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Abstract

Conversational agents (CAs) increasingly permeate our lives and offer us assistance for
a myriad of tasks. Despite promising measurable benefits, CA use remains below
expectations. To complement prior technology-focused research, this study takes a user-
centric perspective and explores an individual’s characteristics and dispositions as a
factor influencing CA use. In particular, we investigate how individuals’ self-efficacy, i.e.,
their belief in their own skills and abilities, affects their decision to seek assistance from a
CA. We present the research model and study design for a laboratory experiment. In the
experiment, participants complete two tasks embedded in realistic scenarios including
websites with integrated CAs — that they might use for assistance. Initial results confirm
the influence of individuals’ self-efficacy beliefs on their decision to use CAs. By taking a
human-centric perspective and observing actual behavior, we expect to contribute to CA
research by exploring a factor likely to drive CA use.

Keywords: Self-efficacy, Conversational agent use, Human behavior, User-centric,
Laboratory experiment

Introduction

Conversational agents (CAs) as a novel instance of user assistance systems increasingly permeate our
professional and private lives and offer us assistance for a myriad of tasks (Maedche et al. 2019). Although
they do not yet meet all expectations (e.g., regarding their capabilities) (Fotheringham and Wiles 2022),
they still provide a range of advantages (Grudin and Jacques 2019): In private contexts, CAs can make users’
lives easier, for example by presenting the latest weather forecast, reminding them of appointments, or
playing users’ favorite music (Gnewuch et al. 2017). Similarly, in professional contexts, CAs can assist
employees in decision-making or even take over complete tasks from them (Maedche et al. 2019), thus
enabling measurable benefits (Pfeuffer et al. 2019) such as increased productivity and efficiency
(Brandtzaeg and Folstad 2017; Pfeuffer et al. 2019). However, although users do confirm that using CAs
makes their everyday lives easier and more convenient (NIM 2019), user acceptance is still limited and,
thus, CA usage still does not meet expectations (Ben Mimoun et al. 2012). This may point to significant
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unrealized potential (Grudin and Jacques 2019). Hence, it is essential to understand what factors exert an
influence on whether people use CAs (Pfeuffer et al. 2019).

As a literature review by Riefle and Benz (2021) shows, extant research on CA use predominantly (79% of
investigated papers) takes a technology-focused perspective, focusing on technical aspects such as
advancing natural language processing capabilities (Gnewuch et al. 2017) or exploring the influence of
(anthropomorphic) design features on users (Rietz et al. 2019). However, the influence of human factors
on individuals’ decision to use CAs as assistance systems is not yet well understood (Riefle and Benz 2021).
This paper seeks to address this gap by putting the users and their individual characteristics in the center
of attention for explaining CA usage. In particular, we explore individual’s assessment of their own skills
and abilities, i.e., their belief in performing a task better or faster on their own, resulting in them not seeing
any need to use a CA. In a study testing a chatbot prototype as support for software engineers, Okanovic¢ et
al. (2020) notice that experienced software engineers, who need to run a system test, self-assess their own
skills and abilities as so high that they do not expect any performance improvement from CA assistance.
They believed to be more qualified to perform the task and would perform better without this assistance.
However, given that people tend to overestimate their own skills and abilities (Vetter et al. 2011),
completing the task with the assistance of a CA may likely be beneficial (Bansal et al. 2021; Hemmer et al.
2022; Schemmer et al. 2022). To understand how individuals’ evaluation of their own skills and abilities
influences their use of CAs, we draw on the concept of self-efficacy — defined as individuals’ belief in their
capacity to accomplish a task and achieve their desired goals (Bandura 1978).

The relevance of individuals’ self-efficacy beliefs for task completion and the decision to seek assistance
(e.g., from a CA) is further substantiated by extant research, identifying self-efficacy as an important factor
influencing individuals’ behavior (e.g., Bandura 1978; Cleavenger et al. 2007). Yet, empirical research on
the influence of self-efficacy (as a user trait) on the use of CAs is still missing, which is why we intend to
answer the following research question:

RQ: How does an individual’s self-efficacy influence the use of conversational agents?

This short paper presents the research design we apply to address this question. We measure the influence
of self-efficacy on CA usage by conducting a laboratory experiment, in which we observe participants’
actual behavior regarding CA use. In the experiment, participants (n=194) complete two tasks that are
embedded in realistic scenarios including websites with integrated CAs — that they might use for assistance.
We measure participants’ self-efficacy by means of questionnaires, expose them to two different tasks and
observe their usage of a CA option. Thereby we expect to show the influence of individuals’ self-efficacy
beliefs on their decision to use CAs as assistance system. By concentrating on the user perspective, we will
complement prior research by exploring a factor likely to explain CA use. This enables a more
comprehensive view on factors influencing CA use, which may eventually inform the individualized design
and facilitate successful CA acceptance and use.

The remainder of this paper is structured as follows: Section 2 outlines the self-efficacy theory including
prior studies examining self-efficacy as a determinant of human behavior and provides a brief overview of
the background on CAs. In Section 3, we derive our research model and hypotheses, while Section 4
presents the design of the empirical study and initial results. Section 5 concludes by giving an outlook on
the expected contributions and the next steps.

Theoretical Background

In this section, we outline the self-efficacy theory, that explains the link between individuals’ beliefs in their
own capabilities and subsequent behavior. Furthermore, we provide the foundations on CAs as an instance
of user assistance system.

Self-Efficacy as Determinant of Human Behavior

Bandura’s (1978) self-efficacy theory is one of the dominant theories explaining human behavior
(Tamilmani et al. 2020). Originally stemming from social psychology, self-efficacy theory has been adopted
in various fields of research, including management science, education, health care sciences, and IS (Rieder
and Rhyn 2020; Tamilmani et al. 2020). At its core, self-efficacy theory expresses that individuals’ behavior
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is considerably influenced by their own belief in their skills and abilities, i.e. their perceived capacity to
perform the actions required to achieve desired goals (Bandura 1978). People who believe they are capable
of performing some action not only undertake that action, but also perform it confidently and persist in face
of obstacles (Bandura 1982). In fact, crucial for their behavior is not what they are objectively capable of,
but what they believe they can do (Bandura 1997; Hsu and Chiu 2004). The stronger individuals’ belief in
their skills and abilities — i.e. the higher their self-efficacy — the more likely they are to perform an action
and persist until they succeed (Bandura 1978, 1982): A student with a high level of self-efficacy trying to
embrace arithmetic concepts will continue studying even if she has difficulties with some exercises. In
contrast, individuals with a low level of self-efficacy will likely give up trying to achieve the desired goals,
e.g., mastering mathematics, when challenges arise (Bandura 1978, 1982).

Self-efficacy can be distinguished in general self-efficacy, which is a broad and stable trait independent of
certain activity domains, and task-specific self-efficacy, which is specific to a task or context (Bandura 1997;
Luszczynska et al. 2005). Thus, besides a fundamental belief in their capacity to generally achieve desired
goals (varying in strength from person to person), there is also a task-specific facet of self-efficacy: While
an individual may have a high level of self-efficacy with respect to analyzing large amounts of data, she may
still show a low level of self-efficacy when it comes to presenting the results from the analysis. This is due
to the fact that both tasks require different, specific skills and abilities that individuals may or may not
believe they possess. Hence, their behavior and persistence in performing these tasks will likely be different.

The influence of self-efficacy beliefs on individual behavior has been demonstrated in several studies across
domains (Rieder et al. 2021): In IS, self-efficacy is predominantly studied with regard to individuals’ belief
in their ability to use technology such as a computer (Compeau and Higgins 1995). Researchers find an
indirect influence of individuals’ perceived capacity to operate a technology on their intention to use this
technology, which is mediated by its perceived ease of use (e.g., Cheng 2011). Looking at other disciplines,
self-efficacy is further studied in the context of personal health, education, or work. For example, Strecher
et al. (1986) find self-efficacy to be strongly related to health behavior change and maintenance, while
Stajkovic and Luthans (1998) highlight the impact of self-efficacy on work performance. Similarly, Multon
et al. (1991) report significant relationships between individuals’ self-efficacy beliefs and academic
performance and persistence. Against this background, Kitsantas and Chow (2007) reveal significant
correlations between students’ self-efficacy beliefs and their help-seeking behavior from peers and
instructors. This finding is especially interesting with regard to our study interests as we seek to understand
individuals’ use of CAs as assistance systems, which — to the best of our knowledge — has not been examined
before.

Conversational Agents as User Assistance Systems

User assistance systems (UAS) assist users with performing their tasks (Maedche et al. 2016). In contrast
to more basic UAS such as digital versions of handbooks, CAs are a novel instance of UAS that is enabled
by artificial intelligence and associated with advanced interaction capabilities. These capabilities allow them
to sense and adapt to their environment and thus to react to users’ current context and needs (Maedche et
al. 2016). CAs are defined as software-based systems that interact with the user in natural language (McTear
et al. 2016). According to their primary mode of communication, they are distinguished into text-based
CAs, called chatbots, and voice-based CAs, often referred to as intelligent agents or personal assistants
(McTear et al. 2016). Due to technological advancements in machine learning and natural language
processing, CAs have improved considerably over the last decades and are becoming increasingly popular
in research and practice (Gnewuch et al. 2017). Today, CAs offer assistance in a wide range of domains,
typically applied in messaging applications, on websites, or in the case of intelligent agents, embedded in
physical devices (Maedche et al. 2019; McTear et al. 2016): In customer service, chatbots may provide
prompt answers to users’ questions (Gnewuch et al. 2017; Riefle et al. 2022); in healthcare, special CAs can
assist physicians in disease diagnosis or support patients during treatment and recovery (McTear et al.
2016; Meier et al. 2019). Similarly, in private life, CAs such as Apple’s Siri or Amazon’s Alexa become
personal assistants that simplify the tasks of setting reminders, scheduling meetings, or checking news and
weather forecasts (Gnewuch et al. 2017). Nevertheless, users’ acceptance and use of CAs remains limited
(Grudin and Jacques 2019), urging researchers to investigate possible reasons in order to address and
eventually overcome identified acceptance barriers (Laumer et al. 2019).
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Extant research on the acceptance and use of CAs explores a range of influencing factors ranging from the
benefits offered by CAs to technical design features: Brandtzaeg and Folstad (2017) and Laumer et al. (2019)
highlight expected benefits such as increased productivity and performance as key motivational factors for
using CAs; whereas other researchers such as Rietz et al. (2019) and Sheehan et al. (2020) focus on technical
design features, finding that anthropomorphic cues are an important determinant of CA use. Sheehan et al.
(2020) further point out the significant moderating effect of user characteristics on the relationship
between anthropomorphism and use. Hence, the need to also understand the users and their individual
characteristics becomes evident (Folstad and Brandtzaeg 2017; Pfeuffer et al. 2019).

Summing up, theory and prior empirical investigations emphasize self-efficacy as a significant determinant
of individual behavior. Furthermore, self-efficacy captures individuals’ beliefs in their own skills and
abilities, which makes it an interesting concept with regard to the investigation of user assistance systems
such as CAs — especially since self-efficacy has been found to be highly correlated with seeking assistance
(e.g., Kitsantas and Chow 2007). For that purpose, we present a research design to empirically examine the
relationship of individuals’ self-efficacy and their use of CAs as assistance system.

Research Model

We examine the influence of different levels of self-efficacy on individuals’ use of CAs. The dependent
variable in our research model is the individual’s decision to use the CA, influenced by the independent
variable of self-efficacy which is composed of general and task-specific self-efficacy (Bandura 1997). As an
individual trait, self-efficacy impacts individuals’ thoughts and actions (Bandura 1982) — in our case this is
reflected in their perceived need for assistance to complete a task and thus in their use of the CA.

General self-efficacy is a fundamental and stable trait inherent in all individuals (Bandura 1982)
determining how they assess their competence, how much effort they invest in activities, and how they deal
with adversities (Bandura 1978, 1982). Individuals with a high level of general self-efficacy believe they have
the required skills and abilities to deal with a variety of tasks irrespective of particular domains or their
objective competence (Bandura 1978, 1982; Luszczynska et al. 2005). They generally are confident to
achieve their goals and to execute the necessary actions to attain these goals, even if obstacles arise
(Bandura 1978, 1982; Luszczynska et al. 2005). Therefore, they may not feel a need for assistance (Bandura
1982; Cleavenger et al. 2007) like the one obtainable from a CA. Thus, we hypothesize:

Hi: General self-efficacy negatively influences CA use.

Individuals’ task-specific self-efficacy should be considered when one is interested in individuals’ behavior
concerning certain tasks in specific domains (Bandura 1997; Hsu and Chiu 2004). This is relevant, for
instance, for the design of domain-specific CAs. Given that CAs are designed for intuitive user interaction
(McTear et al. 2016), we reckon that it is not so much the individuals’ perceived competence in using the
CA that is decisive for using the assistance system. Rather, it is their perceived skills and abilities in solving
the actual task at hand, that determines whether they will resort to an assistance system. In fact, people
performing a particular task rely on their assessment of their own abilities and their willingness to persist
when deciding to seek support (Kitsantas and Chow 2007). For example, physicians who could seek the
assistance of a CA in diagnosing a patient, will do so when they believe that using the CA will improve their
performance, i.e., make the diagnosis faster and/or more accurate (Laranjo et al. 2018). Similarly,
customers searching online for information on a product might consider whether they will be able to find
the information on their own and whether it might be faster and more convenient to use the CA provided
on a website (Gnewuch et al. 2017). Hence, in the specific task at hand, when individuals think they have
reached their competence limit or seeking assistance will improve their performance, that is, when they
have a low level of task-specific self-efficacy, we expect them to use CAs. Vice versa, when individuals have
a high level of task-specific self-efficacy and thus believe they can complete the task on their own, they
rather do not seek the assistance of a CA and hence refrain from using it. We accordingly hypothesize:

H2: Task-specific self-efficacy negatively influences CA use.
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Figure 1. Research Model

Figure 1 depicts our research model. As control variables we use age, gender, education, experience with
the task, cognitive load, prior experience with CAs, perceived ease of use of CAs, perceived usefulness of
CAs, and attitude towards CAs. These variables were chosen based upon their use in previous studies and
their potential for impacting study results (Bakke and Henry 2015). By additionally controlling for these
factors, we are able to test alternative explanations for CA use. For example, by measuring experience with
CAs and perceived ease of use we account for the alternative explanation that an individual’s experience
and perceived competence in operating CAs might lead to increased use. However, given that research
considers CAs as intuitive to use and finds users to easily understand how to use them, we decide to not
include individuals’ competence in using CAs as independent variable in our study (McTear et al. 2016;
Shevat 2017).

Design of Empirical Study

To understand the influence of self-efficacy on individuals’ CA use and to test our research model, we
conducted a lab experiment. This allowed us to ensure high internal validity and replicability, while still
targeting a large and diverse sample (Karahanna et al. 2018).

Participants and Procedure

The experiment was conducted at an experimental laboratory in Germany. In total, 194 participants (29%
female, average age = 23.2, range 18-41 years) completed the study, of which 180 datasets were valid. The
sample received a monetary—in part performance-based—compensation for their participation (Kvaloy et
al. 2015). Participants could earn a bonus payment (ca. 40% of maximum total payment) for completing
the tasks correctly, thus fulfilling the requirements of an incentive-compatible experiment.

We tested our research model applying a within-subject design, in which each participant was exposed to
two different task contexts. To achieve generalizable results regarding the influence of individuals’ self-
efficacy beliefs on their CA use, we observed participants’ actual behavior in typical task contexts. While
general self-efficacy can be assumed to naturally be present in varying levels in the population (Bandura
1997; Luszczynska et al. 2005), in order to evoke different levels of task-specific self-efficacy in individuals,
we varied the task context regarding the task type and complexity (Bandura 1982; Hu et al. 2010).
Therefore, we used realistic scenarios including real-world resembling websites with integrated chatbots in
which the two tasks had to be performed. While participants completed the two tasks, we tracked their
behavior, in particular, whether they used the CA for assistance. One task was a simple information search
task (Campbell 1988) that asked participants to retrieve information on the candidate who won the previous
mayoral elections. Participants were directed to a website presenting them a variety of newspaper articles
on a range of global, regional, and local topics. They could either identify the relevant article and extract the
required information on their own or seek assistance from the provided chatbot. In contrast, the second
task was a financial decision task of increased complexity as it entailed outcome multiplicity, which is an
objective task complexity attribute according to Campbell (1988). Participants were asked to choose the
financial product with the highest return. Therefore, a bank website provided the participants with
information on the financial products (i.e., time deposits) as well as the required formulas for calculations
and background information on time deposits. They could then either use this information to decide on the
best product on their own or ask the chatbot for assistance. For both tasks, participants were requested to
provide their answer in order to continue the experiment, yet there was no time limit for task completion.

All participants completed both tasks, yet the order was randomized (i.e., counterbalanced) to minimize
carry-over effects: When starting the experiment, the first screen explained the experiment procedure and
incentivized participants as described by Kvalgy et al. (2015). Next, participants were presented with the
first task, before continuing to the fictitious website to complete it. After completing the task, participants
filled out a short questionnaire collecting data on their task-specific self-efficacy as well as the prior
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experience with the task, and cognitive load (as control variables). These steps were equivalent for the
second task. During task completion, data on participants’ behavior with regards to the CA was collected,
i.e., we tracked whether individuals used the chatbot to complete the task. Finally, participants completed
an overall questionnaire collecting data on individuals’ general self-efficacy, demographics (i.e., age,
gender, education), prior experience with CAs, perceived ease of use, perceived usefulness, and attitude
towards CAs (as control variables). A free-text question also asked them to indicate why they have (not)
used the CAs to solve the tasks. Figure 2 summarizes the experimental procedure.

Post-task Post-task

. . [ description Blng ’ <
questionnaire (simpletask) “ = questionnaire

= =o|

Website (incl. CA) Task 11 Website (incl. CA)
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General (simple task) ] questionnaire (complex task) B questionnaire Final
instructions == == questionnaire
8,‘ . Website (incl. CA) Website (incl. CA) / & A
Incentivizing Task I _4 Task II [=—ssssssses——] Demographics

description
(complex task)

# Randomization

Figure 2. Experimental Procedure

Measurement of Variables

We measured the dependent variable, i.e., whether individuals use the CA, by tracking participants’ actions
on the fictitious websites. Therefore, we model CA use as a dichotomous variable (yes/no) which takes the
value ‘yes’ as soon as participants send a message to the chatbot. All questionnaire measures in this study
are drawn from existing studies and adapted to the context of the experiment and CA use. For measuring
general self-efficacy we refer to the 10-item scale by Schwarzer and Jerusalem (1995) as it has proven to be
applicable across domains, cultures, and languages (Luszczynska et al. 2005). Task-specific self-efficacy
was measured using 7-item scales based on Hsu and Chiu (2004), which we adapted to our specific tasks
according to the formulation recommendations by Schwarzer and Fuchs (1996). Typical items for the self-
efficacy scales are “I am confident that I can ...(perform something), even if ... (barrier).” (Schwarzer and
Fuchs 1996, p. 170), which were measured on a seven-point Likert-type scale ranging from ‘absolutely
untrue’ to ‘absolutely true’.

For the measurement of control variables, we used established seven-point Likert-type scales anchored
from ‘strongly disagree’ to ‘strongly agree’: After each task, prior task experience, cognitive load, and
perceived task complexity were measured using two items based on Dishaw and Strong (1999), one item
based on Paas et al. (1994), and four items based on Maynard and Hakel (1997). At the end of the
experiment, we measured individuals’ general attitude towards CAs using six items based on Dishaw and
Strong (1999), perceived ease of use of CAs using four items based on Davis et al. (1989), perceived
usefulness of CAs using four items based on Bhattacherjee (2001), and prior experience with CAs with one
self-reported item as do Hackbarth et al. (2003).

Initial Analysis Results

As a first step, we analyze the mandatory free-text answers on why the participants have (not) used the CAs
for task completion applying common methods of qualitative content analysis (Mayring 2015). This analysis
confirms the hypothesized influence of individuals’ self-efficacy beliefs on their decision to use the CA: 19
participants indicate that they thought they were faster doing it on their own: E.g., “I felt like I could gather
the information quicker myself.“ This may be attributed to the fact that they evaluate their own skills as so
high, that they do not expect any improvement from CA assistance. In contrast, 21 participants declared the
CA helped them solve the tasks more efficiently and conveniently: “...because it was the easiest and most
effective way to complete the tasks.” Participants’ answers show that they found the CA to speed up their
task completion — especially in task contexts where they “lacked experience”.

In addition, 27 individuals state that they did not feel the need to seek assistance: “I think I can rely on my
own skills”, “...because I didn’t feel like I needed help.” They stated to be “confident enough” to possess the
abilities to solve the tasks on their own. Furthermore, another 5 used the CA to verify their own results: “I
used the chatbot to check my results”. This indicates that they do think they could complete the tasks alone
but were not completely confident after all. Finally, 15 participants expressed that they lacked the skills to
solve the tasks without assistance: “I felt overwhelmed”, “I felt confident finding information on the
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websites but not confident enough using formulas”. Especially the last quote is interesting, as it emphasizes
the task-dependent influence of self-efficacy, that has been outlined in Section 2. While this participant
considers her abilities to be sufficient to solve information search tasks, she felt the need for assistance
when making a financial decision.

Conclusion and Expected Contribution

In this paper, we present a research model and study design to examine the influence of individuals’ self-
efficacy beliefs on their use of CAs for task assistance. By applying a lab experiment and using realistic task
scenarios including fictitious websites with integrated chatbots, we observed participants’ actual usage
behavior. This allows us to provide more reliable empirical evidence on the relationship of individuals’ self-
efficacy and CA use than just measuring individuals’ behavioral intention. So far, we have conducted the
experiment to collect the data. Furthermore, an initial analysis of the free-text answers on why the
participants have (not) used the CAs for task completion indicate the influence of individuals’ self-efficacy
beliefs on their decision to use the CA.

Next, we will analyze the full dataset using structural equation modeling to test our hypotheses. By doing
so, we expect to contribute to research and practice alike. Our findings will shed light on the multi-faceted
field of CA acceptance and use by contributing to a better understanding of the influencing factors of
individual CA use. In particular, our study will be the first to empirically investigate the effect of self-efficacy
on CA use and, hence, will contribute to CA research by providing insights into a previously unexplored
factor influencing CA use. In addition, our study puts the individual user in the center of attention, which
sets it apart from existing research that mainly focuses on the technology (Riefle and Benz 2021). By
concentrating on technically improving CA capabilities and testing different design features, the human
aspect in user-system-interaction often remains under-researched, which is where our study comes in in
order to contribute to a more comprehensive view on CA use. Only when the influencing factors on CA use
are known, designers are enabled to develop and implement better assistance systems. For instance, when
designers know that the targeted users are characterized by a high level of self-efficacy, they can design the
assistance system such that it does not undermine their sense of competence. These considerations about
the role of self-efficacy and other influencing factors on CA use may ultimately inform the process of how
new (assistance) systems are introduced in companies. Overall, this study further reiterates the overarching
importance of human factors for successful CA acceptance and use.
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