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ABSTRACT

The adoption of artificial intelligence technology is continuously increasing in online stores.
However, there have been no empirical studies that examine whether each of the artificial
intelligence functions affects consumers’ continuance intent to shop online. This study aims
to understand the effect of the main function of artificial intelligence on the continuance
intention of online store via empirical analysis. In particular, we focus on how artificial
intelligence as a resource affects the heterogeneity of online stores in terms of resource—based
views. We also analyzed the mediating effect of online store’s image (product and service)
between artificial intelligence (AI) functions and continuance intention. The results suggest
that the presence of Al function on online stores positively influence the continuance intention
from the resource-based perspective. Furthermore, it was found that Al technology positively
affects the image of a product and service. We also found that there was a difference in
the way of influencing the intention to use online stores by Al functions.
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1. Introduction

Given the advancements in artificial in-
telligence (AI) technology, various Al func-
tions, such as speech or image recognition,
intelligent recommender, and chatbots are ac—
tively being used as differentiating factors by
online stores [41, 57]. There are several stud-
ies being conducted on Al users’ intention to
use these Al functions [46, 52, 84]. However,
Al functions are varied from recognition, rea—
soning, learning, to various other functional
aspects. Therefore, evaluation of Al as a
whole is difficult. Note that, most studies, in-
cluding those of Al-enabled services [100],
are facing limitations such as not being able
to separate Al functions into subcategories;
moreover, they have focused on Al itself as
the target of the evaluation. Several other
studies have actively examined which Al
function would affect intention to use such as
personalization techniques [35], recommen-
dation [99, 1271, image recognition [135], and
authentication technology [58]. Nevertheless,
it is not enough to explain the overall in-
troduction of Al or the intention to use Al
with only one of the abovementioned Al func-
tions because the experiences offered by each
Al function are diverse. For example, if Al
1s divided into three categories of recognition,
reasoning, and learning, there are differences
in recognition methodology or algorithm for
the recognition function depending on its tar—

gets such as speech recognition and image

recognition. Furthermore, there are various
different methods to present the results of
reasoning to consumers. The learning func-
tion can also contribute for the promotion of
convenience and pleasure in shopping by ha-
ving Al to learn consumers’ buying patterns
such as personalized recommendation. Unfor—
tunately, very few empirical researches have
been conducted on the effect of each Al func-
tion on consumers’ continuance intention to-
ward online stores.

Therefore, the aim of this study is to un-
derstand how the key AI functions imple—-
mented by online stores are affecting the on-
line store visitors’ continuance intention via
empirical analysis. In particular, the study
will examine how online store’s Al functions
affect each of the online store’s image prop-
erties (product, service, and design). Further—
more, as customers adapt to services to the
Al functions are added, service providers
may consider implementing Al technologies
(ie., big data analysis, image recognition, and
machine learning) as the firm's primary re-
sources that will help separate themselves
from other competitors [2]. Therefore, Al will
be considered as a new resource that gen-
erates a firm’s competitiveness as Al differ—
entiates the way in which the firm builds its
products and services [3]. Accordingly, the
study will also attempt to explain the effects
of Al functions on consumers’ continuance
intention toward online stores from resource-

based views.



2. Literature Review

2.1 Al Functions in Online Stores

Al technologies are being successfully ap—
plied in most fields, including science, en—
gineering, and education. Accordingly, online
stores are aiming to offer a more “natural”
experience to their users by adding Al-based
components. Al functions can be divided into
three categories of recognition, reasoning, and
learning [109], and are used in online stores
in the following ways.

First, the recognition function in Al is useful
for improving online stores’ search function.
Note that search cost may have a huge impact
on consumer behavior [131]. Nevertheless, tra-
ditional, keyword-based search decreases ac—
curacy, resulting in increasing search cost and
leading to unpleasant user experience [5, 28].
To overcome such limitations of the key-
word-based search parameters, speech recog—
nition-based search has been proposed [20,
112]. After Hanson et al. [56] proposed a meth-
od with which you search websites via voice,
various speech recognition—-based search meth—
ods have been proposed using voice input by
virtual agents for use in speech recognition
in search-based products [112]. More recently,
multimodal searching and customized speech
feedback function have also been proposed [91].

Second, searching in online stores may use
image recognition. Image recognition is ad-

vantageous because online store users deci—

o] ojuA| g} A EFAGO el WA= FF AT 67

sion to purchase is largely affected by the
visual appearance of the product [113]. There-
fore, “search” and “recommendation” function
based on visual features in images has been
proposed [15, 871, which offers a superior po—-
tential to the existing, text-bhased search [65].
Techniques used for image-based searching
in online stores include computer vision [34,
119], CNN algorithm [70, 117], and the multi-
modal method [87].

Third, Al's purchasing pattern learning func-
tion indicates that Al generates new know-
ledge related to purchasing patterns using con-
sumers’ purchase history; moreover, such his-
tory is then used for realizing the recommen-—
dation function in online stores based on the
learned purchasing patterns.

Fourth, a chatbot is a virtual service robot
that can offer man-machine interaction [74,
134]. It is agent that combines natural language
processing based text recognition and reaso-
ning. Interestingly, a chatbot allows real-time
interactions for obtaining information that is
useful for shopping [55]; therefore, it strength-
ens the relationship between customers and
the brand [48] as well as offers positive shop—
ping experiences [66]. E-service agent, a type
of the chatbots, is a personal helper that estab—
lishes a continuous relationship with important
customers, helps customers to efficiently use
their time, and offers a better understanding
of the product’s performance [77, 93].

Finally, e-service agent offers a compara-

tive shopping function. Because online stores
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provide products in a considerably spread-out
price range, information related to price com-
parison is crucial for online shoppers who are
looking for the best deals. Not only can web—
sites that are focused on price comparison re—
duce their efforts in finding information on
products and services, they can also play a
key role in changing price awareness. Further—
more, price comparison affects consumers’ value
recognition and consequent purchase decision.
Al-based price comparison encourages cus—
tomers to make faster purchasing decision

and purchasing acts [14].

2.2 Resource-Based View

Resource-based view (RBV) is one of the
most widely adopted theories in a strategic
management [107], which assumes that a firm
secures its competitive edge by generating
values through resources [62]. These include
a firm’s assets, capabhility, process, knowledge
and awareness [12], and they allow for the es—
tablishment and realization of competitive
strategies. According to RBV [12], a firm ach-
ieves its continuous competitive edge and ac—
quires efficiency compared to other companies
via its unique resource binding [127]. RBV is
based on resource heterogeneity (the re—
sources owned by a firm may differ from its
capability) and resource invariability (such a
difference may be prolonged)[89]. A firm's re-
sources contribute more toward its sustainable

competitiveness if the resources are rarer,

more difficult to be replaced or imitated [11,
&3l.

IT has also considered as an important firm
resource [7, 9] and the contribution that I'T
makes to the firm’s value is explained using
RBV [90, 126]. For example, Santhanam and
Hartono [111] showed that IT resources could
create a unique capability that leads to a com—
petitive edge and improves the organization’s
financial performance. While IT resources pro—
duce more business effects in a stable environ—
ment compared to a dynamic environment, I'T
capabilities can generate more business effects
in a dynamic environment [127]. IT resources
and IT capabilities lead to I'T supports for com—
petitive strategies and core capabilities, which
has a positive impact on a firm’'s outcomes.
Companies with higher IT capability produce
better outcomes [88]. According to Chen et al.
[37], a firm with excellent IT capahility achieves
its unique, abnormal profits more than its com—
petitors and can recover faster compared to
other firms. However, studies have not agreed
on how a firm creates heterogeneity or how
it affects its competitive edge over other com—
panies [27, 88].

3. Research Model and
Hypotheses

<Figure 1> shows the research model pro—
posed in this study. Using RBV as its basis,

the Al functions that are added to an online



store shall be considered as the online store’s
tangible resources. Moreover, these resources
produce an intangible resource called the im-
age of the online store, which creates its het—
erogeneity from other online stores. In fact,
it would have a positive effect on the online
store’s continuance intention. Continuance in—
tention is consumers’ intention to re-purchase
products that they had previously purchased
or their intention to repetitively use services
that they had used before [22]. Because con-
tinuance intention in information system is a
key performance variable [19], the continu-
ance intention of an online store is defined as
the state in which users tend to continue us-
ing a specific online store [6]. Furthermore,
in terms of Al functions, the study considered
some of the most widely used online store
functions such as price comparison, speech
recognition, chatbots, buying pattern learning,

Perceived Al
functionalities
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and image searching. We excluded the rec—
ommendation function because it can be in-
corporated into comparative shopping, chat-

bots, or buying pattern learning [133].

3.1 Perceived Online Store Image as
a Firm Heterogeneity

A store’s image is categorized into per-
ceived product image and perceived service
image [64, 102]. Perceived product image or
service image is regarded as a firm hetero—
geneity and significant factor of a consumer’s
cognition development [53]. Therefore, the
perceived products and service images affect
customers’ evaluation of the firm that offers
such products or services.

First, a perceived product image signifies
the product components required for the pro-

duct to perform functions that customers want

Continuance
intention

Recognition
capabiltiy
H3
Learning
capability
H4 Online store image H1
Agent
capability H5 N Perceived 1
product image H

Perceived V4
service image

(Figure 1) Research Model
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such as price structure, quality, buyers feed-
back on the product, and product design brand
reputation [114]. It has been widely recog—
nized that brand image is one of the most val—-
uable assets for a firm [79] because it is rec—
ognized that the strong brand image that an
online store possesses is valuable, guarantees
uniqueness that other online stores do not
have, and is a resource for an imperfectly imi—
table firm. Such value of the resource as a
brand image is also valid for online firms such
as e-retailers [40]. Thus, the product image
in an online store will have a positive con-
tribution to the online store’s heterogeneity.
For example, when a certain online store of-
fers reasonable price for its products on dis—
play [116] and offers high quality products,
1e., the online store has good product images
perceived, customers feel that it is differ—
entiated from other shopping malls.

Furthermore, a store image has a direct and
positive effect on the purchase intention [113,
132] and customer loyalty [25, 120]. Within the
online store’s context, customers prefer pos—
itive product images and want to revisit online
stores with better quality products. In fact, on-
line store visitors prefer the online store with
a diverse range of products [82, 94], which will
have a positive contribution to their continued
intention to visit. In other words, customers’
perceived image in online store products will
affect the continued visit to the online store.
Therefore, the following hypothesis has been
established in this study.

H1: The positively perceived product image
of an online store will have a positive ef-

fect on continuance intention.

Second, the perceived service image is a sub-
jective thought created when an online store
solves customers’” inconvenience or complaints
and helps customers use the store [102].

A service provider constantly enhancing its
standard of service, creating a consistent, su-
perior service image with its guests is a key
service image that affects the differentiation,
1.e., heterogeneity of the service [121]. In fact,
because services have more diverse service
provisions compared to products, two serv-
ices are rarely identical [101]; moreover, it is
easier to differentiate services from one an—
other [118]. In particular, online stores allow
more personalization, more diverse navigation
routes, more cost-effective in creating back—
grounds or atmosphere compared to offline
stores so that service images will affect the
differentiation of online stores.

Furthermore, a service image is known to
affect revisits or continued intention to visit
by promoting customers’ loyalty [93], which
is widely supported by the results from em-—
pirical studies in entertainment services such
as tourism services [67], as well as educa-
tional services [71]. Moreover, service image
is closely correlated to the image of the firm
that offers such services [105]. For online
stores, visitors experience the feelings of fun,

joy, and relaxation while navigating online



stores [132]; therefore, their service images
would not be considerably different from that
of offline stores. Furthermore, online stores
are intangible shopping spaces and, in addi-
tion to product information, most features of
online stores are related to services offered
by online stores, i.e., reaction speed, ease of use,
quality of customer service, payment meth-
ods, shipping speed, safety in transportation,
and after—sales service, are included in the
service properties of online stores. Thus, cus-
tomers’ perceived overall quality of service
offered by online stores will affect conti-
nuance intention [116]; therefore, this study
established the following hypothesis.

H2: The positively perceived service image of
an online store will have a positive effect

on continuance intention.

3.2 Perceived Al Functionality as a
Resource

Information technology from RBV has been
considered one of the key resources that can
promote a firm’s financial performance [17;
111] and organizational agility [86]. IT can be
divided into various types [18]; therefore, Al
technology, as a type of IT, will contribute
to a firm’s performance. From the RBV per-
spective, the heterogeneity of a firm's re-
source affects its performance [17, &). There-
fore, the heterogeneity of an online store based

on IT helps differentiate the shopping mall
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with Al functionality from those without it,
thus maximizing consumers’ continuance in-
tention for the online store.

Various studies have introduced I'T func-
tionality as a type of capability, e.g., Cha et al.
[32] showed that a perceived robot capability
has a significant impact on the intention to
use a robot. Moreover, microblogs offer various
media capabilities that satisfy media users’
requirements [127]. In particular, the time up-
dating functionality, such as breaking news
or status updates, in microblogs is one of their
key capabilities [122].

In this study, we acknowledge that the Al
functionality adopted by online stores these
days there is an important IT capability. The
perceived Al functionality is a subjective per—
ception of online store visitors who are aware
of the specific Al functions offered by the said
online store. If visitors are not aware of or
cannot find any Al techniques, although these
techniques are being adopted by the online
store, these Al functions will not have any
effect on the visitor's attitude or evaluation
toward the online store. Thus, the existence
of certain Al functions in a certain online store
was considered to be a subjective judgment
in this study.

Our research model considers perceived Al
functions and not Al functions, because the
existence of such Al functions would have no
relation to the visitors’ satisfaction toward said
functions or online store or continuation in-

tention unless they are made aware of specific
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Al functions implemented on the online store
[32]. The under perception (true improvements
in capability may not lead to perceived im-—
provements) or over—perception (true improve-
ments in capability may lead to additional per—
ceived improvements that do not actually ex-
ist) that may occur is significant from the
visitors” subjective evaluation of the online

store.
3.2.1 Recognition Capability

Recognition capability, one of the core func—
tionalities of Al, recognizes analog data, such
as sentences, pictures, or speech from human
beings, and understands their meaning. Reco-
gnition capability is measured by recognition
accuracy, operability in various OSs, recog-
nition speed for real-time recognition, recog—
nition cost (need for high—quality microphone,
recognition SW price, and computational power
consumption), and multilingual support. Such
recognition capability is used in various prod-
ucts and services such as healthcare [124],
home appliances [103], and wearable devices
[8] to contribute to the improvement of users’

satisfaction.

3.2.1.1 Speech Recognition

Speech recognition allows users to search
products via voice. The content of the speech
1s identified through a server and the recog—
nized results are used to search information.
For example, GOME Electrical Appliances, the

only Chinese online store that offers search

functionality through speech recognition, allows
users to click on a microphone-shaped icon
on the search window and say the product
that they want to search and see the search
result. In this process, the users do not need
to type characters.

Note that users’ search cost is the amount
of time used by them to search products or
services on the internet [10]. Smith et al. [115]
showed that the reduction of search cost in-
creases the efficiency of the internet market.
A search engine’s capability means the function
that the search engine offers to improve the
end users’ convenience and effectiveness [23].
As one of the functionalities of search engines,
speech recognition can affect the search per-
formance and reduce users’ search cost.

Speech recognition provides users with a
unique product searching experience; there—
fore, it 1s believed to affect the perceived ser-
vice image. Moreover, additional design, such
as the microphone function on the side of the
website, will promote users’ interest and posi-
tive attitude and provide a positive contribu—

tion to the atmosphere attribute.

H3a: Speech recognition in online stores will
have a positive effect on continuation
intention.

H3b-c: Speech recognition in online stores
will have a positive effect on shop—
ping mall image, namely, the per-
ceived product image (H3b) and per-

ceived service image (H3c).



3.2.1.2 Search by Image Recognition

Search by image recognition is one of the
primary Al methods used to acquire informa-
tion from people. When consumers cannot pro-
vide accurate explanations on the product that
they want to search, they can use the pro-
duct’s image, which is then sent to the site’s
large database for comparison. In this manner,
users can identify products that they want
and enjoy a convenient shopping experience.
Furthermore, images are used in online stores’
product listing so that the product search can
become more convenient and efficient [30].

The type of search tasks given to users was
identified to be a key factor in determining
users search behavior in the information search
setting [24]. Complexity is an important di-
mension for measuring the differences among
the search task types [60]. A simple task that
is either based on a fact or can be completed
has a known target response that the users
want to find, whereas a complex task is gen-
erally based on research or open—ended ques—
tions [21]. If a search task is complex, the users
can spend more time in revising questions, fil-
tering information, and determining search re—
sults, which results in increasing the search
cost. Note that search by image recognition
allows users to directly search a product via
images, which lowers the complexity level of
the search and the search cost.

Product search by image recognition offers

the appearance of a product and a key property
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of the product information. It will also have a
positive effect on the perceived product image.
Moreover, by making the product search or
selection process more efficient, it is expected
to make a positive contribution toward the
perceived service image. Furthermore, if the
Image recognition process is exposed outside
and to consumers, it will positively contribute

to the atmosphere attribute.

H4a: The speech recognition in online stores
will have a positive effect on continua—
tion intention.

H4b-c: The speech recognition in online stores
will have a positive effect on the shop—
ping mall image, namely, the perceived
product image (H4b) and the perceived

service image (H4c).
3.2.2 Learning Capability

From a capability approach, individual lear-
ning capability refers to the individuals’ com-
petencies and motivation to learn [23]. In Al
learning capability is Al's ahility to produce
new facts or knowledge based on a given fact
that is acquired by Al Learning capability is
generally measured by error rates or learning
times [36]. A popular learning function used
by online stores is the learning of consumers’

buying patterns.
3.2.2.1 Learning of Buying Pattern

E-commerce sites have increasingly incor-

porated tracking technologies that can moni—
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tor consumer behavior on their site [42]. The
history of consumer behavior then becomes an
essential resource of learning the consumer’s
buying behavior. In particular, Al's key func-
tionality, which is applied to online stores, is
to learn the buying pattern of a group [136],
such as the character of a target customer
[29], whose profile, including customer pro-
files, shopping mall visiting records, and cus—
tomer feedback, is similar to those from the
customer data. Therefore, for learning and
knowledge discovery, supervised learning
techniques [104] such as support vector ma-
chine [4] are often used.

Such a learning functionality of Al is de-
signed to make online experiences more per—
sonal [137]. This indicates that AI's buying
pattern learning makes it possible to expect
users’ more positive attitude toward product
purchase. Furthermore, buying patterning lear—
ning makes the product selection process more
efficient, leading to the improvement of service
functionality. Therefore, the following hypo—

theses were established.

Hba: The buying pattern learning function in
online stores will have a positive effect
on continuation intention.

Hb5b-c: The buying pattern learning function
in online stores will have a positive
effect on the shopping mall image,
namely, the perceived product image
(H5b) and the perceived service im-
age (Hbe).

3.2.3 Agent Capability

Software agent is an intelligent program
that can simulate human behavior and rela-
tionships and automatically and intelligently
performs tasks [138]. Having the capabhility of
intelligent and automated dialogs with users
and problem-solving, software agents are
used in a wide range of areas such as health—
care [95] or e-learning [138]. Moreover, for
online stores, software agents have been de—
veloped and are being used to offer price com—
parison or chatbot-based shopping support.

3.2.3.1 Chatbot Functionality

Chathot refers to the attempts of a computer
program to simulate conversations between
machine and human [80]. After ALICE [33]
was implemented by Richard Wallace in 1995,
chatbots have been developed further to help
user’s interact with e-commerce engines [74].
Companies, such as Google, IKEA, AirBnB,
Facebook and Tesla, are increasingly relying
on artificially intelligent chatbots. The artifi—
cial intelligence-powered chatbot uses big da—
ta to answer questions from online customers
on a real-time basis. The chatbots can learn
and improve themselves by remembering similar
questions and various scenarios and keywords,
which will then be added to its database and
help it offer more natural and precise answers
with time.

Because chatbots converse with customers

just as humans do via texts, they can be inti—



mate [39] and ensure customer loyalty [96]. More-
over, intimacy is a key determinant for con—
tinuation intention [76, 971, and chatbots can
show characteristics, which if acceptable to
customers’ preference can fulfill customer sat—
isfaction and trigger intention to revisit [43].

In addition, chatbots in online stores can
help customers have a better understanding
of the performance of a product more effi-
ciently [77, 93]. As chathots recommend a pro—
duct to customers, they can also provide in—
formation about the product (price, quality,
and design). In particular, chatbots automati-
cally retrieve product descriptions under the
categories that are related to inquiry [75].
Thus, chatbots can contribute to the improve-
ment of the product image exposed in online
stores [54].

Furthermore, accuracy-related improvements,
chathots allow for the customers to have in-
telligent social conversations with virtual
agents [51]. Interactions between a chatbot
and customers is similar to that of sales staff,
which affects customers’ purchasing decision,
saves time, and helps collect advice [61]. Thus,
as they are adapted to customers’ requests,
chatbots reduce shopping-related uncertainty,
make search of efficient information possible,
as well as establish a positive customer relation.
Note that various chatbot functionalities in on—
line stores promote easy production selection
and pleasant shopping experiences and thus
improve the service image of the concerned

online store. Therefore, the following hypoth-

o] ojujA| g} A|FARGL| o WA= FF AT 75

eses have been established.

H6a: The chatbot functionality in online stores
will have a positive effect on continuance
intention.

H6b-c: The chatbot functionality in online
stores will have a positive effect on
the shopping mall image, namely, the
perceived product image (H6b) and

the perceived service image (Hbc).
3.2.3.2 Price Comparison Functionality

The price comparison functionality of a
software agent has a positive effect on the re-
duction of buyers’ search cost and assists in
the decision—making process by offering price
comparison information that would rarely ex—
ist in physical retail shopping situations [28].
For price comparison, software agent uses Al
functionalities such as case-based reasoning
[72] or evolutionary algorithms [110].

Price comparison in online stores can have
a positive effect on the shopping continuation
intention. When customers access the online
store’s pages that have detailed explanations
of the product, the website exhibits the pro-
duct as well as other similar products based
on the price comparison functionality. At this
point, both the image of the exhibited prod-
ucts and their prices are shown, which be-
comes the basis for customers to have suffi-
clent time to compare prices of the products
and determine their purchase. Therefore, price

comparison 1s considered a key tool in de-
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termining the service quality of an online
store [63]. Moreover, because customers with
more market price information can possess
higher maximum permitted price and higher
acquisition value than those with less market
price information [69], price comparison will
increase the usefulness of the online store;
therefore, customers will have intention to
continue to visit the concerned online store.
Furthermore, in addition to showing price
comparison results, price comparison func—
tionality also offers information on the trust—
worthiness of an online store, contributing to
the promotion of customers’ trust on the con-
cerned online store. Note that customers’ trust
is a key factor in continuation intention [125].
Furthermore, price comparison functionality
reduces the effort of customers who visit
several web pages or websites, i.e., the search
cost and transaction cost. Such effects of price
comparison will result in improving users’
continuation intention [81].

Price comparison shows cheaper prices for
the same product, making the product seem
to have a different image. At this point, be—
cause the lower price may also degrade the
perceived product quality [47], it can have a
negative effect on the product image. However,
it makes the product a good deal, which will
improve the product image [31]. Nevertheless,
price comparison in online stores shows a low—
er price for the identical product that is not
a used product; thus, the product image will

not be degraded and it may rather be improved.

Furthermore, price comparison guides cus-
tomers to products with higher usefulness,
and a software agent with price comparison
functionality is particularly perceived to be an
online virtual guide of sort [73]. Moreover, in
addition to price information, price compar—
ison functionality offers prompt updates re-
lated to price, information dealing with the
price, the graph of price trends, as well as the
standard catalog in sequence, all of which are
additional services that support and promote
purchase of the product. All of these factors
will contribute to the improvement of the on—

line store’s service image.

H7a: Price comparison functionality in online
stores will have a positive effect on con-
tinuation intention.

H7b—c: Price comparison functionality in on—
line stores will have a positive effect
on the shopping mall image, namely,
the perceived product image (H7b) and

the perceived service image (H7c).

4. Method

4.1 Instrument Design

For this study, the variables that were used
are based on the questions from previous
studies, which were then revised according to
the requirements of the study. The questions

on the survey were measured by a seven-



point Likert scale (from 1 = Not at all to 7
= Very much so). After receiving the online
questionnaire, the survey participants first
selected the shopping mall that they would be
evaluating. As we targeted residents in China,
this study focused on the following Chinese

online stores.

TMALL(KS), JD.com(F ), Suning.com(#f
T ), Gome(BIZEFEAR), Vipshop(MEhe),

Amazon China(5f5:#pE), Yihaodian(—+
J&), Dangdang(&4), Jumei (L)

These online stores had at least one or
more Al functions; consequently, the study
selected functions of speech recognition, im-
age recognition, customers buying pattern
learning, chatbots, and comparative shopping.
The survey participants verified if they have
visited any one of the above online stores, se—
lected one of them, and responded to ques-
tions on the image of the online store, includ—
ing the subjective perception of Al function—
alities and continuation intention. To increase
the response rate, the participants were pro-

vided with monetary compensation.

4.2 Data Collection and Sample Con-
struction

For the survey, we targeted users in their
20s and older in China who had experience
of visiting online stores to verify the proposed
model. The validity review of the contents of
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the questionnaire was performed by two
Ph.D- level experts on behavioral science,
which showed no issues in the questionnaires.
The data collection was performed for 12 days
from September 14 to September 25, 2018,
targeting Chinese adults over 20 years old

who had visited online stores.

(Table 1) Demographic Attributes of
the Participants (n = 400)

Item Frequency R;g/zl;)
Man 201 50.2
Gender

Woman 199 49.8
20s 100 25.0
Age 30s 100 25.0
40s 100 25.0
50s 100 25.0
High School &9 22.3
Academic | Undergrads 25 6.3
background | Graduate 209 52.3
After Graduate 7 19.3
Student 35 88
Office 144 36.0
Occupation | Household 13 3.3
Specialist 92 23.0
Others 116 29.0
TMALL 119 29.8
JD.com 93 23.3
Visit Suning.com 91 22.8
frequency Gome 56 14.0
to Vipshop 22 55
online | Amazon China 10 25
StOres | Yihaodian 8 | 20
Dangdang 1 0.3
Jumei 0 0.0

Total 400
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A total of 415 questionnaires were returned,
and after excluding 15 of them whose re-
sponses were insincere based on the review,
400 questionnaires were used for the final
analysis because they were believed to have
no significant response bias that would im-
pede the study’s generality. <Table 1> shows
the demographic attributes of the participants.
There was very little difference in the ratio
between men (201; 50.2%) and women (199;
49.8%), and each of the age groups from 20s
to 50s had 100 participants (25%6). Note that
209 of them (52.3%) were university gradu-
ates and 144 of them (36%) were office wor—

kers.

5. Data Analysis and Results

We used SPSS 22.0 for the demographic
analysis of the data and conducted a reliability
and validity analysis of the factor analysis re-
sults of the measured variables using Smart—
PLS. In this study, partial least squares (PLS)
was used for the statistical analysis of the re—
search model. Compared to the methods based
on components, PLS is advantageous as it re-
quires less restriction on the size of the sam-
ple and residual distribution. The collected
data were processed using SPSS 22.0; more—
over, for the reliability and validity verifica-
tion of the measured items, Cronbach’s alpha
analysis and exploratory factor analysis were

conducted along with multiple regression analy -

sis to analyze the causal relation between each

of the knowledge—sharing activities.

5.1 Reliability and Validity

This study examined the reliability, con-
vergent validity, and discriminant validity of
the variables used in the measurement model.
Reliability is the evaluation of the internal con—
sistency that used the composite reliability
(CR) value. Moreover, the internal consistency
of the measurement questions was measured
by the compound reliability.

To verify the reliability, the study acquired
Cronbach’s alpha and composite reliability
(CR) values. Generally, if both values are 0.7
or higher, the internal consistency is believed
to have been obtained [41]. Furthermore, if the
average variance extracted (AVE) value is 05
or higher, the reliability conditions are believed
to have been met.

Moreover, we used the VariMax orthogo—
nal rotation method for the explorative factor
analysis, which was performed for validating
the measurement items, and the result showed
a total of 12 factors for the questionnaires.
The factor loading of all measurement items
was 0.7 or higher, showing no issue with the
validity of the measurement factors. More—
over, using confirmatory factor analysis, the
convergent validity, reliability, and discrim-
inant validity were analyzed.

If the cross loading of the measurement

variables is 0.7 or higher, the convergent vali—



dity is recognized [41] and the analysis results
showed that all factors comprising each varia—
ble satisfied the criteria. Using Cronbach’s al-
pha and CR at or > 0.7, and the AVE at or
> 05, the measurement variables are de—
termined to be valid. As shown in <Table 2>,
all measurement variables of the study showed
0.834 or higher for Cronbach’s alpha value;
0.890 or higher for CR; and 0.731 or higher
for the AVE value. This shows that there was
no issue with the structural model analysis

Next, to evaluate the discriminant validity,
the square root value of the AVE was consid-
ered, as shown in <Table 2>. The discriminant
validity is considered to have been met if the
AVE square root is > 0.7 and exceeds the cor—
relational coefficient between each variable
[9]. The diagonal line in <Table 2> shows the
square root of the AVE, which was higher than
the correlational value between each variable,
which was the rest of the matrix values. This
shows that the study acquired the discriminant
validity. Another method is to verify the cross—
loading value [130]. The discriminant validity
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is obtained if the loading value of the measure—
ment items against each variable is higher
than the cross-loading value. In this study, the
factor loading of all measurement items ex-
ceeded the cross—loading of the same item, con—
firming the discriminant validity (see <Appen-
dix B>).

We performed factor analysis to verify the
validity of the construct for all measurement
variables. The result showed that all factors
were extracted equally as factors, which be—
came the basis for confirmative factor analy—

sis.

5.2 Hypothetical Testing

For hypothesis verification using the struc—
tural model, we used SmartPLS 3.0 to analyze
the path coefficient, and we used the boot-
strap technique to predict the path coefficient.
By setting 5,000 bootstrap samples initially
from 400 samples, the study verified the stat—
istical significance. PLS uses R2 to evaluate
the fitness of the structural model [50]. R2 is

(Table 2) Discriminant Validity Analysis Results

1 2 3 4 B 6 7 8
1. Price comparison 0.779
2. Speech recognition 0.222 0.761
3. Chatbot 0.359 019% | 0.762
4. Buying pattern learning 0.286 0.235 0.321 0.750
5. Image recognition 0.296 0.273 0.264 0.237 | 0.750
6. Perceived product image 0.279 0.202 0.215 0.292 0.272 0.757
7. Perceived service image 0.279 0.235 0.326 0.327 0.283 0.284 0.729
8. Continuance intention 0.369 0.283 0.250 0.306 0.303 0356 | 0417 | 0.766

Note) The values in a diagonal line are the square root of AVE.
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divided into high (over 0.26), mid (0.13 - 0.26),
and low (0.02 - 0.13). The endogenous varia—
ble R2 included in the research model showed
product property at 0.150, the perceived serv-
ice image at 0.199, and shopping mall con—
tinuance intention at 0.302. The explanatory
power of the endogenous variables, except
shopping mall heterogeneity, was median or
higher; therefore, the model was determined
to be suitable.

As shown in <Figure 2>, all hypotheses
were supported, except H7a, H3b, and H7b.
Moreover, the product image and service im-
age from an online store had a significant im—
pact on the online store’s continuation inten—-
tion. Furthermore, Al functionalities applied to
an online store, except chatbots, have a sig—

nificant impact on continuation intention. While

Speech
recognition

Chatbot

E Agent capability

1 P
)| Price comparison F

Product image

all Al functionalities had significant impact on
the service image, chatbots and speech recog—
nition were shown to not have a significant
causal relationship with the product image.
This indicates that not all property images in
an online store are given a uniform role and
these properties make different contributions

depending on their roles and effects.

6. Discussion

6.1 Findings

The following key facts have been con-
firmed based on the results of this study.
First, the online store image, which had

been considered a firm's resource, had a posi-

(R?=0.150)

Continuation

Service image

intention
(R2=0.302)

(R?=0.199)

*** p<.001, ** p<.01, * p<.05

(Figure 2) Path Coefficient Analysis Result



tive effect on continuation intention such that
the correlation between the existing shop im-
age and continuation intention [25, 40, 89, 120]
was shown to be valid online too.

Moreover, all Al functionalities, except chat—
bots, had a directly significant positive effect
on continuation intention. In particular, price
comparison, i.e., the agent’s capability, had a
significant effect on the continuation intention
of all online stores. This realization can be sup-
ported by the fact that based on the socio-re—
lational theory, people can feel a para—social
relationship from the interaction with soft-
ware agents, through which they form an in-
timacy with the online store and feel con—
tinuation intention [76].

Next, Al functionalities were shown to have
different contributions in establishing the shop—
ping mall’s image. First, recognition function—
alities have different effects on establishing
the online store’s image. Speech recognition,
on the one hand, was shown to have no sig—
nificant effect on the product image, although
it did affect the service image. Speech recog—
nition was either considered a service for com-
fortable shopping by contributing to the accu—
racy or efficiency in product search [28] or
perceived to be a service that offered pleasant
shopping experiences by allowing customers
to have a dialog via voice and improve in—
timacy [123]. However, speech recognition did
not affect the product construction or price
setting in online stores. On the other hand,

image recognition had a significant effect both
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on the online store service image and on the
product image. Because searching products
that customers want not by text but by image
provided a positive impact of alleviating the
product search effort, it would provide differ—
ent service image than other online stores that
do not offer image search [30]. Furthermore,
because customers can search similar prod-
ucts with images that they prefer, the image
of the products, such as the shape or color,
would be what they want. This will help the
customers form a positive image toward the
products from an image-based search.
Second, customers subjective awareness
of the buying pattern learning had significant
impacts on both the product image and ser-
vice image. Having recognized the adaptive
change of the list of recommended products
or online ads when they leave behind their
visit history, customers might have felt that
the Al were like a store worker who watches
their wordings or behaviors and accordingly
proposes products [137]. Therefore, it is high-
ly probable that the recommended product list
would be suitable to their preferences [136].
Third, price comparison had significant im—
pact on both the online product image and ser—
vice Image because price comparison changes
the price structure of products, makes a pos—
itive contribution to the product image [31],
and contributes to the service image as the
functionality plays a role of a virtual guide
to visitors who are seeking price comparison

[73]. However, chatbots, the identical agent
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functionality, were shown to affect only the
service image. Chatbots allowed reasonable
conversations with customers [56], helped make
emotional dialog possible [74], and made cus-
tomers feel that they were interacting with
a store worker with a unique character [43].
Such roles of the customer service in online
stores were also shown in the results of this
study [41]. Furthermore, the chatbot had a
positive contribution to the shopping mall ser—
vice by offering overall guidance to the para—
social use; however, this function did not have
direct relations to the product image.

The study’s results show that certain Al
functionalities, such as IT resources, have a
positive contribution to the formation of the
online store image, which is another online
store resource. This agrees with the study
result that ICT affects the service quality of
the product [39]. Moreover, such a result of-
fers a better understanding of the effect of
IT resources on customers’ continuation in-
tention, as well as on of the firm’s outcomes.
Therefore, certain Al functions as IT re-
sources have direct impact on continuation
intention, while other functions allow for mar—
Kketing activities, such as price promotion, pro—
duct exposure according to customers’ prefe-
rences based on preferred image based search,
or buying pattern learning, all of which affect
the promotion of brand image and online
store image [45, 120, 132]. In the end, they
have an indirect impact on continuation in-

tention.

6.2 Theoretical and Practical Implica-
tions

China’s e-commerce market is growing as
the world’s largest, and interest in Chinese e-
commerce platforms such as Tao Bao and Jing
Dong is growing. At the same time, China,
along with the United States, is one of Al's
top two tech countries. Therefore, Al and e~
commerce researchers and practitioners from
all over the world, as well as South Korea,
are likely to be interested, so we chose this
region. These are the reason why we focus
on Chinese online stores.

This study has three academic implica-
tions. First, most studies have only focused
on technology adoption and have not focused
on using continuance in the context of online
store powered by artificial intelligence. This
study fills the gap by focusing on the post-
consumption phase. In particular, we deve-
loped an extended framework from the re-
source-based view in a sense that Al can be
considered as an advanced information tech—
nology to address IS use continuance.

Second, the study analyzed the reasons for
the positive effect of Al functionalities in on—
line stores on continuation intention from the
RBV perspective. Resource heterogeneity is
the most basic condition of resource-based
theory. It assumes that at least certain re—
source bundles and capabilities underlying
production are heterogeneous across firms

[12]. Resource heterogeneity, which is a basic



condition of entrepreneurship, can also result
in heterogeneous outputs [68]. The entrepre-
neur’s ability to convert Al technology into
heterogeneous outputs makes the online store
a superior choice over the market. Therefore,
Al as a key IT resource in online stores, has
brought about resource heterogeneity, which
causes online stores powered by Al to be het-
erogeneous compared to other online stores
that do not have Al. Furthermore, product im-
age and service image, which comprise a
firm’s image, which is another firm resource,
were shown to have significant impact on a
shopping mall’s continuance intention. In fact,
the store’s image has a direct and positive ef-
fect on the purchase intention [113, 132] and
customer loyalty [25, 120].

Third, there have been many studies that
have reported that IT would affect service
quality and help form a positive service im-
age, resulting in influencing the performance
of online stores [13, 26, 44] however, there has
been little research on the correlation between
IT and brand image. This study has shown
that Al can have an effect on helping custom-—
ers form a product image. This result will
contribute to the promotion of the diversity
in explaining the contribution of innovative
IT, such as Al to firms.

From the practical viewpoint, the following
possihilities can be suggested from the results
of the study. First, online stores where the di-
versity and quality of products are important

should be developed and supplemented based
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on price comparison, customers’ buying pat-
tern learning, and image recognition. If online
stores focus more on service and user experi-
ence, they should also prioritize n developing
and supplementing speech recognition and
chathot functionalities.

Second, this study has focused on custo-
mers perceived Al functionalities. Even if
certain Al functionalities are installed and
customers do not recognize them, it would be
same as those functionalities not existing. Thus,
it would be advantageous to customers’ eval-
uation of the online store or continuation in-
tention if a suitable introduction to Al func—
tionalities that are installed in online stores
is given to customers such as that they can
easily recognize them. For example, buying
pattern learning is related to explainable arti—
ficial intelligence (XAI), which explains the
results of the learning for customer’s better
understanding. However, there has been no
successful implementation of XAl to online
stores as a strategic resource. This study acts
as an evidence to support the reason why XAl
needs to be introduced to online stores.

Third, since China is particularly interesting
for studying Al technology (given recent gov—
ernmental supports for Al industry, namely,
Al Rising), we have examined Al function—-
alities that have affected the online store image
and continuation intention and have not tar-
geted some of the most popular Chinese online
stores. Based on this study’s results, it can
be determined which Al functionalities need
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to be mmproved further. The results of this study
indicate that because not all Al functionalities
contribute to the online store image or con-
tinuation intention, different Al functionalities
should be considered for establishing a differ-
entiated online store. As shown in the compar—
1son between the search by image or the search
by speech recognition, Al techniques in the

same category would result in different effects.

6.3 Limitations and Future Research
Direction

In addition to theoretical and practical im-
plications, the study has limitations that re—
quire further research in future. First, this
study targeted online stores in China. Despite
the growth of online stores in China and the
strong pervasiveness of these stores in the
world market because of the global presence
of Chinese people, there are few studies that
have analyzed the success factors of these
online stores. Even with the importance of the
application of Chinese data, there may be dif-
ferences in cultures and attributes of online
stores by age group. Therefore, it is difficult
to generalize the results of this study to other
cultural regions; hence, we should cautiously
examine the results.

Second, for this study, we selected factors
that would affect online stores” heterogeneity
and continuation intention based on previous
literatures and empirical researches, namely,

the perceived product image, the perceived

service image, and the atmosphere attribute
included in the online store image. Because
of the considerable details included in the cur—
rent manuscript, other measurable factors could
not be included in the study. Therefore, future
search should consider these other factors.

Third, this study did not consider the changes
caused by customers’ individual differences,
which will inevitably affect the objectivity of
the data. It is necessary to study this aspect
by adding individual attribution factors and
expanding the research model based on these
factors. By introducing the adjustment of vari—
ables on personal information, future studies
would be able to examine the effect of these

variables more clearly.
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(Appendix A) Measurement Items for Variables

Constructs

Item

References

Al

functionalities

Price
comparison

Price comparison at {online store} seems to be valuable to me.

Price comparison at {online store} is useful to me.

Price comparison at {online store} helps me, and therefore, it is an important
function.

Price comparison at {online store} is beneficial to me.

Speech
recognition

Speech recognition at {online store} seems to be valuable to me.

Speech recognition at {online store} is useful to me.

Speech recognition at {online store} helps me, and therefore, it is an
important function.

Speech recognition at {online store} is beneficial to me.

Chatbot

Chathot at {online store} seems to be valuable to me.

Chatbot at {online store} is useful to me.

Chatbot at {online store} helps me, and therefore, it is an important
function.

Chatbot at {online store} is beneficial to me.

Buying
pattern
learning

Buying pattern learning at {online store} seems to be valuable to me.

Buying pattern learning at {online store} is useful to me.

Buying pattern learning at {online store} helps me, and therefore, it is
an important function.

Buying pattern learning {online store} is beneficial to me.

Image
recognition

Image recognition at {online store} seems to be valuable to me.

Image recognition at {online store} is useful to me.

Image recognition at {online store} helps me, and therefore, it is an
important function.

Image recognition at {online store} is beneficial to me.

Created

There are many products at {online store}.

The price of products at {online store} is reasonable in general.

Perceived The image of the product at {online store} is identical to the actual
product
image product.
The quality of the products at {online store} is good.
The products sold at {online store} are trustworthy.
The response speed of {online store} is fast.
) Shopping at {online store} is easy. Parasuman, 1995;
Shoppmg mall {online store} holds special events very often. arvenpaa and
1mage i
s Percel.ved The customer service at {online store} is excellent. Todd, 1996
service - -
image The payment methods at {online store} are convenient.
Shipping at {online store} is fast.
Shipping at {online store} is safe.
The exchange/return system at {online store} is excellent.
At {online store}, it is easy to find products that I want.
Atmosphere - - -
attribute The web design of {online store} is excellent.
At {online store}, it is easy to search products.
I am generally satisfied with {online store}.
- - - Venkatesh
. I think it was a good choice to use {online store} rather than the other )
Continuance . et al., 2003;
. . online stores.
intention T wil . " Tonti tore] in fut Verkasalo
continue to use {online store} in future. et al, 2010

I will recommend {online store} to others.
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(Appendix B) Reliability and Validity Analysis of the

Measurement Model
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Variable Item Factor loading Cronbach’s a CR AVE
ACC1 829
Price ACC2 785
comparison|  ACC3 773 7 860 606
ACC4 724
AVR4 815
Speech AVRI1 764
recognition|  AVR3 63 756 846 579
AVR2 697
ACB4 792
Perceived Al ACB3 189
functionality Chathot ACBI 6l 760 847 580
ACB2 702
Buvi APP1 794
uying
APP3 769
patteim APP? a1 741 837 563
learning
APP4 702
AIR4 793
Image AIR3 770
recognition|  AIRI 735 0 &1 563
AIR2 698
SIP5 770
Perceived SIP4 768
product SIP1 760 814 870 573
image SIP3 758
SIP2 729
Ol SIS3 789
e store SIS7 780
image
Perceived SIS2 738
erceivel
. SIS1 724
S.,ervme SISE o 874 901 532
image
SIS6 706
SIS4 694
SIS8 685
I ] ; ) ) SUI3 808
ntention of continue using S -
SUH4 754
a shopping mall - L 765 350 537
. . . SUI2 14
(continuance intention)
SuUll 747
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