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This study sought to examine the effect of the quality of chatbot services on customer

satisfaction, repurchase intention, and positive word-of-mouth by comparing two groups,

namely chatbots with and without emotion words. An online survey was conducted for

2 weeks in May 2021. A total of 380 responses were collected and analyzed using

structural equation modeling to test the hypothesis. The theoretical basis of the study

was the SERVQUAL theory, which is widely used in measuring and managing service

quality in various industries. The results showed that the assurance and reliability of

chatbots positively impact customer satisfaction for both groups. However, empathy

and interactivity positively affect customer satisfaction only for chatbots with emotion

words. Responsiveness did not have an impact on customer satisfaction for both groups.

Customer satisfaction positively impacts repurchase intention and positive word-of-

mouth for both groups. The findings of this study can serve as a priori research to

empirically prove the effectiveness of chatbots with emotion words.

Keywords: chatbot, service quality, emotion words, human chatbot, artificial intelligence, customer satisfaction,

repurchase intention, positive word-of-mouth

INTRODUCTION

Rapidly improving digital technologies have changed the nature of services, customer experiences,
and their relationships with companies (Van Doorn et al., 2017). Technologies based on artificial
intelligence (AI) are considered a game-changer in many industries (Pillai and Sivathanu, 2020),
and the interface between businesses and customers are becoming increasingly technology-driven
rather than human-driven (Larivière et al., 2017). Innovative technologies, such as chatbots, AI, and
robotics, are disrupting the customer management systems of industries (Bowen and Morosan,
2018; Tussyadiah, 2020). In recent years, the burgeoning reliance on chatbots has culminated in
technological improvement (Huang and Rust, 2018). The COVID-19 pandemic has accelerated
the use of chatbots in many industries, which, in turn, has encouraged customers to utilize
online platforms. Under these circumstances, chatbots constitute a prominent AI system. They
are automated programs that offer support and assistance to humans in making purchases and
seeking information by communicating through text (Przegalinska et al., 2019; Ashfaq et al.,
2020). Chatbots were originally designed to perform simple tasks that require communication
through text. However, today, chatbots can also perform complex tasks such as providing shopping
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recommendations, setting up pre-orders, and performing tasks
using location-based services (Araujo, 2018), thus increasing
users’ accessibility, convenience, and cost-savings (Jang et al.,
2021). Chatbots are widely used in various industries, such as
finance, tourism, education, and healthcare. Several brands have
also adopted the digital service trend by offering 24 x 7 customer
support via chatbots. As they sell both brand value and image
in addition to their products, high-quality services and close
relationships with their customers are very important. Chatbots
offer a new layer of support, facilitating the accomplishment
of service-quality dimensions through personalized services in
order to meet customers’ needs anytime and anywhere. They are
designed to promote future brands and customer relationships by
providing information on global offline stores, access to personal-
service agents for product care, and conversational interfaces
that showcase the craftsmanship behind the products (Chung
et al., 2020). However, it has been repeatedly argued that the
robotic nature of chatbots (emotionless and artificial interaction)
disrupts the close relationship between brands and customers
online (Go and Sundar, 2019).Many customers consider chatbots
inhuman (Shumanov and Johnson, 2021), and they question their
reliability (Rese et al., 2020; Li et al., 2021). They believe that
chatbots are clumsier than humans with respect to emotional
tasks (Madhavan et al., 2006), and they tend to prefer human-
like chatbots (Wexelblat, 1998). Thomas et al. (2018) argued
that the conversation style of chatbots in an anthropomorphic
context impresses customers. Some researchers have insisted
on incorporating warmth in chatbot conversations in order
to increase the degree of personification, and the expression
of empathy is preferred over emotionless advice (Liu and
Sundar, 2018; Roy and Naidoo, 2021). Human-like chatbots
that recognize, understand, and express a variety of emotions
can contribute toward improving customer impressions and
attitudes, particularly toward the service and the company as
a whole. This study examines how the effect of the quality of
chatbot services on customer satisfaction, repurchase intention,
and positive word-of-mouth (WOM) differs when emotion
words such as happy, sorry, like, favorite, thank you etc., are
introduced in the communication systems of brands. Numerous
studies have verified the relationship between service quality
and customer satisfaction, WOM, and repurchase intention.
However, few have investigated the service quality with a focus
on chatbots, particularly the difference between the effects of
emotional and unemotional conversations.

LITERATURE REVIEW

Chatbot Service
A chatbot “is a machine conversational system that interacts with
human users using natural conversational language” (Shawar
and Atwell, 2005, p. 489) or “an artificial construct designed
to converse with human beings using natural language as
input and output” (Brennan, 2006, p. 61). Lester et al. (2004)
define chatbots as technologies that engage users in text-
based or task-oriented conversations using natural language on
websites and applications. Originally created for entertainment
purposes, they used simple techniques of matching keywords

(Shawar and Atwell, 2007). However, advances in disciplines
such as natural language processing and AI have substantially
enhanced the capabilities of modern chatbots in textual and
spoken communication (Shah et al., 2016). Firms from various
industries have utilized these functions and employed chatbots
for client interactions (Følstad and Brandtzæg, 2017). Winkler
and Soellner (2018) described four advantages of chatbots:
replacement of a personal assistant, facilitation of real-time
interactions, prediction of customer questions, and sophisticated
problem analysis. Whereas, human employees require time and
effort to understand and learn service processes, chatbots are
devoid of human error and weariness and work consistently,
providing homogeneous services with high degrees of reliability
(Wirtz et al., 2018; Meyer-Waarden et al., 2020). Therefore,
chatbot can be defined as around-the-clock personal assistants
that help build important customer–brand relationships. Chatbot
technology adoption is a new area of research that is being
examined from several perspectives. First, the technical aspects
of chatbots have been investigated, such as speech conversation
system technologies (Abdul-Kader and Woods, 2015) and
programming methodologies (Long et al., 2019). Second, several
studies have focused on human and chatbot interactions
to enhance customer purchases (Luo et al., 2019) and the
willingness of users to communicate with chatbots (Mirnig et al.,
2017). Third, studies have examined the utilization of chatbot
technologies in customer service in order to assess their usability
(Kang and Kim, 2017) and impact on customer satisfaction
(Chung et al., 2020) in various industries such as finance, tourism,
education, and healthcare (Quah andChua, 2019; Gunawan et al.,
2020; Zhang et al., 2020; Yin et al., 2021). According to Følstad
and Brandtzæg (2017), major companies like Google, Facebook,
and Microsoft consider chatbots as the “next big thing.” Chatbot
optimize the customers’ time by providing easy access to products
and provide in-depth insights on product performance (Zhang
et al., 2019). Chung et al. (2020) reported that chatbots increase
brand satisfaction by engaging customers to provide interactive
assistance. Therefore, many brands have incorporated chatbots,
recognizing their bright prospects and increasing popularity (Lee
and Choi, 2017). However, despite the increasing use of chatbots
by brands, related studies are significantly fewer than those for
other industries. There have been few attempts to verify the
important quality dimensions of chatbot services, particularly for
brands, which underscores the importance of this study.

Theoretical Background (SERVQUAL)
In the second half of the twentieth century, several researchers
attempted to develop systems for measuring the quality of
services (Parasuraman et al., 1985). Early literature has provided
a wide range of definitions for service quality. One perspective
has recognized technical quality to be measured as what the
customer actually receives from the service and functional quality
as the manner of service delivery (Grönroos, 1984). A second
perspective has indicated that services are jointly introduced
from providers to recipients over three dimensions: physical
features, corporate image or reputation, and interaction between
first-line service providers and end customers (Lehtinen and
Lehtinen, 1991). After multiple refinements, the SERVQUAL
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theory centered on five dimensions: reliability, tangibility,
responsiveness, empathy, and assurance (Parasuraman et al.,
1988). SERVQUAL has been developed further and has become a
key tool in measuring the quality of services. The developments
in SERVQUAL include E-SERVQUAL (Parasuraman et al., 2005),
the hierarchical model, and SERVPERF (Cronin and Taylor,
1992, 1994). SERVQUAL has been used in many industries and
has remained the most common instrument for assessing service
quality in research and practical fields. Asubonteng et al. (1996),
Seth et al. (2005), and Ladhari (2009) among others, consider
this model a valuable tool in assessing customer satisfaction.
Many research efforts have investigated the relationship between
quality of services and customer satisfaction (Zeithaml et al.,
1996; Olorunniwo et al., 2006; Kitapci et al., 2013). Several
studies have indicated that a positive relationship exists between
perceived service quality and customer satisfaction, or service
quality precedes customer satisfaction (Lee et al., 2000; Tam,
2004; Pan et al., 2010). Moreover, high service quality elevates the
brand name and increases brands’ excellence in service delivery
(Parasuraman et al., 1988). SERVQUAL is a well-established
tool for benchmarking as it undergoes significant field-testing
and improvement (Dagger et al., 2007). The SERVQUAL
model developed by Parasuraman et al. (1985) is chosen here
because it is the most widely employed model in managing
and measuring the quality of services in various industries.
However, tangibility, including physical facilities, personnel
appearance, and equipment, does not apply to the chatbot service
context. Tangibility refers to the importance of the physical
environment that influences customers’ behaviors (Zeithaml
et al., 1990). Parasuraman et al. (1988, 1991) interpreted the
ambient conditions, such as the atmosphere, temperature, noise,
and smell of a store, as tangible dimensions of service quality,
as they can be directly perceived by human senses. Since
such ambient conditions do not pertain to chatbots, it is
reasonable not to involve tangibility in chatbot conversations.
Customers expect to have the same levels of interpersonal
interactions online as they do offline (Sivaramakrishnan et al.,
2007). Satisfying customers’ expectations for interactions with
service agents can result in the satisfaction of customers, positive
WOM, loyalty, intentions of favorable purchase, and increased
profits (Reynolds and Beatty, 1999). Go and Sundar (2019)
assume that interactivity is essential for improving the humanity
of chatbot-based systems. The human-like characteristics of
chatbots improve the quality of conversations and promote
emotional and social connections (Biocca et al., 2003; Bente et al.,
2008). Moreover, the enhanced psychological effect of interacting
with a chatbot may lead to a good attitude toward the website
or brand (Araujo, 2018; Go and Sundar, 2019). Consequently,
customers are influenced by online interactions that are similar to
real-world ones in terms of purchase decisions and advice, time
savings, and/or para-social advantages (Holzwarth et al., 2006).
The interactivity of chatbots is important for achieving high-
quality customer services. However, it has not been considered
in many studies. Considering the interactivity dimension instead
of a tangible one, this study examines the conceptual model
of the improved SERVQUAL theory, which includes reliability,
assurance, responsiveness, interactivity, and empathy.

HYPOTHESIS DEVELOPMENT

Reliability of Chatbot Services
The reliability of organizations indicates their ability to deliver
the promised service accurately and dependably while ensuring
the safety of personal information (Parasuraman et al., 1988;
Janda et al., 2002). Many researchers have considered reliability
to be the most important indicator of the quality of service
(Dhingra et al., 2020). Wolfinbarger and Gilly (2003) argue that
organizational reliability highly influences customers’ judgments
on service quality online. According to Zhu et al. (2002), online
systems’ reliability positively impacts customers’ satisfaction and
their perceived quality of the overall service. Lee and Lin (2005)
strongly believed that reliability can significantly predict the
overall quality of services, purchase intentions, and customer
satisfaction. Moreover, they emphasized the importance of
reliability in technology-based services. Accordingly, we propose
the following hypothesis:

H1: The reliability of chatbot services positively impacts
customer satisfaction with the services.

Responsiveness of Chatbot Services
Responsiveness is a traditional SERVQUAL dimension and
represents the organization’s willingness and ability to deliver
prompt services and reactions in case customers have inquiries or
problems (Zeithaml, 2002). The organization’s ability to respond
timely to complaints and order confirmations through email
has been considered an important aspect of customers’ online
evaluations (Sharma, 2018). This is because customers expect
prompt online responses to their inquiries from the organization
(Liao and Cheung, 2002). Responsiveness plays a central role in
communicating with customers and can support internet-based
service providers in implementing various service functions on
the website (Lee and Kozar, 2006). In an online environment,
organizations must be courteous in their customer service, and
they should provide an adequate response to the customer. The
responsiveness of chatbots is an essential quality attribute that
can significantly improve the performance of chatbot systems (Li
et al., 2021). Thus, we propose the following hypothesis:

H2: The responsiveness of chatbot services positively impacts
customer satisfaction with the services.

Assurance of Chatbot Services
Parasuraman et al. (1988) defined assurance as the knowledge
and courtesy of an employee, and the ability to inspire trust
and confidence. Research on the shopping industry has shown
that employees’ language skills, attitudes, efficiency (Heung
and Cheng, 2000), and knowledge of the sales staff (Lin and
Lin, 2006) are given significant importance in determining
customer satisfaction. Assurance, measured by security and
trustworthiness in e-commerce settings, has also been supported
as an independent variable with a positive relationship with
customer satisfaction (Ribbink et al., 2004; Kassim and Abdullah,
2010). Li et al. (2021) found that assistance has a significant
relationship with confirmation and a positive relationship with
satisfaction. Assurance refers to trust, a feeling of safety, as well
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as a sense of comfort in conversations with and knowledge
of the chatbot. Based on these discussions, we propose the
following hypothesis:

H3: The assurance of chatbot services positively impacts
customer satisfaction with the services.

Interactivity of Chatbot Services
According to Heeter (1989), interactivity is defined as the extent
of similarity between technology and human discourse in the
communication exchange. Neuhofer et al. (2015) opine that
interactivity is occasionally considered a pivotal element in
providing customers with personalized services and ultimately
increasing customer engagement. A study on e-tailing indicates
that perceived interactivity positively impacts customers’ pleasant
feelings in their e-commerce experiences (Yoo et al., 2010).
Moreover, Shin et al. (2013) and Cho et al. (2019) found that
smart products’ perceived interactivity helps in creating positive
feelings and satisfaction with the product. As chatbot services
are smart services, it can be estimated that a high level of
interaction positively impacts customer satisfaction. Godey et al.
(2016) believe that interactivity positively impacts customer-
brand relationships in luxury businesses. Thus, we propose the
following hypothesis:

H4: The interactivity of chatbot services positively impacts
customer satisfaction with the services.

Empathy of Chatbot Services
Murray et al. (2019) defined empathy as the ability to understand,
identify, and respond to people’s thoughts, behaviors, feelings,
and experiences. Accordingly, empathy is a multidimensional
construct that involves affective, cognitive, and compassionate
perceptions (Powell and Roberts, 2017). Scholars have argued
that in the traditional service setting, customers will be more
satisfied with a brand when employees espouse empathetic
attitudes (Markovic et al., 2018). Moreover, Lee et al. (2011)
concluded that employee empathy directly impacts customers’
positive emotions, and there is a significant positive association
between positive emotions and satisfaction with the employee
relationship. The empathetic ability of social robots significantly
affects the intention to use robots (de Kervenoael et al., 2020).
Research has examined consumers’ responses to text-based
chatbots in the e-commerce context. It has shown that consumers
prefer chatbots that can understand their needs and respond
to them, ultimately yielding positive perceptions of chatbots
having high empathy (Chung et al., 2020). Thus, we propose the
following hypothesis:

H5: The empathy of chatbot services positively impacts
customer satisfaction with the services.

Customer Satisfaction With Chatbot
Services, Repurchase Intention, and
Positive WOM
Customer satisfaction represents the difference between
customers’ expectations from services and products before
purchase and their perceived service quality after purchase

(Oliver, 1980). It is the combined output of customers’
perceptions, evaluations, and psychological reactions to
their experience of consuming a product or service (George
and Kumar, 2014). Thus, customer satisfaction is widely
acknowledged as a critical component of marketing success that
has a vital role in enhancing the competitiveness of firms (Kant
and Jaiswal, 2017).

According to Bayraktar et al. (2012), repurchase intention is
defined as a personal judgment of availing a service more than
once and deciding to participate in a future activity with the
same service provider in the same form. Customer satisfaction
usually precedes a repurchase intention. Liao et al. (2017) found
a significant impact of consumer satisfaction on repurchase
intention in the service domain, and Larivière et al. (2016) argued
that customer satisfaction increases the profitability of the service
provider by fostering customers’ repurchase intentions.

WOM is a behavior on part of consumers, wherein they
inform others about their experiences with particular products
and services (Bowman and Narayandas, 2001). This can provide
a significant competitive advantage and have a strong impact on
product and service perception (Dagger et al., 2007). Nguyen
and Romaniuk (2014) found that WOM has a greater impact
than general advertising on individuals. Akinci and Aksoy
(2019) found that customer satisfaction plays an important
role in WOM. Verkijika and De Wet (2019) argued that users
communicate positively through WOM if they are satisfied with
their initial usage experience.

Many scholars have demonstrated that satisfaction is an
antecedent with a significant effect on repurchase intention
and WOM in various industries (Kassim and Abdullah, 2010;
Kitapci et al., 2014; Meilatinova, 2021). Thus, we propose the
following hypotheses:

H6: Customer satisfaction with chatbot services positively
impacts repurchase intention.
H7: Customer satisfaction with chatbot services positively
impacts positive word-of-mouth.

Figure 1 presents the conceptual framework of the perceived
quality of chatbot services.

METHODOLOGY

Research Design
This study was designed with due consideration for two
scenarios (a chatbot with emotion words vs. a chatbot without
emotion words), and a lab test was conducted. A service
failure scenario was used to investigate the service recovery
quality of the chatbot in such a situation. The respondents
were selected from among people experienced in purchasing
products from online brand shops. They were directed to
order goods from their favorite brands. However, a service
failure occurred with their orders, which was either a delivery
problem (late delivery or wrong address) or poor product quality
(wrong product/size/color or a broken/scratched product).
The respondents visited the official website of the brand to
report their issues, and an automatic chatbot appeared as a
representative customer service agent to solve their problems.
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The respondents were randomly assigned to one of two
simulated situations (a chatbot with emotion words vs. a chatbot
without emotion words). They were invited to experience a
simulated conversation with a chatbot designed by a group

of Ph.D. students. A set of emotion words generated for a
chatbot was selected from Huo et al. (2020), which included
words like “sorry,” “like,” “truly,” “thank you,” and “pity”
(Supplementary Table 1).

FIGURE 1 | Conceptual framework of the multi-dimension of chatbot service quality. This conceptual framework is an improved version of Parasuraman’s (1988)

SERVQUAL model considering the interactivity dimension to fit the chatbot service.

TABLE 1 | Demographic characteristics of the respondents.

Characteristics Emotion (n = 192) No emotion (n = 188)

Frequency Percentage Frequency Percentage

Gender Male 105 54.7 109 58.0

Female 87 45.3 79 42.0

Age 20–29 years 78 40.6 87 46.3

30–39 years 76 39.6 77 41.0

40–49 years 35 18.2 13 6.9

50–59 years 1 0.5 9 4.8

60 years or older 2 1.0 2 1.1

Monthly income <USD 1,500 30 15.6 22 11.7

USD 1,500–USD 3,000 48 25 61 32.4

USD 3,001–USD 4,500 38 19.8 28 14.9

USD 4,501–USD 6,000 59 30.7 51 27.1

Over USD 6,000 17 8.9 26 13.8

Education level Less than High school 0 0 0 0

High school 3 1.6 8 4.3

College/University 141 73.4 120 63.8

Master’s degree 47 24.5 60 31.9

Doctorate/PhD 1 0.5 0 0

Others 0 0 0 0

Marital status Single 61 31.8 67 35.6

Married 131 68.2 120 63.8

Divorced 0 0 1 0.5
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Sample Characteristics
Data were collected over a period of 2 weeks (May 2021). The
ratio of the total number of samples was derived by adding the
ratio of respondents in the two situations and halving it. Among
the 380 respondents, 56.3% were male, and 43.7% were female.
Those aged between 20 and 29 years (43.4%), and 30 and 39
years (40.3%) accounted for the largest portions of the sample.
Only 1.05% of the respondents were aged over 60 years. Most
respondents (28.9%) earned between USD 4,501 and USD 6,000
monthly. Those who earned between USD 1,500 and USD 3,000
ranked second (28.7%), and those earning between USD 3,001
and USD 4,500 ranked third (17.4%). Most respondents had
bachelor’s degrees from a college/university (68.7%), followed by
master’s (28.2%) and high school (2.9%) degrees (Table 1).

Development of the Measurement Model
To measure the service quality of chatbots, five dimensions,
namely interactivity, reliability, responsiveness, assurance, and
empathy with 15 items were developed by drawing from
Parasuraman et al. (1988) and Li et al. (2021). Six items were
adopted from Parasuraman et al. (1988), Li et al. (2021), and
Bagherzadeh et al. (2020) to measure customer satisfaction and
positive WOM. The dimensions were measured using a seven-
point Likert scale (1= strongly disagree, 2= disagree, 3= slightly
disagree, 4 = neutral, 5 = slightly agree, 6 = agree, 7 = strongly
agree). Repurchase intention was measured using three items on
a semantic scale that ranged from 1 to 7 (improbable to very
probable, impossible to possible, no chance to certain), which was
a modified version of the scale inMoriuchi et al. (2021). A total of
24 items were extracted from 8 dimensions and used in the final
measurement (Supplementary Table 2).

RESULTS

Measurement Model
The analysis was performed through SPSS 26.0 and AMOS 22.0.
Exploratory factor analysis, confirmatory component analysis,
correlation tests, and reliability tests were used to examine the
measurement’s internal consistency and validity. Subsequently, a
structural equation model was constructed to test the hypotheses
proposed in this study. To test the dimensionality of the
perceived service-quality dimensions, all 15 items were analyzed
using Varimax rotation through exploratory factor analysis.
The criterion of meaningful factor loading was set to 0.4
(Table 2).

The assessment of a variety of goodness-of-fit measures to
evaluate the overall model fit produced the following results
(chatbot with emotion words: CMIN/DF = 1.280, GFI = 0.890,
IFI = 0.972, TLI = 0.965, CFI = 0.972, RMSEA = 0.038;
chatbot with no emotion words: CMIN/DF = 1.443, GFI =

0.878, IFI: 0.955, TLI: 0.943, CFI: 0.954, RMSEA = 0.049). All
the goodness-of-fit indices were within acceptable limits. The
measurement model was tested for reliability and convergent
validity, which was assessed through the estimate, Cronbach’s
alpha, construct reliability (CR), and average variance extracted
(AVE) (Hair et al., 2013). Reliability demonstrated by Cronbach’s
alpha and CR value exceeded 0.7, and the AVE of all constructs

TABLE 2 | Results of exploratory factor analysis.

ASS INT RES EMP REL

Component (Emotion)

ASS1 0.902

ASS2 0.892

ASS3 0.868

INT3 0.898

INT2 0.873

INT1 0.856

REL1 0.885

REL2 0.835

REL3 0.820

EMP2 0.877

EMP3 0.846

EMP1 0.822

RES3 0.872

RES2 0.858

RES1 0.807

Component (No emotion)

ASS1 0.854

ASS2 0.846

ASS3 0.832

INT1 0.874

INT2 0.861

INT3 0.855

REL2 0.892

REL1 0.862

REL3 0.850

EMP3 0.873

EMP2 0.872

EMP1 0.825

RES2 0.850

RES3 0.846

RES1 0.838

ASS, assurance; INT, interactivity; REL, reliability; EMP, empathy; RES, responsiveness.

was above 0.5. Thus, the results indicate good reliability and
convergent validity as suggested by previous researchers (Fornell
and Larcker, 1981; Hair et al., 2006; Table 3). Table 4 presents
the results of the correlations matrix among constructs that have
a significant relationship and shows the constructs’ mean and
standard deviation.

Structural Model
To test the hypotheses, we used the structural equation model.
The overall fit indices showed an acceptable fit to the data
(chatbot with emotion words: CMIN/DF = 1.457; GFI = 0.872;
IFI = 0.953; TLI = 0.944; CFI = 0.952; RMSEA = 0.049;
chatbot with no emotion words: CMIN/DF = 1.527; GFI =

0.867; IFI = 0.943; TLI = 0.932; CFI = 0.942; RMSEA =

0.053). Chatbot service qualities had partially positive impacts
on customer satisfaction. For the chatbot with emotion words,
reliability (β = 0.202∗), assurance (β = 0.194∗∗), interactivity
(β = 0.375∗∗∗), and empathy (β = 0.186∗) positively impact
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TABLE 3 | Reliability and validity tests: with and without emotion words.

Variable Indicator Estimate t-value AVE Cronbach’s a CR

With W/out With W/out With W/out With W/out With W/out

Reliability REL1 0.870 0.825 10.756 12.164 0.642 0.693 0.828 0.867 0.843 0.872

REL2 0.771 0.848 10.188 12.442

REL3 0.758 0.825 – –

Responsiveness RES1 0.732 0.739 9.749 8.516 0.613 0.577 0.820 0.803 0.825 0.804

RES2 0.760 0.800 10.012 8.621

RES3 0.851 0.739 – –

Assurance ASS1 0.904 0.822 13.159 10.992 0.721 0.629 0.885 0.830 0.886 0.835

ASS2 0.850 0.733 12.662 10.035

ASS3 0.790 0.821 – –

Interactivity INT1 0.769 0.883 11.639 11.853 0.677 0.690 0.859 0.868 0.862 0.869

INT2 0.828 0.834 12.513 11.509

INT3 0.868 0.771 – –

Empathy EMP1 0.776 0.786 10.273 10.004 0.630 0.628 0.825 0.822 0.836 0.835

EMP2 0.805 0.813 10.501 10.150

EMP3 0.799 0.778 – –

Satisfaction SAT1 0.801 0.830 – – 0.685 0.682 0.862 0.854 0.866 0.865

SAT2 0.776 0.874 11.417 12.842

SAT3 0.900 0.771 12.982 11.435

Repurchase intention RI1 0.779 0.806 – – 0.658 0.657 0.828 0.834 0.852 0.852

RI2 0.807 0.835 11.090 11.471

RI3 0.846 0.790 11.472 10.995

Positive WOM WOM1 0.960 0.959 – – 0.569 0.614 0.809 0.833 0.791 0.822

WOM2 0.582 0.636 9.315 10.538

WOM3 0.668 0.720 11.548 13.014

With, emotion words; W/out, no emotion words; AVE, average variance extracted; CR, construct reliability.

Emotion words: CMIN/DF = 1.280; GFI = 0.890; IFI = 0.972; TLI = 0.965; CFI = 0.972; RMSEA = 0.038.

No emotion words: CMIN/DF = 1.443; GFI = 0.878; IFI = 0.955; TLI = 0.943; CFI = 0.954; RMSEA = 0.049.

customer satisfaction, thereby supporting H1, H3, H4, and H5.
Responsiveness (β = 0.062; P-value = 0.408) did not have a
positive effect on customer satisfaction. For the chatbot with no
emotion words, only reliability (β = 0.288∗∗) and assurance (β =

0.291∗∗) positively impact customer satisfaction, thus supporting
H1 and H3. Customer satisfaction positively impacts repurchase
intention and positive WOM in both cases, namely with and
without emotion words, as shown in Table 5, supporting H6
and H7. Thus, satisfaction is an important premise that impacts
customer behavior regardless of the chatbot’s humanity (Table 5).

DISCUSSION AND CONCLUSION

Owing to technological advancements, businesses can exploit
AI systems such as chatbots, to improve their marketing efforts
and maintain continuous customer relationships. However,
the problem of chatbots’ robotic nature interrupting effective
communication with customers has been recently argued,
insisting on the adoption of human-robot interactions. To
overcome this problem, this study sought to examine how
the service quality of chatbots with and without emotion
words, as perceived by customers, affects customer satisfaction,

repurchase intention, and positive WOM. The key findings are
summarized below.

First, the results showed that reliability and assurance
positively impact customer satisfaction with and without
emotion words in chatbot conversations. This is consistent
with Zhu et al. (2002), Lee and Lin (2005), and Kitapci et al.
(2014). Lee and Lin (2005) studied online shopping experiences
and found that reliability affects customer satisfaction. Kitapci
et al. (2014) studied the healthcare industry and estimated
that assurance affects customer satisfaction. Zhu et al. (2002)
studied the IT-based financial sector and found that reliability
and assurance influence customer satisfaction. Reliability can
be considered very important, particularly for brands that
sell brand image and value, not just products. Prominent
brands have successfully maintained their reputation for a long
time as their customers trust the quality of their products
and believe in their ability to deliver the promised services
efficiently. Customers expect their flawless in-store experience
to be replicated online. This study confirmed that assurance,
including employee knowledge, courtesy, confidence in their
ability, and trust, should be considered important in chatbot
services. Brands should convince customers that chatbots can
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TABLE 4 | Construct means, standard deviations, and correlations.

RI REL INT EMP ASS RES SAT WOM

Emotion

RI 0.811

REL 0.343 0.801

INT 0.418 0.173 0.823

EMP 0.366 0.306 0.199 0.793

ASS 0.435 0.242 0.190 0.292 0.849

RES 0.336 0.328 0.150 0.192 0.112 0.783

SAT 0.458 0.363 0.464 0.361 0.347 0.194 0.827

WOM 0.421 0.314 0.375 0.343 0.270 0.340 0.532 0.754

Means 5.288 5.413 4.469 5.118 5.089 3.807 4.752 5.056

SD 0.903 0.936 1.198 1.136 1.151 1.187 1.134 1.066

No emotion

RI 0.811

REL 0.244 0.833

INT 0.233 0.428 0.831

EMP 0.332 0.109 0.145 0.792

ASS 0.422 0.273 0.357 0.334 0.793

RES 0.088 −0.109 0.034 0.073 0.038 0.760

SAT 0.489 0.386 0.251 0.181 0.365 −0.060 0.826

WOM 0.394 0.141 0.191 0.110 0.402 −0.032 0.430 0.784

Means 5.390 5.082 4.943 5.541 4.307 4.676 4.897 5.076

SD 0.895 1.100 1.238 0.868 1.221 1.104 1.121 1.054

The square roots of the AVE for each construct are presented in bold on the diagonal of the correlation matrix. RI, repurchase intention; REL, reliability; INT, interactivity; EMP, empathy;

ASS, assurance; RES, responsiveness; SAT, customer satisfaction; WOM, positive word-of-mouth; SD, standard deviation.

TABLE 5 | Results of structural equation modeling.

Hypothesized paths Emotion No emotion

β t p Result β t p Result

H1: Reliability 0.202 2.550 0.011 Supported 0.288 3.244 0.001 Supported

→ Customer satisfaction

H2: Responsiveness 0.062 0.827 0.408 Not – – 0.631 Not

→ Customer satisfaction Supported Supported

H3: Assurance 0.194 2.652 0.008 Supported 0.291 3.161 0.002 Supported

→ Customer satisfaction

H4: Interactivity 0.375 4.996 *** Supported 0.030 0.332 0.740 Not

→ Customer satisfaction Supported

H5: Empathy 0.186 2.382 0.017 Supported 0.078 0.940 0.347 Not

→ Customer satisfaction Supported

H6: Customer satisfaction 0.517 6.045 *** Supported 0.521 6.153 *** Supported

→ Repurchase intention

H7: Customer satisfaction 0.572 7.605 *** Supported 0.456 5.908 *** Supported

→ Positive WOM

*p < 0.05, **p < 0.01, ***p < 0.001.

Emotion words: CMIN/DF = 1.457; GFI = 0.872; IFI = 0.953; TLI = 0.944; CFI = 0.952; RMSEA = 0.049.

No emotion words: CMIN/DF = 1.527; GFI = 0.867; IFI = 0.943; TLI = 0.932; CFI = 0.942; RMSEA = 0.053.

complete tasks properly online, where they serve as replacements
for live employees.

Second, responsiveness did not affect customer satisfaction in
both cases. This shows that customers focus more on accurate

and reliable services rather than rapid responses. Alternatively,
they may have low expectations of chatbot responsiveness as they
may understand that chatbots require time to comprehend the
script. However, if brands improve chatbot service systems by
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supplementing the responsiveness of their chatbots, it will have
a significant impact on customer satisfaction.

Third, the empathy and interactivity of chatbots with and
without emotion words had different influences on customer
satisfaction. Empathy and interactivity had a positive effect on
customer satisfaction when chatbots used emotion words but
did not affect customer satisfaction when chatbots did not use
emotion words. Empathy, which encompasses consideration
for customers and personal intimacy, is most important for
brands, and studies have claimed that they attempt to empathize
and communicate with customers to enhance their satisfaction
(Chung et al., 2020). This study determined that chatbots
with emotion are more familiar with customers, and that this
leads to increased satisfaction. The interactivity of chatbots is
important in online communication, where frontline employees
are not proximate to the customers. In social impact theory,
immediacy or closeness can be a major determinant for
increased communication (Sands et al., 2020). Interactivity,
which encompasses prompt reactions and problem-solving, can
lead to high customer satisfaction and sustain close relationships
between customers and the brand.

Implications
Theoretical Implications

This study has the following theoretical implications. First, it
extends the theoretical framework of the research on chatbot
service quality by adopting the interactivity dimension, which has
rarely been investigated in the context of brands. Thus, this adds
a new concept to the SERVQUAL model.

Second, this study investigated the emotional factors in
chatbot systems by providing new insights to the notion that
emotional chatbots can provide customers with a far more
effective communication service. This study also verified that
chatbots without emotion words can offer only reliability and
assurance, whereas chatbots with emotion words can offer
interactivity and empathy in addition to the above two factors.
This study provides experiential evidence for the effects of
emotional chatbot services and contributes to the literature on its
application in various industries incorporating AI-based services.

Practical Implications

The results also have several important managerial implications.
First, the verification of emotional chatbot effects implies that
corporate marketing managers must adopt emotional attributes
for chatbot services by reducing artificial and mechanical
aspects while developing new service domains online. Second,
interactivity and empathy for customers has a positive influence
on customer satisfaction for emotional chatbot services only.
This means that a brand communication strategy based on
interactivity and empathy are very important for brands that sell
not only products but also brand image and value. This implies
that brands must establish interactive communication strategies
to maintain their core image in order to secure their unique

market positions (Liu et al., 2012). It also implies that smooth
and accurate interactions are effective in building a positive brand
image (Emmers-Sommer, 2004). Third, this study indicated
that the responsiveness of chatbot services is not effective in
achieving customer satisfaction with or without the emotional
aspect, even though a rapid response is essential to maintain a
continuous relationship with customers (Gummerus et al., 2004).
This means that the responsiveness of chatbots must be improved
to strengthen customer relationships. Thus, corporate technical
managers should explore routes to improve the responsiveness of
their chatbot services.

Limitations and Directions for Future
Research
As with all empirical research, this study has some limitations,
which can be treated as opportunities for further research. First,
this study examined the quality of chatbot services provided
by brands. Thus, a more detailed investigation on the effect
of chatbot services in other service domains is essential for
generalizability. Second, this study investigated the differences
in service quality between chatbots with and without emotion
words in conversations with customers. Future research should
include an integrated study comparing the differences between
human agents using emotion words and those not comparative
study may offer a more meaningful conclusion. Third, as this
study verified the effect of emotional language in chatbot services,
future research should examine the use of other measures such
as voice and facial expressions. Finally, this study surveyed a
specific area, that is, the USA, which may limit the universality
of the results. Thus, future empirical studies must include
other countries and outcome variables for generalization and
objective comprehension.
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