
Ⅰ. Introduction 

The Background and Purpose of the Study

The use of intelligence technologies for organiza-

tional processes is rapidly increasing in various in-
dustries in Korea. A chatbot, representing chatting 
software robot, is one type of such fast spreading 
intelligence technology. Chatbots are used to help 
interaction between customers and a company. When 
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customers have questions, comments, complaints, 
chatbots can interact with customers effectively and 
efficiently by understanding queries and questions 
from customers and providing answers and relevant 
rationales in response. Chatbots have wide range 
of applications and considered to enhance customer 
experiences, manage large number of customers, and 
be cost effective (Megha, 2019).

Chatbots generate answers based on either pre-de-
signed rules or on the learned patterns found from 
previous interaction. The former is called rule-based 
chatbot as it is based on a set of rules designed 
and stored by the developer team of the company. 
The rules represent the summary of the experience 
and knowledge of the company. The later one, Natural 
language processing(NLP)-based chatbot - so called 
as by user companies in industry in practiceas this 
one provides more expressive interactions - is based 
on the machine learning ability and the patterns 
identified from the analysis of the large amount of 
data on evolving interactions with customers. This 
one is adaptable to the user’s individualized language 
usage, searches, and preferences learned from con-
tinuing usage history (Bharti et al., 2020). 

As the interaction between customers and a com-
pany is of prime importance in retail industry, the 
use of chatbot for customer interaction is considered 
to have strategic value. Many simple repetitive activ-
ities being performed by human workers, such as 
routine interaction with customers, can be replaced 
by chatbots equipped with interaction rules, in-
telligence algorithms, and large amount of data. For 
such reason, the adoption of chatbots by on-line 
shopping companies is expected to increase the qual-
ity of interaction and also save costs. Currently in 
Korea chatbots are being used by such leading on-line 
shopping companies as Lotte.com and Interpark. 

User experience is considered as the consequence 

of interaction between users and system devices, con-
tents, and the interaction environments (Moon et 
al., 2008). The quality of interaction experience via 
omnibus channels is considered critical as it is one 
major part of the holistic customer experience. In 
using shopping support systems users play dual roles; 
both as system users and as customers, making dual 
dimensions of interaction satisfaction of high im-
portance (Mamani et al., 2012). 

Morville (2004) defines customer experience as 
all accumulated behavioral, sentimental and knowl-
edgeable memories created while using any services 
or products. In this context, user-customer experi-
ence can be considered as an overall experience that 
users think and feel while using a system, product, 
and service, both directly and indirectly. 

Despite the rapid diffusion of intelligence technol-
ogy and the prospective increase in the extensive 
use of chatbots by on-line shopping service providers, 
research on the practical impacts of the use of chatbots 
is still limited in diversity and depth. This research 
specifically focuses on the differences between two 
major types of chatbots: rule-based and natural lan-
guage-based. Two major companies which declared 
the use of chatbots of each type are chosen for ex-
perimental comparison. The two chosen companies, 
Lotte.com and Interpark, are the leading on-line 
shopping companies in Korea. Both the companies 
launched its business at the same time (September, 
1997) for the first time in Korea. Interpark’s chatbot, 
called Talk Jibsa, is a rule-based chatbot as announced 
by the company. On the other hand, Lotte.com an-
nounced that their chatbot called Samantha is a natu-
ral language processing-based chatbot. 
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Ⅱ. Conceptual Background

2.1. Chatbot

Chatbot refers to an interactive interface system 
which uses agent-based artificial intelligence system. 
Chatbot can interact like a human. Chatbots are pieces 
of software that are usually used as an interface be-
tween a company and its customers. The tasks per-
formed by these bots can range from simple technical 
support for products to ordering products offered 
by the company (Keszocze et al., 2019). In recent 
years, the market for chatbots has grown rapidly. 
Many companies offer frameworks with varying fea-
tures and pricing models (Amir, 2017). 

Chatbots have been introduced in various in-
dustries including messenger services (Kim et al., 
2017). Some case studies have been reported, for 
example, in news media industry (Roto, 2006) and 
marketing channel management (Han, 2017). 

Chatbots are typically used in dialogue systems 
for various practical purposes including customer 
service or information acquisition. Some chatbots 
use sophisticated natural language processing sys-
tems, but many simpler ones scan for keywords within 
the input, then pull a reply with the most matching 
keywords, or the most similar wording pattern, from 
a database (Sidenko et al., 2019).

2.1.1. Rule-based Chatbot 

A rule-based system consists of five parts: the user 
interface, inference engine, knowledge base, conflict 
resolution strategies, and working memory. Inference 
engine deduces rules stored on the knowledge base 
that users must apply based on the input entered 
by a user through the interface.

There are numerous online Chatbots that have 

been built with a Rule based technology. Knowledge 
in the Rule based Chatbots is organized and presented 
with conversational patterns (Arsovski et al., 2019). 
The knowledge base among all is considered the 
key element to this system. The knowledge base con-
tains professional knowledge in a particular field ex-
tracted from human experts. Individual knowledge 
element is organized in the form of a set of rules. 
Each rule expresses instructions, recommendations, 
strategies, experiences, or relationships. A rule takes 
the form of a conditional declaration with ‘IF 
(conditions) THEN (action)’ structure. If a certain 
rule condition is met, the corresponding activity is 
executed or the target value is determined by selecting 
and applying appropriate rules.

As a system grows in the size of the knowledge 
base, complex combination of factor values is used 
to determine the target value. By incorporating the 
nature of a particular situation into the inference 
process, the system can execute optimal sequence 
of rules to solve complex problems in various areas. 
Sometimes explanatory natural language descriptions 
are used to present the inference path of rules fired 
until the final results are obtained. Rule-based systems 
have been applied in solving problems in many areas 
but where the rules were drawn. 

2.1.2. Natural Language Processing Based 
Chatbot

As an important sub-theme of artificial in-
telligence, the natural language processing aims to 
handle the understanding, analysis, and creation of 
human-like languages. Natural Language refers to 
a spoken language that people use in everyday life 
for a communicative purpose. Natural language is 
differentiated from the formal written language artifi-
cially compiled up based on grammatical rules, which 
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has been used by traditional computer systems. 
Natural language is semantically closer to the original 
intent of the assertion in the mind of the human 
designer, so natural language descriptions are easier 
and faster to formulate, and are less likely to contain 
errors than manually-generated formal assertion de-
scriptions (Keszocze et al., 2019).

Examples of the uses of natural language process-
ing include automatic translation, query response, 
information search and user-friendly interpretation 
of computer-processed results. When applied to chat-
bot, the natural language processing capability of 
the chatbot can convert voice, graphs, and texts into 
a comfortable interactive dialogue, vice versa. Human 
users would feel comfortable while exchanging in-
formation with machine. When applied to public 
service, scalable and flexible chatbot interaction can 
be provided for improved satisfaction of customers 
(Park, 2017).

The use of natural language processing-based chat-
bots is increasing recently due to the fast improve-
ments in computer performance and developments 
in machine learning capability of computers. Despite 
of such high prospect, research on consumer response 
in practice, especially in the context of mobile shop-
ping is scarce making heightened motivation of this 
research. 

2.2. User Experience

2.2.1. The Concept of User Experience

ISO (International Organization for Standardization) 
standards defines user experience (UX) as “a compre-
hensive concept that includes users’ preferences, be-
liefs, emotions, physical and mental behaviours and 
reactions, and perception that occurs before, during 
and after a product is used.”  Hassenzahl and 

Tractinsky (2006) define the user experience as ‘an 
experience that can be conclusively gained by the 
user’s internal state and system characteristics in 
any situation’. The user experience, thus, can be 
summarized as a continuous and holistic composi-
tion that combines the various aspects and circum-
stances that users encounter using a specific prod-
uct and leads to a specific judgment and action 
(Hassenzahl, 2018).

Roto (2006) notes that users create a compre-
hensive experience by changing their feelings and 
attitudes toward a product, influenced not just by 
the momentary gain from using the product, but 
also by expectations or prior knowledge. In this vein, 
the user experience is related to all aspects of users’ 
collective interaction with products, services, and 
companies. In summary, the user experience(UX) 
is the experience of a user from all memory, knowl-
edge, behaviour, and emotions that accumulate when 
he or she use a particular product or service. 

Identifying the needs of a user is a prerequisite 
to an asymptotic user experience. Then, it goes be-
yond simply providing what users say they want. 
In order to achieve a high level of user experience, 
companies are recommended to carefully provide 
services in marketing, engineering, and interface 
design. Further, the cultural and social factors as 
well as the usage context should also be scrutinized 
for high quality of experiences of interaction with 
users (Arhippainen et al., 2003).

Extending this concept, users’ experience in the 
interaction with computer systems can be consid-
ered to related to all processes of interaction be-
tween a user and the device, contents, usage contexts 
and system interfaces (Kim, 2012). Konstan and 
Reidl (2012) suggest to go beyond the accuracy 
of a prediction system during the design of both 
algorithms and systems and to take into account 
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user experiences. In suggesting a new type of cogni-
tive search system, the difference from traditional 
search systems is highlighted in the sense that the 
new approach improves the user experience (UX) 
through optimization factors such as response time, 
ease of use, friendly interface, and user interaction 
(Mamani et al., 2012).

In this vein, we may define the user experience 
with chatbot as all perception, cognitive con-
sequences, and emotions, expectations that users de-
velop before, during and after the use of chatbot 
systems.

2.2.2. Assessing User Experience

The Honeycomb Model is a diagram introduced 
by Peter Moville in his book “Search 2.0: Evolution 
of Discovery (Morville, 2006)”. This model serves as 
a good tool for the evaluation of usability and other 
dimensions and goals related to experiences. Morville’s 
Honeycomb model is a survey instrument to assess 
the usability of a system based on seven components: 
Usefulness, usability, attractiveness, searchability, ac-
cessibility, reliability and value (Morville, 2004). It 
helps us to measure the user experience from a 
holistic perspective using seven different aspects of 
the user experience. These user experience assess-
ments help us to understand different aspects for 
diverse situations.

In this study, we reconstructed the model into 

five factors to fit into the chatbot situation. The pur-
pose is to compare rule-based vs. natural language 
processing-based chatbots. The definitions of the five 
dimensions is summarized in <Table 1>. 

Ⅲ. Research Method

3.1. Experimental Treatment: Chatbots 

Treatment 1: Interpark’s Talkjipsa, a Rule 
Based Chatbot

The ‘Talkjipsa’ from Interpark is the most 
well-known rule-based chatbot in South Korea. The 
rules of Talkjipsa recognizes different needs of users 
and respond. Talkjipsa draws answers based on pre-
defined Q&A. It is designed to search for products 
that users want while gradually making choices in 
pre-determined categories. For example, in order to 
search for black T-shirts for men, the chatbot searches 
clothes, then go through men’s clothing, and gradu-
ally reduce the range to the next colour requirements 
category. (Equipment-> Male Clothing-> T-shirt cat-
egory)

Treatment 2: Lotte.com’s Samantha, a Natural 
Language Processing-based Chatbot

‘Samantha’ by Lotte.com is the representative natu-

<Table 1> User Experience Assessment Dimensions

Variables Definition
Usefulness Whether the products, services, systems are truly useful to users.
Usability In using products and/or services, whether the user can have fewer concerns or difficulties in usability.

Searchability If a user is able to find relevant information or services they need easily and flexibly.
Reliability Measures if users can trust in the service for both direct and contextual purposes.

Attractiveness Whether the experiences satisfy human five senses in terms of mental and emotional aspects. 
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ral language processing-based chatbot in South 
Korea. Samantha is much younger than Interpark’s 
Talkjipsa. It understands conversations with users 
in a natural language and answers based on cumu-
lative learning. Unlike Talkjipsa. A user of Samantha 
types "Find me a black T-shirt" to make the chatbot 
search for the product they want. Talkjipsa and 
Samantha represent two different approaches of chat-
bot technologies. This study aims to use these real 

contexts for a semi-field experiment to study practical 
implications of the two technologies experimentally.

3.2. Measurement of Dependent Variables 

Five dependent variables were included in the 
research. They are usefulness, usability, searchability, 
reliability and attractiveness. Following the practice 
of existing literature we reviewed, the dependent vari-

<Figure 1> Interpark’s Talkjipsa <Figure 2> Lotte.com’s Samantha

<Table 2> Survey Contents by Assessment Element

Variables Definition

Usefulness

Did the chatbot help spending less time searching for products compared to typical online shopping?
Did you get help form chatbot when choosing a product?
Was the chatbot more convenient compared to traditional online shopping methods?
Did the chatbot service provide useful information?

Usability
Was the entire process from product discovery to selection seamlessly connected?
Was the overall screen configuration easy to browse?
Could you sort the products recommended by Chatbot in different ways?

Searchability

Was it easy to find the product you want?
Could you search for similar products?
If there was no product you want, did it give you a further search advice?
Was the search provided sufficiently detailed product information?

Reliability

Could you trust the product recommended by Chatbot Service?
Were chatbot services reliable?
Could you trust the price of the product that the Chatbot found?
Could you trust the information that the Chatbot recommended?

Attractiveness

Were you satisfied with the experience of the chatbot service?
How satisfied were you with the use of the chatbot service?
Are you willing to use it again?
Are you willing to recommend the chatbot service to others?
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ables were measured using a questionnaire with 20 
questions in the form of Likert-type 5-poimt scale. 
<Table 2> summarizes the questionnaire items of 
the research instrument used to measure the five 
dimensions of the user experience, the dependent 
variables.

3.3. Experimental Procedure

Eight seven students from the Business School 
of Hanyang University served as research subjects. 
Hanyang University is one of the typical major uni-
versities in Korea. The students are considered to 
represent major group of on-line shopping consum-
ers in terms of age strata and the level of education. 
Most of the participants were in their 20s and ac-
customed to use smartphones. 

Repeated measurement approach was used in the 
experiment The subjects were told to use both 
Talkjipsa and Samantha and fill up the questionnaire 
administered by the research team. The subjects were 
randomly divided into 2 groups for alternating 
sequence. One group was told to use Talkjipsa first, 

and the other group was told to use Samantha first. 
The major charicteristics of the experimental proce-
dure is summarized in <Table 3>. 

Ⅳ. Study Results 

4.1. Data Collection and Data Analysis

The experiment produced 79 usable sample data 
after excluding 8 incomplete responses. The number 
of male subjects was slightly larger than the number 
of female subjects. 76% of the subjects were under 
age 24 (and over 18), and all the subjects were under 
age 30. 47% of the subjects had previous experiences 
in using chatbots. And the major purpose of their 
previous use of chatbots was the consultation with 
regard to the services they used. Diverse locations 
were used by the subjects in using computers and 
shopping sites. 

In each experimental session, all participants were 
told to take a note of the task completion time imme-
diately after they chose the product they wanted to 

<Table 3> Experimental Procedure

Participants Students of Business School, Hanyang University, Seoul, Korea
(second, third and fourth year)

Attendance benefits Souvenir, class participation score

Nature of experiments
Test kit

Repeated Measures Approach with mixed sequence
Treatment 1: Talkjipsa (Rule-based chatbot)
Treatment 2: Samantha (NLP- based chatbot)

Experimental duration
Time limit to complete the task
10minutes for session 1 + 10minutes for session 2 
Total 20minute were allowed to finish.

Experimental task Selecting a desired product using the given Chatbot

Experimental 
processes

Group 1 and Group 2 were randomly divided.
Session 1: Group 1 used Talkjipsa first and Group 2 used Samantha first. After completing the task 

using the first chatbot, the subjects were asked to fill up the study questionnaire.
Session 2: Group 1 used Samantha and Group 2 used Talkjipsa first and filled up the study questionnaire 

after completing the task.
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purchase. The average time to use Talkjipsa was 2.01 
minutes and the average time to use Samantha was 
2.32 minutes. 

The summary of the demographic nature and 
basic statistics of the 79 subjects is presented in 
<Table 4>.

4.2. Correlation Analysis

The correlation coefficients and mean standards 

deviation between the variables are shown in <Table 
5> and <Table 6>. 

Rule-based Chatbot (Talkjipsa) Use Sessions

With regard to the Talkjipsa session, the factor 
analysis using the Verimax method showed that factor 
loadings ranged between 0.654 and 0.799. The in-
ternal consistency of the scales as measured by 
Cronbach Alpha value were consistently higher than 

<Table 4> Basic Statistics of the Nature of the Experimental Subjects

Gender Age
male

female
53%
47%

under 24
25~29

76%
24%

Experience with chatbot use Type of use

have
have not

47%
53%

service consultation
delivery consultation

Shopping
Financial consultation

other

30%
14%
12%
11%
33%

Typical location of the use
Home

Public transport
Company, School

Others or any location

22%
12%
10%
56%

<Table 5> Correlations among Variables in Rule-based Chatbot (Talkjipsa) Use

　 Usefulness Usability Searchability Reliability Attractiveness

Usefulness
Pearson Correlation 1 .424** .373** .321** .430**

Sig. .000 .001 .001 .000

Usability
Pearson Correlation .424** 1 .493** .406** .394**

Sig. .000 .000 .000 .000

Searchability
Pearson Correlation .373** .493** 1 .591** .501**

Sig. .001 .000 .000 .000

Reliability
Pearson Correlation .321** .406** .591** 1 .600**

Sig. .001 .000 .000 .000

Attractiveness
Pearson Correlation .430** .394** .501** .600** 1

Sig. .000 .000 .000 .000

Note: **Correlation is significant at the 0.01 level
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0.7 making all the variables judged to be reliable 
to use for further analysis. The results of KMO and 
Bartlett’s statistics were 0.796 and significant at 0.000. 
<Table 7> shows the result of the factor analysis.

Natural language Processing-based (Samantha) 
Chatbot Use Sessions

With regard to the Samantha session, factor analy-
sis using the Verimax method showed that factor 
loadings ranged between 0.711 and 0.828. The in-
ternal consistency of the scales as measured by 
Cronbach Alpha were higher than 0.7 making all 
the variables judged to be reliable to use. The results 

of KMO and Bartlett’s statistics were 0.772 and sig-
nificant at the level of 0.000. <Table 8> summarizes 
the results of factor analysis.

4.3. Patterns of Experimental Outcome 
Scores and Overall Comparison

The average scores of the five outcome variables 
are depicted in <Figure 3>. 

Samantha, a natural language processing-based 
chatbot was superior than Talkjipsa in terms of useful-
ness and usability. On the other hand, the response 
scores with regard to the rule-based chatbot, Talkjipsa 
were higher than Samantha in 2 dependent variables: 

<Table 6> Correlations among Variables in NLP -based Chatbot (Samantha) Use

　 Usefulness Usability Searchability Reliability Attractiveness

Usefulness
Pearson Correlation 1 .488** .297** .342** .302**

Sig. .000 .001 .001 .001

Usability
Pearson Correlation .488** 1 .415** .466** .559**

Sig. .000 .000 .000 .000

Searchability
Pearson Correlation .297** .415** 1 .360** .472**

Sig. .001 .000 .001 .000

Reliability
Pearson Correlation .342** .466** .360** 1 .319**

Sig. .001 .000 .001 .001

Attractiveness
Pearson Correlation .302** .559** .472** .319** 1

Sig. .001 .000 .000 .001

Note: **Correlation is significant at the 0.01 level

<Table 7> Factor Analysis Results and Reliability of Variables

N of items Factor Loading Cronbach’s alpha Total explained Variance (%)
Usefulness 4 .654 .795

72.513
Usability 4 .714 .779

Searchability 4 .798 .748
Reliability 4 .792 .746

Attractiveness 4 .799 .753
Kaiser-Mayer-Olkin : .796, 
Bartlett’s chi-squared : 118.379, The degree of freedom : 10, Sig. : .000
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searchability and reliability. The difference in the 
scores of attractiveness were not as big asa the other 
variables. The score of Talkjipsa was slightly higher 
than the one of Samantha.

<Table 9> shows the result of t-test comparing 

the average values of the dependent variables. All 
the differences between the two type of technology 
were signigicant. One notable result is that the minor 
superiority of Talkjipsa in attractiveness was also 
found significant.

<Table 8> Factor Analysis Results and Reliability of Variables

N of items Factor Loading Cronbach’s Alpha Total explained Variance (%)
Usefulness 4 .659 .754

78.455
Usability 4 .828 .783

Searchability 4 .711 .739
Reliability 4 .778 .747

Attractiveness 4 .744 .722
Kaiser-Mayer-Olkin : .772  
Bartlett’s chi-squared : 125.267, The degree of freedom : 10, Sig. : .000

<Figure 3> Average Assessment Scores of the Dependent Variables

<Table 9> T-test Results of Outcome Variable Comparison of Means

Talkjipsa
(rule base)

Samantha
(NLP base) t p

Usefulness 3.12 3.33 2.848 .001
Usability 3.37 3.67 2.877 .000

Searchability 3.65 3.16 4.508 .000
Reliability 3.71 3.34 2.995 .000

Attractiveness 2.98 2.95 2.229 .003
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The result is interesting as Samantha’s machine 
learng technology is said superior in every sense of 
technology. It is also closer to natural language than 
Talkjipsa. However, practical response to the two 
technology by users were not consistent to the techno-
logical expectation, which may reflect the view of 
developers.

4.4. Itemized Comparison of the 
Experimental Outcome Scores

As shown in <Table 9> the practical responses 
to the superiority of technology is inconsistent despite 

the technical superiority of the natural languare-based 
chatbot, which use machine learning algorithm. To 
clarify the comparison by examining differences item 
by item, we performed a further itemized comparison 
between the two technology using all the 20 items 
of dependant variables.

<Table 10> summarizes the itemized scores of 
dependent variables of the two experimental sessions. 
In terms of Usefulness, Interpark’s Talkjipsa score 
was slightly higher than Samantha in help and useful-
ness of information, but Samantha was way high 
in search time and shopping convenience than 
Talkjipsa. 

<Table 10> Itemized Assessment Score Comparison

Evaluation item Talkjipsa
(rule base)

Samantha
(natural language
processing base)

t p

Usefulness

Search Time 2.85 3.63 3.232 .000
Chatbot’S Help 3.37 2.96 2.313 .000

Shopping Convenience 2.78 3.65 3.609 .000
Useful Information 3.48 3.06 2.241 .002

Usability

Execution Process 3.34 3.81 2.674 .000
Search Process 3.30 3.78 2.988 .000

Screen Configuration 3.29 3.89 3.356 .000
Alignment Method 3.53 3.20 2.491 .001

Searchability

An Easy Search 3.63 3.52 2.554 .000
A Similar Product 3.84 2.82 6.345 .000
Additional Search 3.82 2.61 6.679 .000

Detailed Information 3.48 3.54 2.455 .001

Reliability

Recommendation Reliability 3.51 3.59 2.248 .001
Chatbot Reliability 3.68 3.47 2.298 .000

Price Reliability 3.86 3.08 3.831 .000
Information Reliability 3.78 3.23 3.604 .000

Attractiveness

Usage 3.05 3.20 2.254 .001
Product Satisfaction 3.15 3.06 2.225 .003

Reuse Purpose 2.85 2.76 2.237 .003
Recommendation 2.86 2.78 2.201 .004
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Among the 4 items of Usability, Samantha scores 
were higher than Talkjipsa in 3 tiems (execution 
process, search process, and screen configuration). 
The score of Talkjipsa was higher in alignment meth-
od (supporting flexible sorting) than Samantha. But 
the difference was not as big as the other items.

With regard to Searchability, Talkjipsa was superi-
or in 3 out of 4 items (ease of search, reaviewing 
similar products, performing additional search). 
Samantha was superior in detail of information, but 
here again the difference was not big. 

In terms of Reliability, Talkjipsa was higher than 
Samantha again in 3 out of 4 items (chatbot reliability, 
trustworthiness of price information, and in-
formation reliability). Samantha’s score in recom-
mendation reliability was slightly higher than that 
of Talkjipsa.

In terms of attractiveness, Talkjipsa was superior 
to Samantha in the level of satisfaction, reusability, 
and recommendation to others, and Samantha was 
superior to Talkjipsa in usage attractiveness. However, 
the differences in all the four items were not very 
big.

Ⅴ. Conclusion 

This experiment compared and analysed the us-
ability of two different types of chatbots used in 
mobile shopping sites; rule-based (Talkjipsa) and nat-
ural language-based (Samantha). The natural lan-
guage-based Samantha is based on machine learning 
algorithm technology, which is newer and considered 
as superior than traditional rule-based technology. 
So, the conventional expectation prefers Samantha 
to Talkjipsa in every sense. We can easily expect 
that users do not have to go through the hierarchies 
of categories presented by the rule-based chatbot 

when they use natural language processing query.
However, different to the conventional wisdom, 

the two types seem to had relative pros and cons 
in practice. Rule-based chatbot was superior in 
searchability and reliability. On the other hand, natu-
ral language processing-based chatbot was superior 
in usefulness and usability. Rule-based chatbot pro-
vided more complicated search, but was considered 
less intuitive. Interestingly, although natural lan-
guage-based interaction was supposed to be easier 
to use and flexible, some users seem to prefer to 
use guided search of rule-based chatbots, especially 
when they are not familiar to use chatbots.

Several reasons can be considered. One possible 
reason is the familiarity of user interface to the exist-
ing base of users. Users are still feel more comfortable 
toward the structured interfaces than the less struc-
tured natural language interaction. In this regard, 
designers of chatbot systems should be advised to 
consider such social perception and havits in design-
ing different aspect of a chatbot, rather than applying 
new technique in every aspects of the interface. 

Another reason can be the amount of interaction 
data and the speed of growth of the amount of data 
to be used for machine learning. Samantha, after 
learning sufficiently from past customer interaction, 
may respond to users with more convenience and 
comfort. However the amount of such practical inter-
action data is not comparable to typical development 
settings such as Go game. So the learning speed 
must be limited. However, this expectation that 
Samantha will do better in the future is still based 
on technical assuptions without considering why 
users are in favour of the structured interfaces of 
Talkjipsa in such a large number of functional items. 

In both chatbots, the level of reuse intention and 
recommendation for others were not as high as 
expected. The results mean that the level of matura-
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tion in the design of interfaces is still in the stage 
of developing in both technologies. 

College students of Hanyang University served 
as research subjects and Peter Mobil’s Honeycomb 
model was used as the frame of reference to evaluate 
the quality of experience. As typical experimental 
studies using students as research subjects, we need 
to excuse the limited external validity and general-
izability in term of the type of users. However, due 
to the nature of the experimental task (mobile shop-
ping task) the subjects we used in this study can 
be considered as largely similar to the major group 
of users are young people with high familiarity to 
on-line shopping. We believe college students taking 
MIS course tend to represent this group of re this 
group of consumers so that the sample selection 
is not very far from general practices.

In future research, two considerations can be in-
corporated: generalizability and maturation effect. 
As we used college students as research subjects, 
systematic extension of the user groups in older or 
younger ages will be a natural extension of this 
experiment. We expect that, the growth in terms 
of the rule set of rule-based chatbot and data set 
in natural language-based machine learning chatbot 
will make evolutionary differences. Study of dynamic 
evolution of the effects of the two types of chatbots 
will help companies to find the right policy for the 
establishment and transformation of the use of chat-
bot technologies. Further, a future research may test 
the effectiveness of the use of customized design 
of interaction to different types of users (Tanya et 
al., 2017).
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