,
which can turn the streaming actions of fans into actual purchasing
g behaviors. On the other hand, online live-streaming messages that promote
consumer loyalty can also be sent using the online to offline business model.
Restaurants and food outlets might allow reservations online and provide the
final service offline by using streaming platforms to complete an online to
offline business model. Thus, online to offline could be a business model that
allows retailers to build on a transactional platform that co-operates with
online live-streaming operators.

Conclusion and Future Work

The gift and sponsorship-streaming business model refers to the content
provided by the live streamer, who broadcasts the content to the user
through the live-streaming platform, and provides the user with the stored
value to purchase virtual gifts from the live streamer or Internet celebrity,
or provide services, such as higher viewing quality, extra features, and
opportunities to interact with live streaming. In addition, one type of live
streaming platform allows users to pay directly for sponsorship through the
live streaming of a game, or to donate money to a fundraising proposal.
The e-commerce and shopping guide streaming business model adopts
a broader definition. It refers to a business model in which the live-
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streaming platform provides streaming of the main merchandise to users,
allowing the users to directly consume via live streaming. This business
model is also integrated with e-commerce platforms. Through the live
guide who is live streaming, users are directed to an e-commerce platform
to purchase goods online, and e-commerce platforms are utilized in this
process. In terms of future works, this study considers that different data
mining methods might be investigate the online streaming issues on the
further research for obtaining diversified knowledge and application
results.
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Appendix - The algorithm

Algorithm: Rough set association rules for online streaming recommendation

Input:

Onbline Streaming Categories of Information System (MCIS), MCIS = (U, M); user’s con-
tents xi, attribute contents of merchandise category m;;

Output

Online Streaming Purchase Recommendation (OSPR);

{Online Streaming Purchase Recommendations};

Method:
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(1) Begin

(2) MCIS = (U, M);

(3) for k — 1 to n do;

(4) ifx1,%2,...,x € U then

(5) forj— 1toldo;

6) if m~U — V,,,m & Mthenf, =U XM — Vp;

(7) compute f(x, m), where the merchandise categories of information function in

MCIS as described in Step 1;

(1) end if
(2) end for
(3) end if
(4) end for
(5) K= ((J,Bl,Bz7 e 7BW);
(6) for w — 1tom—1do;
(7) if BC M then U/IND(B) = {m € B~U/IND({m})};
(8) B(mj) = {(m,»,mj) € U?| € B,m(m;) = m(mj)};
(9) compute B(m;), where the indiscernibility relation in MCIS as described in Step 2;
(10) end if
(11) end for
(12) while IND(B) = Y/ do;
(13) if D} =D, or D, =D, then
(14) IND(B) = {[xt],, € U?| € B,m(m;) = m(m;) };
(15) compute D,,, where the condition attributes in B(mj) as described in Step 3;
(16) end if
(17) Find the online streaming categories average weight set based on AHP as described in
Step 4; R
(18) DR = (Yl,ﬁkMCi);
(19) for 1 —'1 to n do;
(20) if Y1, Y,,...,Y; €Y then
(21) for k < 1,to 5 do;
(22) if B, = 13" MC,; then
(23) compute /}k, where the average weights of online streaming categories value set as

described in Step 5;

(1) end if
(2) end for
(3) end if
(4) end for
(5) DT = (U,M = EUP);
(6) for g — 1 to v do;
(7) ife~U — V,,ec Ethenf,= U X E — V,;
(8) compute f(x, e), where the information function in DT as described in Step 6;
(9) end if
(10) end for
(11) K= ((J,Bl,Bz7 e 7BW);
(12) for w — 1 to m — 1 do;
(13) if B C E then IND(B) = {[x], € U?|Ve € B,e(e,) = e(e,) };
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(14) U/IND(B) = {e € B~U/IND({e})};

(15) compute B(Eg), where the indiscernibility relation in DT as described in Step 7;

(16) compute IND(E), where the relative reduct of DT as described in Step 8;

(17) compute IND(E — ¢;), where the relative reduct of the elements for element g as
described in Step 8;

(18) end if

(19) end for

(20) for each [x;], do;

(21) if x C U then

(22) EX = {x € U|[x], € X};

(23) EX = {x € Ul[x], "* #¢ };

(24) compute ~EX, where the lower-approximation of DT as described in Step 9;

(25) compute EX, where the upper-approximation of DT as described in Step 9;

(26) compute BND,(D), where the bound of DT as described in Step 9;

(27) compute Sup(IND(B)), where the support as described in Step 10;

(28) compute Conf (IND(B) — deg), where the confidence as described in Step 10;

(29) end if

(30) end for

(31) Output {Online Streaming Purchase Recommendations};

End
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