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USER PERCEPTION OF CHATBOTS IN A MOBILE COMMERCE ENVIRONMENT

ABSTRACT

In the contemporary landscape, artificial intelligence (Al) is rapidly growing, and organizations are continuously adopting
smart technologies. Coupled with chatbots, Al is seen as a critical element in digital transformation and has the power to
completely reshape and transform the way customers communicate with organizations. However, there are few empirical
investigations on the impact chatbots have on their users. In this context, this article investigates the implementation of
interaction heuristics, language, and anthropomorphism in chatbot applications, using a 2x3 experimental research design
with mobile commerce videos. The study explores to what extent heuristics related to chatbots can influence perceptions
of trust, satisfaction, and purchase intention. The findings of this research confirmed that the use of human-like images
and language increases user satisfaction. Social presence in the online environment through anthropomorphic features can
also create greater satisfaction. Therefore, organizations, developers, designers, and marketers should focus on choosing
a human-like appearance as well as anthropomorphic language cues to enhance satisfaction and provide a better overall
user experience.

Keywords: Chatbots; Artificial Intelligence; Mobile Commerce; Consumer Behavior
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1. INTRODUCTION

Mobile commerce, also known as m-commerce, refers
to the use of wireless portable devices such as cell
phones and tablets to conduct online commercial tran-
sactions, including buying and selling products, online
banking, and bill payments (Tong, Luo & Xu, 2019).

The activity of m-commerce is on the rise, and accor-
ding to the Mobile Marketing Association (MMA), pro-
jections indicated a tenfold increase in investments
across all mobile marketing categories between 2019
and 2022. Consumers are purchasing more products and
services through mobile devices, reaching a revenue of
$1.7 trillion in 2023. The proportion of mobile devices
has consistently increased over time, from 43% in 2018
to a projected 63% by 2028 (Statista, 2024).

The evolution of conversational user interfaces, digi-
tal customer service channels, and generative Al will
significantly transform customer service and support
by 2028 (Gartner, 2023). Retailers are developing and
intensifying the use of virtual assistants, such as
chatbots and voice bots, with the aim of reaching
and informing a larger number of customers about
promotions, product launches, and seasonal offers.
The level and quality of interaction through chatbots
establish a closer and more humanized connection
with consumers (Capgemini, 2019).

Al was long regarded as a futuristic imagination or
theoretical construct (Kumar et al., 2016). However,
the development of Al is accelerating rapidly and is
transforming nearly everything connected to human
life. In fact, robots or autonomous systems are progres-
sively emerging and have already begun to increasingly
replace human labor (Jonke & Volkwein, 2018). This
future scenario of intelligent machines and bots that
function and react like humans previously existed only
as a theoretical possibility. Currently, the development
of chatbots is more than present in many sectors and
is seen as a popular trend (Davenport et al., 2019).

Technological development has driven and facilitated
productive discussions about the use of Al. Despite
being in the early stages of implementing models
like ChatGPT and Google Gemini, it is possible to per-
ceive the power that Al solutions can generate as they
become ubiquitous (Krasodomski et al., 2024)

The Al evolution has led various innovators to want
to incorporate emerging technology opportunities in
their respective fields. One of these fields where the
system has been used is in the development of chatbot
applications. Chatbots are described as simulating
online interactions with humans, while consulting a
database created by natural language input (Kumar
et al., 2016).

Sterne (2017) defines chatbots as an application of an
Al program that mimics conversations and interactions
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with users. The fields of application for chatbots are
numerous. However, one of the most popular fields
is chatbots for purchasing tickets and searching for
or buying products online. Many companies have
already recognized this trend and have followed suit
by implementing chatbots in their services (Zarouali
et al., 2018).

According to the Mobile Marketing Association (MMA) in
2018, more than 54,000 chatbots were already available
and active on Facebook’s messaging app (Statista,
2017). Major Brazilian brands have begun offering
chatbots as a customer service, such as Magazine
Luiza, Via Varejo, and Bradesco, to be available 24/7
for their customers (Tong, Luo & Xu, 2019). However,
the chatbot trend is not limited to restricted markets,
as it is expected to grow on a global scale (Van den
Broeck, Zarouali, & Poels, 2019).

One of the biggest advantages of chatbots for compa-
nies is their availability, as they can be used 24/7. The
use of chatbots as customer service on applications
like Facebook is highly profitable and attractive for
companies. Most companies can interact with their
customers through individual communication on a
personal device thanks to chatbots (Jonke & Volk-
wein, 2018).

Al agents allow companies to create new direct tou-
chpoints with customers and offer communication
automation. Automated interaction with customers
is not only used to reduce costs but also to increase
customer satisfaction (Kumar et al., 2016). Customers
can communicate 24/7, regardless of working hours
or business hours. Thus, companies can save on per-
sonnel costs while still offering customer service. The
use of chatbots offers consumers the opportunity to
get customer support, obtain personalized recom-
mendations, and click to buy on messaging apps
(zarouali et al., 2018).

Therefore, exceptional benefits for companies include
the opportunity to offer customer service 24/7, reduce
costs, create direct contact with the customer, and
increase customer satisfaction and purchase intention
(Shankar, 2016). As the above section describes, it is
highly desirable for companies to achieve customer
satisfaction and purchase intention. Chatbots can
have enormous advantages for companies, howe-
ver, they must be implemented correctly. Oke et al.,
(2016) states that users generally distrust intelligent
technologies such as chatbots. In other areas of
technology, it is well-researched that trust is a cri-
tical factor in user adoption of interactive systems
(Murphy & Dweck, 2016).

Previous studies have shown that although chatbots
were able to provide information and perform basic
tasks, they significantly failed to respond empatheti-
cally, undermining customer support, impacting user
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interaction and satisfaction (Corti & Gillespie, 2019).
Researchers Jain et al. (2018) noted that when novice
users do not understand the capabilities and limita-
tions of chatbots, they have high expectations and
consequently become more frustrated when chatbots
fail and do not meet expectations.

Other research shows that user trust in chatbots for
customer service was affected by factors related to
the specific appearance of the chatbot, specifically
the quality of its human appearance (Luo et al., 2019).
Another significant challenge for chatbot adoption is
that interactions with them often do not feel natural
or human (Zarouali et al., 2018).

Thus, the primary desire of a user is to experience
a natural conversation with a chatbot that seems
human (Jonke & Volkwein, 2018). It is suggested to
create a chatbot as human-like as possible. Social
or human cues, such as language style, can influence
and enhance the perception of anthropomorphism
(Hofacker, Malthouse & Sultan, 2016).

Similarly, Davenport et al., (2019) states that the quality
of a virtual assistant’s dialogue can lead to improved
customer satisfaction. Solomon et al. (2014) argues
that not only the language style, referred to as tex-
tual information, evokes online reliability, but visual
cues also play a crucial role. Visual cues, such as the
chatbot’s appearance, are design features to make
chatbot interactions seem more natural and human-like
(zarouali et al., 2018). Tong, Luo & Xu (2019) suggest that
consumers even prefer the female gender in chatbot
appearances, although most brands and companies
do not use human images or animations and instead
create logos for their online services.

In fact, most e-service websites generally lack human
appearances, which can harm the purchase intention
of potential customers as well as trust development, as
online interactions with social presence are believed
to be crucial in building customer trust (Solomon et
al., 2014).

Therefore, this research will examine the effects of
chatbot appearance, i.e., a human, an animated per-
son, and an organizational logo of Magazine Luiza. The
Magazine Luiza chatbot, also known as Lu, was created
by the retail chain to help with customer service and
improve post-sales process agility (Hofacker, Malthouse
& Sultan, 2016).

As the primary factor determining chatbot adoption
and use is perceived anthropomorphism, two crucial
factors will be examined. Alongside chatbot appea-
rance, the perceived humanity of chatbot language
will be explored. Thus, this research further examines
chatbot language, which can be robotic or human
(Sterne, 2017).

The current development of chatbots for mobile mes-
sengers is still in its infancy and, due to its novelty,
there is currently little or no research on the anthro-
pomorphic features of visual and linguistic chatbots
in the mobile messenger interface environment (Tong,
Luo & Xu, 2019).

Many companies only use the company logo in cha-
tbot design to interact with their customers. However,
theories such as social presence theory suggest that
the mere presence of a human image can have a
better impact on user engagement with the chatbot.
Thus, implementing anthropomorphic cues in terms
of chatbot appearance and language may have a
better impact on user perception compared to just a
logo. Therefore, it is important to know if users trust
different types of chatbots depending on the degree
of anthropomorphic characteristics of the appearance
or language (Davenport et al., 2019). Implementing the
correct chatbot design in companies can not only lead
to user trust but also increase satisfaction and pur-
chase intention, which are crucial for business success
(zarouali et al., 2018). Consequently, the objective of
this research is formulated in the following research
questions:

RQ1: To what extent does chatbot appearance influence
trust, satisfaction, and purchase intention?

RQ2: To what extent does robotic/human language
influence trust, satisfaction, and purchase intention?

RQ3: To what extent do the effects of chatbot appea-
rance on trust, customer satisfaction, and purchase
intention depend on the robotic/human language
used for interaction?

RQ4: To what extent are the effects of chatbot appea-
rance and robotic/human language on trust, satis-
faction, and purchase intention mediated by trust?

This research is divided into several sections. Firstly,
chapter two describes a theoretical framework with
the dependent variables (trust, satisfaction, purchase
intention) and independent variables (chatbot appea-
rance, language) of this research.

The hypotheses are derived from the framework and
followed by the research model of this study. Secondly,
the research methods and designs are elaborated on
in chapter three.

The results of this research are presented in chapter
four, followed by chapter five, which presents a dis-
cussion of the results. Finally, the limitations of this
research and a conclusion are presented.

2. THEORETICAL FRAMEWORK

Anthropomorphism is the attribution of a set of cha-
racteristics—both physical and non-physical, behaviors,
emotions, and attributes—that are like humans to a
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non-human agent or animated object (Epley et al.,
2007). Historically, anthropomorphism has significant
roots and documentation, with the earliest drawings
from 30,000 years ago depicting animals with human-
-like bodies (Dalton, 2004).

In human-computer interaction, anthropomorphism
is typically triggered by anthropomorphic cues, whe-
reby characteristics, behaviors, or design elements
that ascribe human qualities to inanimate objects or
artificial agents within information technology (IT) are
employed. Anthropomorphism could influence IT users
(Burgoon et al., 2000; Epley et al., 2007).

Anthropomorphic characteristics developed from
anthropomorphic design are multifaceted and include,
for example, voice recognition, voice synthesis, and
computer-generated graphical representations of
human-Llike faces or bodies, including facial expres-
sions and gestures, among others (Woods, 2015; Li
et al., 2016).

However, anthropomorphism is not just about addres-
sing the visual or auditory aspects of interaction in
a more human manner but also about making the
overall interaction between the user and the computer
more human-like. The pursuit of natural language
in chatbots’ interactions with users is ongoing, and
the demand for more contextualized, sensitive, and
semantically correct behaviors and responses would
promote a more trustworthy experience in interac-
tions and elevate the perception of human similarity
(Abdul-Kader & Woods, 2015; Li et al., 2016).

The ramifications of this evolution can be observed
in features like exclusive voice recognition, friendly
appearance, and personalized user interfaces that
we utilize (Haas et al., 2020). The most current tech-
nological products are agents or virtual assistants,
such as Apple's Siri and Amazon’s Alexa, and OpenAl’s
ChatGPT. Robust e-commerce platforms like Amazon
and Alibaba have incorporated chatbot and voice
shopping features into their devices, demonstrating
the enormous potential of this interaction (Klaus &
Zaichkowsky, 2020).

In the United States, only 15% of smart speaker users
regularly make purchases via voice commands, indica-
ting a wide array of opportunities (Voicebot.ai, 2021).
Although these agents lack a physical body, humans
tend to seek interpersonal relationships and social
connections through increasingly deeper communi-
cations and interactions (Fan et al., 2017) with both
animated and inanimate agents.

Only a few empirical studies have been conducted
on the human-like appearance of a chatbot and its
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anthropomorphic effect (Van den Broeck, Zarouali, &
Poels, 2019).

For this reason, this research explores the aspects of
anthropomorphic visual features more closely, using
a human image, an animated human, and a logo in a
mobile-commerce environment. Based on the results
of previous sections, the following hypothesis was
formulated:

H1: The perception of (a) trust, (b) satisfaction, and (c)
purchase intention is higher when people are confron-
ted with a chatbot using a human image compared
to people using a chatbot with an animated image or
organizational logo.

In the last decade, new human-computer interfa-
ces have emerged, combining numerous human lan-
guage technologies that allow humans to interact and
communicate with computers using spoken or written
dialogue to access, create, and process information
(Davenport et al., 2019).

These platforms that mimic a conversation with a
real human being are called conversational interfaces
(Cls). Cls offer users the opportunity to communicate
with a computer (or chatbot) in their natural language
or, in other words, in human language, rather than a
specific syntax command (Jonke & Volkwein, 2018).

Natural language is not only a dependent variable in
this research. It is assumed that the chatbot’s language
affects the direction or strength of the relationship
between the chatbot's appearance and the indepen-
dent variables of trust, satisfaction, and purchase
intention (Luo et al., 2019).

In this research, high and low natural language is
displayed based on the main characteristics of Van
den Broeck, Zarouali, & Poels (2019) to clearly dis-
tinguish human and chatbot conversations. These
two conditions are named “robotic” for low natural
language and “human” for high natural language per-
formance (Zarouali et al., 2018). Based on the results
of the previous sections, the following hypotheses
were formulated:

H2: The perception of (a) trust, (b) satisfaction, and (c)
purchase intention is higher when people are confron-
ted with a chatbot using human language compared
to people using a chatbot with robotic language.

H3: The perception of (a) trust, (b) satisfaction, and
(c) purchase intention is higher when people are
confronted with a chatbot using both human image
and language compared to people using a chatbot
with a logo or animated image and human language.
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H4: The perception of (a) trust, (b) satisfaction, and
(c) purchase intention is higher when people are con-
fronted with a chatbot using robotic language and an
animated image or logo compared to people using a
chatbot with robotic language and human language.

Analyzing the literature on the variables of this arti-
cle—namely, chatbot appearance and natural language
as independent variables, purchase intention, and
satisfaction as dependent variables—studies indicate
that trust plays a vital role in relation to both depen-
dent and independent variables. Therefore, trust is
seen as the mediating variable of this research. Based
on the results of the previous section, the following
hypotheses were formulated:

H5: The effects of chatbot appearance on (b) satisfac-
tion and (c) purchase intention are mediated by trust.

H6: The effects of natural language on (b) satisfaction
and (c) purchase intention are mediated by trust.

H7: Language moderates the impact of chatbot appea-
rance on (a) trust, (b) satisfaction, and (c) purchase
intention.

21. Research Model

Based on the reviewed literature and previous studies,
a research model was developed, illustrated in Figure
1. The objective is to explore the effects of chatbots’
appearance and language on trust, purchase intention,
and satisfaction.

3. METHODOLOGY

To investigate the effect of chatbot appearance and
language, this research employed a 2x3 design (Wie-
renga & Van der Lans, 2017). The three different condi-
tions vary in the chatbot’'s appearance: human image,

animated image, and organizational logo. These are
combined with two language factors: robotic or natural
(King, 2019). This three-by-two experimental design
is shown in Table 1.

The stimuli consisted of six different conversations on
the Facebook chatbot interface. Six different conver-
sational interfaces were created for this experiment.
The conversational interface displayed a Facebook
Messenger interface with three different chatbot appea-
rances and two different types of language (Jonke &
Volkwein, 2018).

The first type of chatbot was created with (1) a human
appearance, the second with (2) an animated human
image, and the third simply used the Magazine Luiza
logo (3). Each of the three chatbots displayed a con-
versational interface in either natural language (4) or
robotic language (5). These six different conditions
were shown as a video approximately 30 seconds long.
One of the six conditions was randomly assigned to
the participants.

Before interacting with the chatbot, participants needed
to read a scenario. This scenario described the option
of using the Lu (Magazine Luiza) chatbot on Facebook
to find an appropriate gift for a friend. Participants
had to watch one of the six videos in which the con-
versation with one of the chatbots was displayed. As
participants were unable to interact directly with the
chatbots themselves, they were asked to imagine
being the person interacting with the chatbot in the
provided video.

Three different photos were shown in the chatbot
conversation. As Davenport et al. (2019) found, users
prefer female appearances in chatbots, despite many
online brand animations or logos. Therefore, the dif-
ferent chatbot appearances were represented as (1)
a human, the second image (2) an animated human,
and the third image simply used the Magazine Luiza

Figure 1 - 2x3 Model

Chatbot Appearance
Fuman Purchase
Animated * Intention
Logo ]
Trust
Language /
Human
Robotics Satisfaction
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Table 1

2x3 Experimental Design with 6 Conditions
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Chatbot Appearance

Natural Language

Language
Robotic Language

logo (3). The images used for the chatbot are illus-
trated in Figure 2.

Figure 2. Images of Chatbot Appearance

mMagatu

2) Humanized 3) Logo

Chatbot

1) Human
Image

Each of the three chatbots displayed a conversatio-
nal interface in either natural language (4) or robotic
language (5). Van den Broeck, Zarouali, & Poels (2019)
identified differences between human conversations
and those with chatbots in terms of words per mes-
sage, words per conversation, vocabulary richness,
closed questions, and word exclusivity. Additionally,
people interacted with chatbots for longer periods

Human Animated Logo

Conversation Conversation  Conversation

1 2 3

Conversation Conversation  Conversation

1 2 3

but with shorter messages compared to interactions
with another human.

These elements were implemented in the two diffe-
rent types of conversation. An example of these two
conditions is presented in Figure 3, showcasing the
humanized appearance of the chatbot.

After participants viewed one of the six conditions,
they completed an online questionnaire to measure
the effects. For this study, a manipulation check was
conducted as an indicator of the internal validity of
the experiment (Hofacker, Malthouse & Sultan, 2016).

The manipulation check was performed to investigate
whether the manipulation of chatbot appearance and
language was effective. First, a one-way ANOVA and
Post Hoc test were conducted for the chatbot appea-
rance, followed by a t-test for the language (Favero
& Belfiore, 2017).

In this experiment, participants responded to 7 items
on a 5-point Likert scale regarding the appearance of
the chatbot. The semantic scale ranged from 1 ‘strongly

Figure 3. Human and Robotic Language Conversation with Animated Image.

-l F 15:45 R EYLT
& magazineluiza.com.br <
Iy o)
Fale com a Lu = (x)

0i, eu sou a Lu!

Eu posso te ajudar com o status do

pedido, rastreio, 2* via de boleto &

nota fiscal, trocas e cancelamentos.
e Me conta, do que voc precisa?

O Lu, querta a segunda via do meu
boletn, pode me ajudar?

Té com o ndmero do seu pedida? Viou
precisar dele!

Estou sim

Legal! Ma passa por aqui que eu vejo
e rapidinhe pra ve

6541500378538322

Agora, me passa o ndmero do seu

o =

-l T 15:45 LRl kXL

& magazineluiza.com.br (i
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|a! Mas se preferir, j pega aqui o
ndmero para pagamento:
237912292860001720324310000469
09875910000200880

CQuer minha ajuda pra mais alguma

o =

Fale com a Lu

Tudo bem entio!

Ew adorei conversar com vc & Mas
me conta: eu consegui le ajudar com

o © que vock precisava?

o/ Ebal E 0 que vc achou da minha

e
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agree’ to 5 ‘strongly disagree. Thus, a lower average
value indicated a higher perceived anthropomorphism
of the chatbot’s appearance (Malhotra, 2015).

To determine if there were statistically significant
differences between the means of the three chatbot
appearance groups—human, animated, and logo—a
one-way ANOVA was conducted. Initially, the seven
chatbot appearance items were combined into a new
variable in SPSS. Subsequently, a one-way ANOVA was
performed to check for significant differences between
the meanings of the three groups. Additionally, a Post
Hoc test was executed to explore where the differences
occurred between the groups (Maréco, 2018).

The results from the ANOVA test indicated a significant
effect on the three conditions. Specifically, the values
showed significant differences M = 1.91, with F (2, 221)
=13.13, p < 0.001 among the three groups. Moreover, a
Post Hoc test confirmed where the differences occurred
between the groups (Wierenga & Van der Lans, 2017).

The test results indicate a significant difference bet-
ween the human group and the animated group, p <
0.001, as well as between the human group and the
logo group, p < 0.001. However, the Post Hoc test also
revealed no significant difference between the anima-
ted and logo groups (p = 0.954). The results confirm
the assumption that a chatbot with a human image is
perceived as more human than the animated image
and the Magazine Luiza logo (Favero & Belfiore, 2017).

In addition to the chatbot appearance groups, this
research created two different language groups (human
and robotic) for the independent variable ‘language.
Participants had to respond to 7 items on a 5-point
Likert scale regarding the perceived anthropomorphism
of the chatbot’s language (Malhotra, 2015).

Similarly, the semantic scale ranged from 1 ‘strongly
agree’ to 5 ‘strongly disagree, and a lower average value
indicated a higher perception of anthropomorphism. An
independent samples t-test was conducted to confirm
whether there were significant differences between
the means of the two language groups (Mardco, 2018).

The t-test results showed significant differences bet-
ween robotic language (M = 2.44, SD = 0.91) and human
language (M = 1.84, SD = 0.91), with t (222) = 5.52, p <
0.001. These statistically significant results suggest that
respondents recognized the two different language
styles in the study. However, the difference between the
two language group means is not as large as expected
(Wierenga & Van der Lans, 2017).

3.1. Participants

For this experiment, a total of 267 participants com-
pleted the questionnaire. However, 43 questionnaires
were excluded due to incomplete responses or par-
ticipants not meeting the criteria for this research.

Thus, the dataset used in this study consists of 224
respondents.

The average age of the participants was M = 24.5 years,
SD =7.5. Additionally, most respondents, specifically
74, hold a high school diploma, followed by 61 indi-
viduals with a bachelor’s degree. Furthermore, 51
respondents have some college credit but no degree,
and 19 hold a master’s degree. Finally, 12 participants
have an associate’s degree, 2 individuals have less
than a high school diploma, and 2 have a doctoral
degree. Moreover, 83% use Facebook Messenger and
have interacted with a chatbot before.

The online survey was created using Qualtrics, and
the chatbot interaction videos were designed with the
online tool Bot preview. The main study survey was
distributed through online channels such as email,
social media (Facebook, Instagram, and WhatsApp)
(Tong, Luo & Xu, 2019).

Subsequently, participants were required to read a
scenario where they imagined being in a situation
where they wanted to buy products on an e-commerce
site for electronics for a friend’s wedding. Participants
were asked to imagine being the person interacting
with the chatbot and to watch the video carefully.

Afterward, one of the six chatbot interaction videos
was randomly assigned to the participant. During the
video, the chatbot appeared with a human image,
animated image, or logo. Along with the three different
chatbot appearance options, the chatbot engaged in
either robotic or human-like language.

Following the video interaction, participants were
asked to complete the questionnaire. The survey
included sets of questions regarding the chatbot’s
appearance, language, satisfaction, purchase intention,
and trust (although the trust data were not used for
further analysis).

To investigate the performance of the items in this
survey concerning other variables, a construct validity
test was conducted through factor analysis, explained
variance, eigenvalues, and Cronbach’s alpha calculation
to assess reliability (Favero & Belfiore, 2017).

To verify the validity of the study, a factor analysis was
performed. A total of 24 items were analyzed, divided
into 5 factors, which correspond to two dependent
variables and three independent variables (Malhotra,
2015). The aim was to determine whether the variables
measured what they were intended to measure and
whether the five factors were distributed across the
expected five constructs.

Table 2 shows the SPSS factor analysis, with the depen-
dent and independent variables represented. The
items for the chatbot appearance, language, trust,
satisfaction, and purchase intention variables were
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portrayed. Items for the chatbot appearance, language,
and purchase intention variables ended up in one
factor column, indicating that these items measured
what they were supposed to measure. However, items
for the satisfaction and trust variables were found in
the same column, suggesting that the two variables
measured the same factor instead of two separate
ones (Favero & Belfiore, 2017).

Trust and satisfaction were strongly correlated within
their measures; however, it is not conceptually pos-
sible to merge them into a single construction. It
was hypothesized that trust would have an expected
mediating effect, which must be rejected due to the
elimination of the variable. Furthermore, all hypothe-
ses containing the effects of trust must be rejected
(Solomon et al., 2014).

Additionally, the explained variance for all variables
is 68.33%. Higher percentages of explained variance
indicate a stronger association. Thus, the variance
explained in this study had a relatively high score and is
therefore acceptable. Although the explained variance
did not exceed 70%, it can still be significant, as it
indicates that the regression model has statistically
significant explanatory power (Favero & Belfiore, 2017).

Eigenvalues indicate the strength of transformation in
a specific direction. Each eigenvalue for each factor in
this study is greater than 1, indicating that the items
in this survey are valid (Mardco, 2018).

The reliability of this research was tested by calculating
Cronbach’s Alpha for the variables to assess internal
consistency, i.e., how closely related a set of items is
as a group (Wierenga & Van der Lans, 2017).

A summary of Cronbach’s Alpha for each variable is
shown in Table 2 of the validity factor analysis. Each
Cronbach’s Alpha for the four variables—chatbot appea-
rance, language, satisfaction, and purchase intention—is
above 0.7, suggesting that the items have relatively
high internal consistency and, therefore, confirm an
acceptable level (Favero & Belfiore, 2017).

4. RESULTS

In this study, six different conditions were designed
to examine the influence of these conditions on the
dependent variables of satisfaction, purchase intention,
and confidence (though confidence was eliminated and
is no longer used from this point onward) (Murphy &
Dweck, 2016).

First, a Multivariate Analysis of Variance (MANOVA) was
conducted to analyze the survey data involving more
than one dependent variable at a time (Malhotra, 2015).
The MANOVA explored the hypotheses about the effects
of the two independent variables (chatbot appea-
rance and language) on the two dependent variables
(satisfaction and purchase intention). Additionally,
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the main effects of visual appearance, language, and
the chatbot on satisfaction and purchase intention
were elaborated (Maroco, 2018).

The following section provides a more detailed expla-
nation of the non-existent interaction effect. Finally,
an overview of the supported or rejected hypotheses
is presented. This study used MANOVA to examine the
different effects of the independent variables (chatbot
appearance and language) on the dependent variables
(confidence, satisfaction, and purchase intention). The
results are presented separately for each dependent
variable (Favero & Belfiore, 2017).

Before analyzing the MANOVA results, Wilks' Lambda
was calculated to check the overall effect between the
two independent variables (Malhotra, 2015). Table 3
shows the descriptive statistics of the independent
variables, chatbot appearance and language.

Observing the first main effect of this study, chatbot
language, it can be stated that there is a main effect
of chatbot language, with A = 0.952, F (3, 216) = 3.625,
p = 0.014. Additionally, the second main effect, cha-
tbot appearance, has a significant value of A = 0.945,
F (6, 432) = 2.084, p = 0.054, which means there is no
significant main effect of chatbot appearance. Howe-
ver, the p-value is nearly significant (p = 0.054), and
therefore will be considered in this analysis and not
discarded, even though it is an insignificant result
(Favero & Belfiore, 2017).

Regarding the interaction between the two main
effects, language * chatbot appearance, it indicates
that there is no significant interaction effect between
the two groups, with A = 0.961, F (6, 432) = 1.444, p =
0.197. The hypotheses of this research expected that
the language variable would moderate the impact of
chatbot appearance (Mardco, 2018). However, Table
3 shows that there is no significant interaction effect
between the two independent variables and, therefore,
no moderation effect as was expected. For this reason,
Hypothesis 7 (H7) must be rejected.

The main effects of the independent variables, chatbot
appearance and language, on the dependent variables
(satisfaction, purchase intention) were further explo-
red in the following sections. As shown in Table 4, the
effects between the independent variables (chatbot
appearance and language) and the dependent varia-
bles (satisfaction, purchase intention) were measured.
The results indicate a main effect between language
and satisfaction, with \(p = 0.033 \) (\(F = 4.612 \)),
and between chatbot appearance and satisfaction,
with \(p = 0.016 \) (\(F = 4192 \)) (Wierenga & Van der
Lans, 2017).

The satisfaction items in this study were measured
using a 5-point Likert scale, ranging from 1 = ‘stron-
gly agree’ to 5 = ‘strongly disagree’. The Bonferroni
results from the MANOVA reveal a difference among
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Table 2

Factor Analysis of Validity

Factor 1: Chatbot Appearance (a = .914) 1 2 3 4
The impression of the chatbot's image seemed lively. .81

The impression of the chatbot's image seemed animated. .78

The impression of the chatbot's image seemed natural. 79

The impression of the chatbot's image seemed interactive. Al

My impression of the chatbot's image seemed natural. .81

My impression of the chatbot's image seemed human. 79

My impression of the chatbot's image seemed realistic. .83

Factor 2: Chatbot Language (a = .933) 1 2 3 4
My impression of the chatbot's language seemed natural. .85

My impression of the chatbot's language seemed human. .85

My impression of the chatbot's language seemed realistic. .85

My impression of the chatbot's language seemed lively. .82

My impression of the chatbot's language seemed animated. .76

My impression of the chatbot's language seemed natural. .80

My impression of the chatbot's language seemed interactive. .69

Factor 3: Trust (a = .840) 1 2 3 4
The chatbot was trustworthy. 77

The chatbot was authentic. .68

The chatbot was competent. 79

The chatbot was agile.. 79

Factor 4: Satisfaction (a =.809) 1 2 3 4

I am satisfied with the chatbot's interface. .57

My choice to ask the chatbot about a product was sensible. .63

| am satisfied with the way the chatbot assisted me. .70

Factor 5: Purchase Intention (o = .884) 1 2 3 4
It is very likely that I will purchase via mobile. .76
I intend to purchase a product within 3 months. 91
I intend to purchase a product within 6 months. .90

the three chatbot groups (human, animated, logo).
Survey respondents were most satisfied with the human
appearance chatbot (M = 1.84, SD = 0.085), followed by
the animated image (M = 1.95, SD = 0.081), and lastly,
the logo (M = 2.95, SD = 0.082), with \(F (2, 218) = 4192
\), \(p = 0.016 \) (Favero & Belfiore, 2017).

It was hypothesized that participants would have a
higher perception of satisfaction when confronted
with a chatbot displaying a human image compared

to those interacting with a chatbot displaying an
animated image or organizational logo. Therefore,
Hypothesis (H1b) that satisfaction perception is higher
when people interact with a chatbot using a human
image compared to a chatbot with an animated image
or organizational logo, can be confirmed based on the
results (Malhotra, 2015).

Respondents in this study were most satisfied with a
chatbot using human language (M = 1.87, SD = 0.067)
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Multivariate Test; Descriptive Statistics of Independent Variables

Effect Value F
Language lambda

Group de Wilks 952 3625
Chatbot lambda

Group de Wilks 945 2.084
Language lambda

Group* de Wilks 961 1443
Chatbot

Group

compared to robotic language (M = 2.08, SD = 0.067), with
\(F (1,218) = 4.612 ), \(p = 0.033 \). It was hypothesized
that participants would perceive higher satisfaction
when interacting with a chatbot using human lan-
guage compared to those interacting with a chatbot
using robotic language. Therefore, Hypothesis H2b
can be confirmed according to the investigated results
(Mardco, 2018).

Table 4 shows that the results for purchase intention
indicate no main effect between language and purchase
intention, with \(p = 0.137 \) (\(F = 2.223 \)). Similarly,
there is no main effect between chatbot appearance
and purchase intention, with \(p = 0.226 \) (\(F = 1.346
\)) (Wierenga & Van der Lans, 2017).

It was hypothesized that participants would have a
higher purchase intention when confronted with a
chatbot displaying a human image compared to those
interacting with a chatbot displaying an animated image
or organizational logo (Murphy & Dweck, 2016). It was
also expected that participants would have a higher
purchase intention when interacting with a chatbot
using natural language compared to those interac-
ting with a chatbot using robotic language. However,
since there is no main effect of visual appearance and

Table 4
Between-Subjects Effects Test

Source Dependent Variables

Satisfaction

Language Group .
Purchase Intention

Satisfaction
Chatbot Group i
Purchase Intention

si Partial Eta
8 Squared

.014 .048

.054 .028

197 .020

chatbot language on purchase intention, Hypotheses
H1c and H2c should be rejected (Favero & Belfiore, 2017).

Although it has been previously claimed that there
is no interaction effect between the appearance and
language of the chatbot, a MANOVA was conducted to
measure the effects of the interaction between the
chatbot’s appearance and language on the dependent
variables (satisfaction, purchase intention).

Examining the interaction between the two main
effects (chatbot language and appearance) in Table &
indicates that there is no significant interaction effect
between the chatbot’s appearance and language,
with A = 0.961, F (6, 432) = 1.443, p = 0.197. Furthermore,
Table 5 shows that there is no interaction effect of
the chatbot’s language appearance on the two dif-
ferent dependent variables with p = 0175 (F = 1.756)
for satisfaction and p = 0.288 (F = 1.260) for purchase
intention (Malhotra, 2015).

It was expected, based on two hypotheses, that cer-
tain combinations of the three chatbot appearances
and language would lead to different effects on the
dependent variables of satisfaction and purchase
intention. However, as the effect of the chatbot’s
language appearance on the dependent variables is

df F Sig.
1 4,612 .033
1 2.246 137
2 4192 .016
2 1346 262
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insignificant, H3 and H4 must be rejected (Favero &
Belfiore, 2017).

4. Overview of Hypotheses

Table 6 provides an overview of the 7 hypotheses and
indicates whether they are supported or rejected based
on the results of this research.

5. DISCUSSION OF RESULTS

The aim of this study was to gain a better understanding
of the effects of using anthropomorphic characteristics
in the appearance and language of chatbots, imple-
menting visual or verbal human cues. The effects of
trust, satisfaction, and purchase intention concerning
online interactions with messenger chatbots were
explored. Six different conditions were created to test
the effect of anthropomorphism on chatbot appea-
rances (human, animation, and logo) and language
(human, robotic) on perceived trust, satisfaction, and
purchase intention. Language as a moderator and trust
as a mediator were examined.

To address these objectives, four research questions
were proposed: (1) To what extent does the chatbot’s
appearance influence trust, satisfaction, and purchase
intention? (2) To what extent does robotic/human
language influence trust, satisfaction, and purchase
intention? (3) To what extent do the effects of a cha-
tbot's appearance on trust, customer satisfaction, and
purchase intention depend on the robotic/human
language used for interaction? (4) To what extent are
the effects of the chatbot’s appearance and robotic/
human language on trust, satisfaction, and purchase
intention mediated by trust?

These research questions were answered through
an experimental design and seven main hypotheses.
The most significant findings from this research were
the confirmation of the two hypotheses related to
human image and language, leading to higher levels
of satisfaction among users. The reviewed literature
indicated that human-like cues, such as language style
or visual appearance, can influence and enhance the
perception of anthropomorphism (Jonke & Volkwein,
2018) and thus lead to improved customer satisfaction

Table 5

Between-Subjects Effects Test

Source Dependent Variables

Language Group* Satisfaction

Chatbot Group Purchase Intention

(Solomon et al., 2014). Observed studies suggest that
implementing anthropomorphic visual cues, using
a human image, increases the perception of social
presence, which positively influences satisfaction
(Murphy & Dweck, 2016).

Based on this literature finding, it was expected that
participants in this study would be more satisfied
with a chatbot displaying a human image rather than
an animation or logo. Additionally, it was anticipated
that respondents would be more satisfied with the
anthropomorphic linguistic features of the human
language group compared to the robotic language
group (Jonke & Volkwein, 2018).

The results of this study showed that participants were
most satisfied with the chatbot’s visual and linguistic
anthropomorphic features. Thus, these findings further
support the idea of implementing social presence in
the online environment through anthropomorphic
features to create greater user satisfaction. Moreover,
this finding has important implications for chatbot
development and design, aiming to create a better
user experience. Implementing anthropomorphic cues
in chatbots creates better user experience and results
in happier customers (Oke et al., 2016).

The reviewed literature indicated that online visual
features, such as the chatbot’s appearance, alongside
textual information, are factors that can lead to a
higher purchase intention (Murphy & Dweck, 2016).
Therefore, it was expected that human images in the
chatbot’s appearance would lead to a higher purchase
intention. Additionally, this research expected that
the human language group would score higher on
purchase intention compared to the robotic group
(Solomon et al., 2014).

However, the results of this research must reject this
assumption, as there is no main effect of the appea-
rance or language of the chatbot on purchase intention.
Research has shown that user trust in chatbots was
affected by factors related to the specific appearance
of the chatbot, specifically the quality of its human
appearance, which can be incorporated through diffe-
rent types of chatbot appearances and natural language
(Van den Broeck, Zarouali, & Poels, 2019).

df F Sig.
2 1.756 a75
2 1.260 .288
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Table 6

Overview of Hypotheses

Hypotheses Supported
Perceived trust is higher when individuals interact with a chatbot using a human image

H1a compared to those interacting with a chatbot using an animated image or organizational No
logo.

H1b Perceived satisfaction is higher when individuals interact with a chatbot using a human

image compared to those interacting with a chatbot using an animated image or orga- Yes
nizational logo.

H1c Perceived purchase intention is higher when individuals interact with a chatbot using a
human image compared to those interacting with a chatbot using an animated image or No
organizational logo.

Perceived trust is higher when individuals interact with a chatbot using natural language

H2a . . . . . . No
compared to those interacting with a chatbot using machine-like language.

Hob Perceived satisfaction is higher when individuals interact with a chatbot using natural Yes
language compared to those interacting with a chatbot using machine-like language.

Hoc Perceived purchase intention is higher when individuals interact with a chatbot using No

natural language compared to those interacting with a chatbot using machine-like language.

Perceived satisfaction is higher when individuals interact with a chatbot using a human
H3a image and natural language compared to those interacting with a chatbot using a logo No
or animated image with human-like language.

Perceived satisfaction is higher when individuals interact with a chatbot using a human
H3b image and natural language compared to those interacting with a chatbot using a logo No
or animated image with machine-like language.

Perceived purchase intention is higher when individuals interact with a chatbot using a
H3c human image and natural language compared to those interacting with a chatbot using No
a logo or animated image with human-like language.

Perceived trust is higher when individuals interact with a chatbot using robotic language
H4a with an animated image or logo compared to those interacting with a chatbot using robotic No
language and human language.

Perceived satisfaction is higher when individuals interact with a chatbot using robotic
H4b language with an animated image or logo compared to those interacting with a chatbot No
using robotic language and human language.

H5a The effects of the chatbot’s appearance on satisfaction are mediated by trust. No
H5b The effects of the chatbot's appearance on purchase intention are mediated by trust. No
H6a The effects of natural language on satisfaction are mediated by trust. No
H6b The effects of natural language on purchase intentions are mediated by trust. No
H7a Language moderates the impact of the chatbot’s appearance on trust. No
H7b Language moderates the impact of the chatbot’'s appearance on satisfaction. No
H7c Language moderates the impact of the chatbot’'s appearance on purchase intention. No
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Consequently, it was expected that anthropomorphic
cues would lead to higher perceptions of trust. Howe-
ver, factor analysis showed that trust results were
not statistically significant and were correlated with
satisfaction (Favero & Belfiore, 2017). Conceptually, it
was not possible to merge them and, therefore, had
to be eliminated. Trust data were no longer used for
further analyses and evaluations. One reason for the
insignificant results might be that this research used
only four trust items to gain insight into predicting par-
ticipants’ initial trust levels in chatbots. This scale was
overly simplified to measure online trust (Davenport
et al., 2019). Other items and factors should have been
considered, such as trust propensity, knowledge-based
trust, such as familiarity or brand reputation. Chatbots
collect confidential data, and thus perceived security
and privacy may have influenced trust perceptions
toward the chatbot as well. For this reason, the trust
variable could not be further explored (Zarouali et
al., 2018).

In turn, anthropomorphic visual and linguistic features
resulted in higher satisfaction among the users of
this study. This finding supports the theory of social
presence and shows that this theory applies similarly
to the mobile commerce environment with chatbots.
Furthermore, it helps chatbot designers and compa-
nies develop mobile commerce chatbots that satisfy
customers (Luo et al., 2019).

The visual appearance of chatbots and the importance
of the displayed language are seen as crucial synergy.
Additionally, previous studies have shown that voice
tone had a moderating effect on consumer responses
on social media, with an interaction between voice tone
and human facial characteristics (Jonke & Volkwein,
2018). Therefore, it was expected that the impact of
the chatbot’s appearance would depend on the cha-
tbot's language. Further research on this topic needs
to be conducted before the association between the
chatbot's appearance and chatbot language cues is
more clearly understood.

6. CONCLUSION

This study was developed to gain a better understan-
ding of the effects of using human or robotic charac-
teristics in the appearance and language of chatbots
in an online environment. Additionally, the effects
of the chatbot’s appearance and language on trust,
satisfaction, and purchase in mobile commerce were
explored.

The most notable finding was that respondents were
more satisfied with a chatbot using human image and
language. However, the implementation of these cues
did not increase purchase intention according to the
results of this research. Organizations and chatbot
designers should seek anthropomorphic cues in the

development and implementation of chatbots to
create a better experience for users interacting with
intelligent agents.

It is imperative to acknowledge the inherent limitations
of this study. The experiment should be conducted
in a more realistic and enhanced environment in the
future, in terms of design and research measures.
Specifically, measurement instruments for purchase
intention and trust need to be improved. More robust
trust scales with additional items could be used to
capture the complexity of online trust. Perceptions
of security and privacy could also be analyzed for
a comprehensive understanding of the influence of
trust in chatbots.

Thus, having real interactions between humans and
chatbots would test whether the results would be like
those of this research, as the uncanny valley theory
argues that many anthropomorphic cues can lead to
results contrary to this study. The related limitations
indicate that while the study has provided valuable
insights into the impact of anthropomorphic charac-
teristics on chatbots, some areas still require future
research to improve the validity and applicability of
the results in real-world contexts.
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