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Not with the bot! The relevance of trust to explain
the acceptance of chatbots by insurance customers

Jorge de Andrés-Sanchez® "™ & Jaume Gené-Albesa?

Industry 4.0 profoundly impacts the insurance sector, as evidenced by the significant growth
of insurtech. One of these technologies is chatbots, which enable policyholders to seamlessly
manage their active insurance policies. This paper analyses policyholders' attitude toward
conversational bots in this context. To achieve this objective, we employed a structured
survey involving policyholders. The survey aimed to determine the average degree of
acceptance of chatbots for contacting the insurer to take action such as claim reporting. We
also assessed the role of variables of the technology acceptance model, perceived usefulness,
and perceived ease of use, as well as trust, in explaining attitude and behavioral intention. We
have observed a low acceptance of insureds to implement insurance procedures with the
assistance of a chatbot. The theoretical model proposed to explain chatbot acceptance
provides good adjustment and prediction capability. Even though the three assessed factors
are relevant for explaining attitude toward interactions with conversational robots and
behavioral intention to use them, the variable trust exhibited the greatest impact. The findings
of this paper have fair potential theoretical and practical implications. They outline the special
relevance of trust in explaining customers’ acceptance of chatbots since this construct
impacts directly on attitude but also perceived usefulness and perceived ease of use. Like-
wise, improvements in the utility and ease of use of robots are also needed to prevent
customers' reluctance toward their services.
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Introduction

ndustry 4.0 (I4.0) is strongly impacting the economy, busi-

nesses, and society (Tamvada et al., 2022). Rooted in the

extensive utilization of digital technologies that emerged in the
early decades of the 21st century, 14.0 intertwines these
advancements with innovative, interconnected front-end devices
and machinery, resulting in the evolution of smart industries and
services (Tamvada et al.,, 2022; Marcon et al.,, 2022). 14.0 has
evolved from being used only at the production level to the
supply chain, the way corporations contact customers and
potential customers, workers and consumers
(Liu and Zhao, 2022). I4.0 adds value to business since it triggers
competitiveness. It allows the development of new products and
services, making it possible to add new digital features to existing
ones (Liu and Zhao, 2022) and expanding the channels used to
interact with actual or potential customers and providers. It also
enables rationalizing and automating processes in such a way that
costs are reduced, productivity is improved (Dalenogare et al,
2018) and supply chain performance is enhanced (Qader et al.,
2022). That is, I14.0 technologies allow competitive advantages to
be attained while also reaching responsible and sustainable
business objectives (Kazachenok et al., 2023).

Arner et al. (2015) define fintech as the application of a tech-
nological advance to satisfy customers’ demand and offer solu-
tions to challenges in the financial industry. Although fintech
currently seems to be a novel topic from the practitioner’s per-
spective and the existence of a structured empirical literature on
fintech is recent (Bittini et al., 2022), this is truly not a new issue.
The first stage of fintech began at the end of the 19th century,
which was a period of financial globalization pushed by novel
technological infrastructure such as transatlantic transmission
cables (Arner et al., 2015). Currently, it is commonly agreed upon
to use the term “fintech” for products such as new assets and
channels to make financial agreements, services, processes or
businesses arise from the application of information commu-
nication technologies developed in the 21st century to financial
markets (Kazachenok et al., 2023). Drawing an analogy from the
fintech concept, insurtech can be defined as the integration of
emerging technologies to enhance insurance services through
targeted solutions addressing distinct problems within the
insurance sector (Cao et al., 2020). Like in the case of fintech,
academic interest in insurtech has been very recent and dated
back to the middle 2010s (Cao et al., 2020; Njegomir and Bojanié¢,
2021); since the beginning of that decade, the digitalization of
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Fig. 1 Sources of the impact of 14.0 on the insurance industry. Source:
Own elaboration based on Njegomir and Bojani¢ (2021) and Sosa and
Montes (2022).

insurance has experienced exponential growth (Bohnert et al.,
2019; Sosa and Montes, 2022).

The application of 4.0 technologies to the insurance industry
creates value for the insurance company, and heterogeneous
transformational capabilities are sources of competitive advantage
(Stoeckli et al., 2018). They may enhance internal processes (e.g.,
exploiting data to handle claims), create new products, and
develop new channels to provide professional advisory services.
Cao et al. (2020) outline artificial intelligence (AI), machine
learning, robotic process automatization, augmented reality/vir-
tual reality, and blockchain as principal impacting technologies.
Of course, these technologies are interconnected. For example,
any insured may generate a great amount of data from smart
devices. These data could be transferred to the insurance com-
pany by using blockchain technology and then processed to fit
policy prices by using Al algorithms such as those obtained from
machine learning. This information may simplify underwriting
because insured risk declaration is no longer needed (Ostrowska,
2021).

Figure 1 displays how I4.0 technologies impact insurance
business innovation. These influences may be located at the
product and process level and, therefore could be implemented in
the market or at an inner level (Sosa and Montes, 2022).
According to these authors, the impact of 14.0 on the insurance
industry may stem from five sources: (1) the implementation of
digital capabilities, (2) the provision of data-driven solutions, (3)
the integration of services and customer experience, (4) the
creation and development of digital insurance and (5) the dis-
tribution of digital insurance. These sources imply the need to
integrate several I4.0 technologies. We outline the following as
examples:

(1) The incorporation of digital capabilities for assessing claims
can be achieved through the utilization of image-based AI and
smart devices, eliminating the need to dispatch an expert for on-
site evaluation of reported damage (Agarwal et al., 2022).

(2) The use of big data analysis tools, which are based on deep
learning and machine learning, to evaluate all the data available
by insurance companies may allow more accurate learning to
predict fraudulent claims (Rawat et al., 2021). Agarwal et al.
(2022) indicated that these tools allow the identification of 30%
more irregular claims than conventional analytic tools.

(3) The efficient use of Al and machine learning on available
data (structured and unstructured) can be leveraged to improve
customer experience and services. This is the case for data from
smart sensors (e.g., smart watches) that can be used to improve
healthcare insurance (Kelley et al., 2018). In this vein, the new
large language model-based Al systems that emerged in the early
2020s, such as ChatGPT, are also remarkable. Despite the fact
that, currently, they do not guarantee reliable responses, their
versatility and ability to provide plausible answers across a wide
variety of issues have led many users to consider them assistants
that can be useful in making decisions related to personal econ-
omy, including those linked to individual finance (Jangjarat et al.,
2023).

(4) A typical example of digital insurance is smart contracts
that rely on the IoT and blockchain (Christidis and Devetsikiotis,
2016).

(5) With regard to digital distribution, the use of robotic
technologies such as chatbots, which are supported by IA, allows
customers to access 24/7 a wide variety of products and to
manage existing policies (Sosa and Montes, 2022).

Amidst the vast array of 14.0 technologies that are currently
being implemented in the insurance sector, this paper is focused
on the use of chatbots, whose adoption began in approximately
2017. Voice assistants can be defined as conversational engines
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Fig. 2 Model proposed to explain the acceptance of chatbots by
customers to manage their policies. Source: Own elaboration.

that engage in interactive dialog with individuals and are facili-
tated by artificial intelligence (AI) algorithms that simulate nat-
ural language (Rodriguez-Cardona et al., 2019). Within the
spectrum of methodologies presently utilized in the examination
of voice assistants (Minder et al., 2023), this study aimed to
investigate the acceptance of voice assistants by policyholders
when interacting with insurance providers regarding existing
policies, such as declaring claims.

Chatbots are revolutionizing the customer experience by sub-
stituting social network influences, such as those from user
groups, with novel forms of digital guidance (Akram et al., 2022).
Theoretically, using chatbots in customers’ service improves the
quality of their attendance because of gains in aspects such as
agility, accessibility, predictability or resoluteness (Baabdullah
et al, 2022). Likewise, their use reduces (in fact, practically
avoids) disgusting queues of call centers and allows human agents
to strictly solve those more complex issues (DeAndrade and
Tumelero, 2022). Likewise, their implementation triggers firms’
value in stock markets (Fotheringham and Wiles, 2023). Riikki-
nen et al. (2018) showed a great variety of applications of chatbots
in the insurance industry: finding suitable products for a potential
insured by asking smart questions, solving policyholders’ doubts
about processes linked to existing policies, providing insurance
advice about the insured’s own portfolio, and making more agile
and flexible claims. The use of Al and machine learning algo-
rithms has provided chatbots capable of learning from past
conversations with customers to create added value for them and
for the company (Riikkinen et al., 2018).

Although many conversational bots have been able to pass
Turing’s test since the prototype Eugene Gootsman did so in 2014
(Warwick and Shah, 2016), they can perform only some routine
conversational work, such as the first contact with the customer
(Rodriguez-Cardona et al., 2019). Hence, conversational bots lack
the ability to discern the nuances of a talk through users’ voice
tones; thus, they cannot display human competencies such as
empathy and critical assessments and are unable to meet complex
requirements. These abilities were not present in chatbots at the
end of the 2010s (Eeuwen, 2017) or at the beginning of the 2020s
(Vassilakopoulou et al., 2023). In this regard, Rodriguez-Cardona
et al. (2019) reported that whereas insurance experts have out-
lined that bots are far from being able to complete any insurance
process by themselves without human help, a great number of
customers are reluctant to interact with chatbots. This resistance
has also been documented by Van Pinxteren et al. (2020) and
PromTep et al. (2021).

The process of acquiring an insurance policy begins when
individuals recognize a need for coverage due to a concrete cir-
cumstance (e.g., a car has been bought and needs third-party
liability insurance to drive it). This entails the search for and
evaluation of information about potential insurers capable of
providing suitable protection. Traditionally, this task was
undertaken by human brokers with a portfolio of insurers, while

presently, it can be facilitated by robo-advisors (Marano and Li,
2023).

Once the customer selects an insurance provider, he or she
must seek approval from the insurer, who will request details
about the insured entity and the coverage sought. Following an
analysis of this information, the insurer will then communicate
whether the application is accepted, along with associated terms
such as coverage extent and first-year premium (The National
Alliance, 2023). Evidently, this process is amenable to automa-
tion, and communication with prospective customers can be
facilitated through chatbots (Riikkinen et al., 2018).

In the third stage, upon purchasing the insurance and remit-
ting the premium, the customer transitions into a policyholder.
As legal status changes, as while the initial two steps lack a direct
link between the insurer and customer, the policyholder becomes
a creditor to the insurer, akin to a bank depositor’s relationship
with the bank (Guiso, 2021). Therefore, the management of active
policies might necessitate interactions with the insurer for various
purposes, including modifications to coverage, adjustments in the
designated bank account for premium payments, renewal terms,
etc. (Niittuinperd, 2018). The most pivotal scenario arises during
the communication of a claim, considering that the primary aim
of an insurance contract is to shield the policyholder from the
economic fallout caused by adverse events (Guiso, 2021).

To narrow the scope of our analysis, we focused on the
acceptance of chatbots in the third stage, which was elucidated
earlier; this stage constitutes a critical domain within the insur-
ance sector and represents an area where chatbot utilization is
extensively used (Koetter et al., 2019; Njegomir and Bojani¢,
2021). It is expected that the digitalization of claim management
processes will reduce the number of human operators linked with
this insurance process by 70%-80% by 2030 (Balasubramanian
et al., 2018).

The analysis developed in this paper is grounded in the
Technology Acceptance Model (TAM) by Davis (1989), which
combines with the Unified Theory of Acceptance and Use of
Technology (UTAUT) by Venkatesh et al. (2003) and has been
widely used to model the acceptance of new financial technologies
and services (de Andrés-Sanchez et al., 2023; Firmansyah et al,,
2023) and chatbots and voice assistants (Balan, 2023). In addition
to the constructs inherent to the TAM, a factor that proves to be
particularly significant in the analysis of the utilization of artificial
intelligence technologies is trust (Mostafa and Kasamani, 2022).
Therefore, this approach applies to conversational chatbots
(Gkinko and Elbanna, 2023) and in the realm of fintech (de
Andrés-Sanchez et al,, 2023; Firmansyah et al., 2023) and insur-
tech (Zarifis and Cheng, 2022) powered by Al The main argu-
ments for its significance center on the relevance of its cognitive
and relational dimensions defined in Glikson and Woolley
(2020). In our context, the cognitive dimension of trust is man-
ifested in the perceived effectiveness of chatbot technology for
implementing procedures linked with active policies. Relational
trust is identified as the confidence that policyholders have in the
insurer’s implementation of chatbots, with the intention of
enhancing their ability to provide satisfactory service (Zarifis and
Cheng, 2022).

Building upon this conceptual ground, this study aims to
address the following two research questions:

RQ1 = What are customers’ average intention to use and atti-
tude toward using chatbots in communications with the company
to manage existing policies?

RQ2 = What are the drivers of intention to use and attitude
toward the assistance of conversational robots in managing exist-
ing policies?

The structure of the paper is as follows. In the second section,
we propose a TAM-based model to explain behavioral intention
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(BI) and attitude toward chatbots. The third Section describes the
material and quantitative methods used in this article. The fourth
section shows our results. Finally, we discuss our results and
implications for the insurance industry and outline principal
conclusions.

Modeling chatbot acceptance with a technology

acceptance model

The empirical analysis developed in this paper is developed over
the structural equation model (SEM) displayed in Fig. 2. It is
theoretically grounded in TAM by Davis (1989) and Venkatesh
and Davis (2000), which is developed over the conceptual ground
provided by the theory of reasoned action (TRA) (Fishbein and
Ajzen, 1975), which proposes a positive relation between per-
ceived usefulness (PU) and perceived ease of use (PEOU) of a
given technology with users’ attitude (ATT) that mediates the
influence of those antecedents on the BI to use it.

Models of technology acceptance and use, such as the TRA,
TAM, and UTAUT, have been extensively employed to investi-
gate the acceptance of chatbots among both customers and
employees within implementing companies (Balan, 2023). For
example, while Brachten et al. (2021) anchor their study to the
TRA, Eeuwen (2017), Moriuchi (2019), Kasilingam (2020), Pillai
and Sivathanu (2020), McLean et al. (2021), Pitardi and Marriott
(2021), de Cicco et al. (2022) and Pawlik (2022) utilize the TAM
for their assessment. Similarly, UTAUT analysis underpins stu-
dies by Kuberkar and Singhal (2020), Gansser and Reich (2021),
Joshi (2021), Balakrishnan et al. (2022), Pawlik (2022) and de
Andrés-Sanchez and Gené-Albesa (2023a).

Figure 2 shows that our model also takes into account the
impact of trust (TRUST) on acceptance since it is a key variable
for explaining customers’ acceptance of chatbots (Glikson and
Woolley, 2020) and the keystone of the insurance industry
(Guiso, 2021). Therefore, trust must be a keystone factor in
explaining insurtech adoption (Zarifis and Cheng, 2022). The
factors and hypotheses that sustain the model depicted in Fig. 2
are described below.

Fishbein and Ajzen (1975) provide a commonly agreed upon
definition of ATT as a “learned predisposition to respond in a
consistently favorable or unfavorable manner with respect to a
given object”. On the other hand, in the TAM, BI is the usage
intention of the assessed technology (Davis, 1989). In our context,
ATT must be understood as the predisposition toward using
chatbots in procedures linked to existing insurance contracts,
such as communicating covered economic damage and ensuring
that individuals are willing to accept or refuse interaction with a
chatbot to implement that procedure. It is commonly accepted
that a positive attitude toward a given tech positively influences
BI (Fishbein and Ajzen, 1975; Davis, 1989). The empirical lit-
erature shows this relation in the acceptance of digital banking
channels (Bashir and Madhavaiah, 2015), self-service tech (Yoon
and Choi 2020), blockchain adoption for financial purposes
(Albayati et al., 2020; Palos-Sanchez et al., 2021), I4.0 (Virmani
et al, 2023) and bots and chatbot settings (Eeuwen, 2017; Han
and Conti, 2020; Pillai and Sivathanu, 2020; Brachten et al., 2021;
McLean et al, 2021; Pitardi and Marriott, 2021; Balakrishnan
et al., 2022; de Cicco et al., 2022). Therefore, we state the fol-
lowing hypothesis.

Hypothesis 1 (H1) =A favorable attitude toward conversa-
tional robots positively influences policyholders’ intention to use
them to communicate with the insurer.

PU can be defined as the degree to which a potential user feels
that a new technology will improve his/her performance to make
an action of interest (Davis, 1989). In this paper, PU can be
reached because of policyholders’ perception that interacting with

4

the chatbot improves communication with the insurer. Chatbots
are available 7/24, and simple procedures become agile and have
fast resolution since they do not need to wait for a human agent
(DeAndrade and Tumelero, 2022). Likewise, that technology does
not imply avoiding other communication channels with insur-
ance companies. Thus, conversational robots can be regarded as a
supplementary component of the insurance ecosystem through
which the company interacts, conducts transactions, and delivers
products to policyholders and potential consumers (Standaert
and Muylle, 2022).

The purported potential of insutech to confer a competitive
advantage (Stoeckli et al., 2018) must manifest in advantageous
outcomes for customers, either through reduced insurance costs
and/or improving the service offered to the policyholder. None-
theless, as Rodriguez-Cardona et al. (2019) noted, to realize
tangible benefits from the adoption of a chatbot system, insurance
companies need to enhance their information systems to seam-
lessly integrate the back-end processing and transformation of
data and information, enabling the front-end system to deliver an
appropriate response.

However, chatbots currently cannot meet complex require-
ments (Rodriguez-Cardona et al., 2019) and thus often need the
support of a human operator (Vassilakopoulou et al., 2023).
When working with clients who have experienced a great loss (for
example, the home or a beloved person), users may expect not
only technical assistance but also active listening and empathy
from the interlocutor (de Andrés-Sianchez and Gené-Albesa,
2023b). However, chatbots cannot provide emotional support or
human warmth (Vassilakopoulou et al.,, 2023). Likewise, many
workplaces will disappear because digitalization may be under-
stood as the social negative utility of 14.0 (Kovacs, 2018). This
phenomenon also affects insurance markets (Kelley et al., 2018).

The literature underscores that PU typically exerts a positive
influence on the evaluation of novel technologies. It has been
checked in the blockchain setting (Albayati et al., 2020; Nuryyev
et al., 2020; Sheel and Nath, 2020; Palos-Sanchez et al., 2021) and
in attitude toward digital channels such as m-banking and digital
services (Bashir and Madhavaiah, 2015; Verissimo, 2016; Khan
et al., 2017; Farah et al, 2018; Sdnchez-Torres et al., 2018;
Warsame and Ireri, 2018; Hussain et al., 2019). In the case of
innovations impacting the insurance industry, we can outline
Legowo (2018), Huang et al. (2019), Oktariyana et al. (2019) and
de Andrés-Sénchez and Gonzélez-Vila Puchades (2023).
Regarding the use of chatbots to provide services to clients, we
remarked upon Eeuwen (2017), Moriuchi (2019), Kasilingam
(2020), Kuberkar and Singhal (2020), Pillai and Sivathanu (2020),
Brachten et al. (2021), Gansser and Reich (2021), Joshi (2021),
McLean et al. (2021), Pitardi and Marriott (2021), Balakrishnan
et al. (2022), de Cicco et al. (2022) and Pawlik (2022). Thus, we
propose testing the following hypothesis:

Hypothesis 2 (H2) = Perceived usefulness positively influences
attitude toward interacting with conversational robots in insur-
ance procedures.

PEOU is often defined as “the extent to which an individual
believes that utilizing a specific system would require minimal
effort” (Davis, 1989). In our context, PEOU refers to the sensation
of encountering no obstacles, such as susceptibility to errors, lack
of error recovery, or confusion, when the procedure involving the
insurer is mediated by a chatbot. Compared to alternative
channels for managing policies, chatbots offer more availability
than human agents and have fewer barriers to use than con-
ventional applications. They require neither an installation nor
the ability to learn a new user interface because only conventional
phones are needed (Koetter et al., 2019).

Professionals tend to report that this technology is not
mature enough to be easily used in insurance settings
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(Rodriguez-Cardona et al., 2019); in this regard, communication
quality with the conversational bot is an essential item
impacting customer satisfaction (Baabdullah et al, 2022).
Chatbots lack the ability to discern shifts in voice tone or
changes in conversational context (Vassilakopoulou et al,
2023), often resulting in incomplete interactions as robotic
shortcomings are frequent (Xing et al., 2022). Many chatbots are
confined to handling rudimentary interactions; beyond that,
their responses tend to lack substance due to reliance on
scripted conversational trees and basic dialog datasets (Nur-
uzzaman and Hussain, 2020). Failed responses from conversa-
tional robots have a negative impact on users judgments
regarding the adoption of this technology, consequently leading
to increased resistance towards its utilization (Jansom et al.,
2022).

The literature outlines that PEOU usually positively influences
the judgment of a technology and thus on attitude and BI. Several
studies within blockchain technology (Albayati et al., 2020; Nur-
yyev et al., 2020; Sheel and Nath, 2020; Palos-Sénchez et al., 2021)
and fintech communication channels (Bashir and Madhavaiah,
2015; Verissimo, 2016; Warsame and Ireri, 2018) suggest this. In
regard to insurance industry innovations, we refer to Legowo
(2018) and Huang et al. (2019). With respect to the use of chatbots,
we outline Moriuchi (2019), Pillai and Sivathanu (2020), Pawlik
(2022), Kasilingam (2020), Kuberkar and Singhal (2020), Brachten
et al. (2021), Gansser and Reich (2021), McLean et al. (2021),
Mostafa and Kasamani (2022), Pitardi and Marriott (2021),
Balakrishnan et al. (2022) and de Andrés-Sinchez and Gené-
Albesa (2023a). Therefore, the following hypothesis is proposed:

Hypothesis 3a (H3a) = Perceived ease of use of chatbots posi-
tively influences attitude toward their use in procedures with the
insurer.

The TAM also postulates a positive indirect impact of PEOU
on attitude through its influence on PU. A service that is friendly
may have a positive impact on PU (Davis, 1989). Albayati et al.
(2020), Nuryyev et al. (2020) and Palos-Sdnchez et al. (2021)
found a significant positive impact in a blockchain setting. Bashir
and Madhavaiah (2015) report this in internet banking. Regard-
ing the use of chatbots, we can refer to Joshi (2021) and de Cicco
et al. (2022). In the field of insurance technology and services, see
Huang et al. (2019) and de Andrés-Sanchez and Gonzalez-Vila
Puchades (2023).

Hypothesis 3b (H3b) = Perceived ease of use positively impacts
the perceived usefulness of chatbots in communicating with the
insurer.

According to Glikson and Woolley (2020), trust in the adop-
tion of chatbots encompasses three dimensions: cognitive, rela-
tional, and emotional. The cognitive dimension is associated with
the perception that this technology is appropriate for the intended
objectives of its use. Relational trust relies on the user’s con-
fidence in the organization promoting the use of chatbot tech-
nology. Finally, emotional trust resides in the perception of
humanity in chatbot technology, such as through empathy or
anthropomorphism (Pitardi and Marriott, 2021; Pawlik, 2022;
Gkinko and Elbanna, 2023). The main relevance of trust in
customers’ perception of insurtech falls within the first two
dimensions: the specific nature of the insurance business, which
implies relational trust, and the fact that the relationship between
the company and policyholders is mediated by technology,
necessitating cognitive trust in chatbot technology (Zarifis and
Cheng, 2022). In our opinion, the emotional dimension, although
having some influence in the setting covered by this study, is
notably less relevant due to the intermittent rather than con-
tinuous nature of interactions between policyholders and insur-
ers, which are also often prosaic (de Andrés-Sdnchez and Gené-
Albesa, 2023b).

Relational trust is the basis of any financial transaction since
one of the parties (the found lender) must believe that the
counterpart (the found borrower) will pay promised cash flows at
time. This fact explains why a commonly assessed factor in fin-
tech acceptance studies is trust (de Andrés-Sanchez et al., 2023;
Firmansyah et al.,, 2023). Likewise, trust is even more important
in insurance markets since both sides of contract (company and
customer) may trust each other. Indeed, trust forms the core of
the insurance industry (Guiso, 2012), given its inherent chal-
lenges of moral hazard and adverse selection. Policyholders’ trust
in insurance companies is the perception that their services may
enable fast and reliable recovery of casualties and that interactions
between them will be satisfactory (Guiso, 2021).

Likewise, trust is highly relevant in novel technology such as
chatbots, and this fact is especially true in B2C relations (Baab-
dullah et al., 2022). People are often skeptical of these tools due to
the number of choices they make and their transparency
(Brachten et al., 2021). Bashir and Madhavaiah (2015) define
trust in a new communication technology in the realm of
mediated financial services as customers’ conviction that the
financial provider can deliver a satisfactory level of service
through this new technology. In services by conversational bots,
two dimensions can be identified: competence and comfort (Joshi,
2021).

Insurtech has the main objective of improving the value of
products offered to customers (Riikkinen et al., 2018) and their
own value (Lanfranchi and Grassi, 2022). This fact may enhance
trust in insurers’ main service, which covers satisfactorily honest
claims (Guiso, 2021). According to the technology acceptance
framework, trust is supposed to impact attitude or BI directly but
is also mediated by PU and PEOU.

The direct impact of TRUST on BI, mediated by either ATT or
not, has been shown to be significant in various contexts, such as
blockchain technology acceptance (Albayati et al., 2020; Palos-
Sanchez et al,, 2021), customer evaluations of digital banking
channels (Bashir and Madhavaiah, 2015; Sdnchez-Torres et al.,
2018), and the insurtech domain, as reported by Huang et al.
(2019). Additionally, a positive impact of TRUST on the BI to use
chatbots has been reported by Kasilingam (2020), Kuberkar and
Singhal (2020), Joshi (2021), Gansser and Reich (2021), and
Pitardi and Marriott (2021). Therefore, the propose testing:

Hypothesis 4a (H4a) = Trust in conversational robots positively
affects policyholders’ attitude toward communicating with the
insurer.

Furthermore, trust can influence the motivation and extent to
which individuals use artificial intelligence-based technologies,
which can impact the perceived utility and ease of use of con-
versational robots (de Andrés-Sdnchez and Gené-Albesa, 2023b).
This argument elucidates why several studies have noted the
statistical significance of trust as a precursor to both PU (Han and
Conti, 2020; Brachten et al, 2021) and PEOU (Albayati et al.,
2020; Palos-Sanchez et al., 2021). Thus, the following hypotheses
are proposed:

Hypothesis 4b (H4b) = Trust in conversational robots positively
affects policyholders’ perceived utility.

Hypothesis 4c (H4c) = Trust in conversational robots positively
affects policyholders’ perceived ease of use.

Materials and methods

Sampling protocol, respondent profile, and questionnaire. The
data are derived from a structured questionnaire that was
administered in Spanish. It underwent an initial testing phase
with fifteen professionals from the Spanish insurance industry.
Once their feedback was integrated, the questionnaire was
administered to an additional twelve volunteers who were not

| (2024)11:110 | https://doi.org/10.1057/s41599-024-02621-5 5



ARTICLE

Table 1 Survey profile.

Category Number of responses Percentage
Gender

Male 120 53.14%
Women 101 44.47%
Other/NA: 5 2.29%
Age

<40 years 32 14.37%
>40 years and <55 years 122 53.89%
>55 years 68 29.94%
NA 4 1.10%
Academic degree

Graduate or beyond 197 87.17%
Undergraduate 29 12.83%
NA 0 0%
Income

> €3000 68 30.09%
>€1750 and <3000 88 38.93%
<1750 68 30.09%
NA 2 0.88%
Number of policies

More than four 18 52.09%
Between two and four 108 47.91%

affiliated with the financial or insurance sectors. Their input was
carefully considered to further fine-tune the questionnaire to its
final version. These eighteen responses were subsequently used to
conduct an initial analysis to establish the validity of the scales.

We subsequently distributed the questionnaire through social
networks (Facebook, LinkedIn, WhatsApp, and moderated e-mail
lists). The questionnaire was completed completely online from
20 December 2022 to 23 February 2023. We sought a well-
founded opinion by exclusively accepting responses from policy-
holders who possessed more than two insurance policies. A total
of 252 responses were received. However, we did not use
questionnaires that had nonfilled items linked to constructs, as
shown in Fig. 2, or when the respondent did not meet the criteria
regarding the number of policies. Therefore, the final number of
responses was 226, which, following Conroy (2016), given that
our population is large (>5000), allowed an error margin between
5% and +7.5% that we judged to be adequate. The profile of the
respondents is displayed in Table 1.

The questionnaire began with the introductory paragraph: “We
are asking for your opinion on carrying out procedures with your
insurer (car third insured party, home insurance, health policies...)
through automated systems such as voice robots (telephone) and
text robots (internet chats and WhatsApp) instead of using a
human operator. A typical example is communicating a claim or
modifying policy coverages”.

Table 2 shows the scale measurements that we used. All the
scales are reflective constructs and were answered on an 11-point
Likert scale. The questions about BI were developed based on
those proposed in Venkatesh et al. (2003) and Davis (1989).
Attitude toward chatbots was measured with the four questions of
Bhattacherjee and Premkumar (2004), which were used in a
chatbot setting by Eeuwen (2017). PU is basically an adaptation of
items in Venkatesh et al. (2003), Venkatesh et al. (2012) and
Hussain et al. (2019). Some of their indicators were applied by
Palos-Sanchez et al. (2021) with regard to fintech and by Gansser
and Reich (2021) to assess chatbot acceptance. The questions
measuring PEOU we formulated were based on those proposed in
Venkatesh et al. (2012). The TRUST scale was used by Farah et al.
(2018) and Kim et al. (2008) and is based on Morgan and Hunt
(1994).

6

Data analysis. RQ1 was answered by comparing the mean and
median values of items of these constructs with 5, which can be
considered the neutral position. For comparison, simple t-ratio
tests were performed for means, and Wilcoxon tests were used for
medians.

RQ2 was evaluated by adjusting the structural equation model
depicted in Fig. 2 with partial least squares (PLS-SEM). Following
Hair et al. (2019), powerful arguments for the use of PLS-SEM
include estimating complex models without an explicit hypothesis
in the distribution of data, which can also be performed with
small samples. According to the model depicted in Fig. 2, every
construct has no more than four inner or outer links with other
constructs. The so-called 10-times rule suggests that a sample
with a size N>40 can be sufficient (Kock and Hadaya, 2018);
therefore, the size of our sample is clearly above the
appropriate size.

Once the structural model and its measurement have been
stated and the final sample is available, we estimated the model in
Fig. 2 with PLS-SEM and SmartPLS4.0 software by following
standard steps. Therefore, we first checked the consistency and
reliability of the scales. Internal consistency is checked with
Cronbach’s alpha, a composite reliability measure (CR), Dijkstra
and Henseler’s p4, which must be above 0.7 and with an average
extracted variance (AVE) that is expected to be higher than 0.5.
Likewise, item loadings must also be greater than 0.7. We
analyzed the discriminant capacity of the scales with the Fornell-
Larker criterion and heterotrait-monotrait (HTMT) ratios.

Path coefficient (f) is estimated by bootstrapping with
5000 subsamples and the percentile method. The p values allow
testing of hypotheses as delineated in the literature review
revision. Furthermore, we can assess the significance of indirect
effects at this juncture. While the overall quality of the model is
gauged by the determination coefficient R?, its predictive capacity
is evaluated using Stone-Geisser’s Q*> measure, along with the
implementation of the cross-validated predictive ability test
(CVPAT) described in Liengaard et al. (2021).

Results

Descriptive statistics and scale validation. To answer RQI, it is
necessary to compare the means and medians attained by the
items of the Bl and ATT scales with a neutral value of 5. In all the
cases, Table 3 shows that these central values are clearly less than
5, with a significance level of p <0.01, if we perform Student’s ¢
test on the mean or the Wilcoxon test on the median.

Table 3 shows that all the measurement scales have internal
consistency since Cronbach’s alpha, CR, and p_A are always >0.7,
the AVE is >0.5 and the factor loadings of all the items are >0.7.
Table 4 allows evaluation of the discriminant validity of the latent
variables. Both the Fornell-Larker and HTMT criteria are met.
The Pearson correlations between factors are ever below the
squared root of their AVEs, and HTMTs are less than 0.90.

Structural model assessment and results evaluation. The quality
of the adjustment attained by our model was measured with the
determination coefficient R* and is shown in Fig. 3. For ATT,
R?2=10.717, which can be considered an adjustment close to
substantial. Similarly, for BI (R? =0.604), PU (R% = 0.626), and
PEOU (R?=0.659), we attained a level of accuracy between
moderate and substantial (Hair et al., 2019).

Figure 3 and Table 5 show the values of the path coefficients
and their significance. These results allow us to test the
hypotheses outlined in second section and thus answer RQ2.
Note that hypotheses H1, H3a, H4a, H4b, and H4c are accepted
at p <0.01. Regarding the direct impact of PU on ATT, H2 is
accepted at a significance level of p <0.05 but not at p <0.01.
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Table 2 Scale measurement.

Behavioral intention

BI. I try to employ conversational robots to implement procedures related with my insurance contracts.
BI2. | perform my interactions with the insurance company liked with existing insurance contracts with conversational bots.
BI3. I will choose doing insurance procedures with chatbots.

Attitude toward chatbots

ATT1. It is a good idea to carry out procedures of my policies with chatbots.

ATT2. It is advisable to implement insurance procedures with chatbots.

ATT3. Managing my insurance with chatbots is an advance.

ATTA4. It is an effective idea to carry out the procedures of my insurances with bots.

Perceived usefulness

PU1. The use of chatbots is to manage my insurances smartly.

PU2. Chatbots allows lower insurance premiums.

PU3. Chatbots allows offering higher coverages.

PU4. Chatbots enable providing to customers an improved service with smaller expenses.

Perceived ease to use

PEOUT. The use of chatbots to get in touch with my insurer will require low effort

PEOU2. Managing claims and implementing other procedures with the mediation of conversational robots will be clear and understandable.
PEOU3. The use of chatbots will made more accessible making procedures linked with in-force contracts.
PEOU4. Conversational robots allows an easier communication with the insurance company.

Trust

TRUSTT. | believe that chatbots are trutsworthy.

TRUST2. | believe that the use of chatbots enable insurer to keep promises and obligations.

TRUST3. | believe that the use of chatbots to interact with the insurer has policyholders’ interests in mind.

Table 3 Descriptive statistics and measurement scale consistency metrics.

Mean Median SD Factor loading Cronbach alfa CR p_A AVE
BI 1.26 0 1.88 0.929 0.904 0.907 0.94 0.84
BI2 224 1 2.71 0.874
BI3 1.37 0 2.07 0.945
ATTI 2.03 1 2.35 0.912 0.939 0.94 0.956 0.846
ATT2 1.69 1 213 0.938
ATT3 2.6 1 2.56 0.926
ATT4 2.36 2 2.69 0.901
PU1 2.55 2 2.57 0.830 0.877 0.900 0.914 0.727
PU2 3.94 4 312 0.829
PU3 3.47 3 2.91 0.864
PU4 3.27 3 2.85 0.887
PEOU1 2.87 2 2.83 0.868 0.933 0.941 0.953 0.834
PEOU2 2.68 2 2.61 0.944
PEOU3 2.6 2 2.27 0.921
PEOU4 2.64 2 2.65 0.918
TRUST1 2.05 1 2.50 0.812 0.854 0.865 0.91 0.774
TRUST2 3.44 3 3.04 0.860
TRUST3 2.06 2 217 0.867

The mean and/or the median value 5 is rejected for all the items (p < 0.0001).

Table 4 Matrix used to assess discriminant validity.

Latent variable BI ATT PU PEOU TRUST
Behavioral intention (BI) 0.916 0.843 0.617 0.837 0.836
Attitude (ATT) 0.777 0.92 0.753 0.849 0.888
Perceived Usefulness (PU) 0.575 0.713 0.853 0.727 0.876
Perceived Ease to Use (PEOU) 0.771 0.800 0.686 0.913 0.895
Trust (TRUST) 0.749 0.801 0.787 0.812 0.88

(1) The principal diagonal displays the square roots of the factors’ AVE. (2) The above are HTMT ratios and below the Pearson’s correlation of the constructs.
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Fig. 3 Results of adjusting the model depicted in Fig. 2. Note: "***" and
“**" represent significance at the 1% and 5% levels, respectively. Source:
Own elaboration.

Table 5 Estimates of path coefficients (§) and their
statistical significance.

Relation p t-ratio Decision about the proposed
hypothesis

ATT ->BI 0.777 24597  Accept

PU ->ATT 0.166 2.558"  Accept

PEOU ->ATT 0.413 49277  Accept

PEOU ->PU 0.138 1.664 Reject

TRUST ->ATT  0.335 4.038™  Accept

TRUST ->PU 0.675 8.446™  Accept

TRUST ->PEOU  0.812 35.236"" Accept

***" and "**" represent significance at the 1% and 5% levels, respectively.

Table 6 Intensity of the mediating impact of the TRUST,
PEOU and PU constructs on BI.

Factor Coefficient Student t
PU 0.129 2.599™"
PEOU 0.339 5.942"
TRUST 0.623 16.537""

Note: “***" indicates statistical significance at the 1% level.

Table 7 Results of the predictive capability of the model.

Cross validated
predictive ability test

Conventional assessment

Q2 RMSE MAE ALD p value
BI 0.531 0.698 0.481 —2.276 <0.01
ATT 0.64 0.61 0.457 —-3.276 <0.01
PU 0.617 0.625 0.483 —3.363 <0.01
PEOU 0.637 0.593 0.448 —3.575 <0.01
Overall —3.179 <0.01

The root-mean-square error is denoted by RMSE, the mean absolute error with MAE and the
average loss difference are denoted as ALD.

Likewise, H3b is also rejected. Table 6 shows the overall impact of
the TRUST, EE, and PU antecedents on the final output variable,
BI. This impact in the case of PU occurs because of the mediation
of ATT. For the other variables, that mediation can also be
performed by PU. In all the cases, these effects are significant at
p <0.01. Therefore, the interpretation of the coefficients allowed
us to determine the most influential variable for explaining the BI
associated with using chatbots at TRUST.

8

Figure 3 and Table 7 show that the structural equation model
depicted in Figs. 2 and 3 has significant predictive power. For all
the constructs with inner links, Q? > 0; therefore, following Hair
et al. (2019), the predictions made by the model are significant.
The CVPAT results reinforce these statements, as they demon-
strate that the proposed model provides good out-of-sample
predictions (average loss difference = —3.179, p <0.01).

Discussion

Regarding RQ1, what is customers’ average intention to use and
attitude toward using chatbots in communications with the com-
pany to manage existing policies (e.g., to notify a claim)? We have
found that mainstream policyholders tend to reject interacting
with them. This finding is in accordance with Van Pinxteren et al.
(2020), who reported the reluctance of customers, and with
Rodriguez-Cardona et al. (2019) and PromTep et al. (2021), who
found this reluctance in the German and Canadian insurance
industries, respectively.

Regarding RQ?2, what are the drivers of intention to use and
attitude toward the assistance of conversational robots in mana-
ging existing policies? We checked that the TAM by Davis (1989)
combined with trust explains more than half of the variability in
attitude (ATT) and BI to use bots. We checked that all the
assessed explanatory factors, trust (TRUST), PU, and PEOU, were
significant in explaining BI through the mediation of ATT.
Likewise, we have checked that ATT consistently explains BI,
which is in accordance with the conceptual ground of Davis
(1989), and reviewed the related literature (Bashir and
Madhavaiah, 2015; Yoon and Choi, 2020; Albayati et al., 2020;
Palos-Sanchez et al,, 2021; Eeuwen, 2017; Han and Conti, 2020;
Brachten et al.,, 2021; Pitardi and Marriott, 2021; de Cicco et al.,
2022; Virmani et al., 2023).

The significance of PU in explaining attitude (direct) and BI
(mediated) is in accordance with mainstream findings in revised
studies: Albayati et al. (2020), Nuryyev et al. (2020), Sheel and
Nath (2020), Palos-Sanchez et al. (2021) in blockchain techs; and
Bashir and Madhavaiah (2015), Khan et al. (2017), Farah et al.
(2018), Sanchez-Torres et al. (2018), Warsame and Ireri (2018)
and Hussain et al. (2019) in banking digital channels. These
findings are also congruent with findings regarding insurance
innovation issues (Legowo, 2018; Huang et al,, 2019; de Andrés-
Sanchez and Gonzilez-Vila Puchades, 2023) and about the
interaction of customers with chatbots (Eeuwen, 2017; Moriuchi,
2019; Kasilingam, 2020; Kuberkar and Singhal, 2020; Pillai and
Sivathanu, 2020; Brachten et al., 2021; Gansser and Reich, 2021;
Joshi, 2021; McLean et al., 2021; Pitardi and Marriott, 2021; de
Cicco et al., 2022; Pawlik, 2022).

We found that perceived ease has a positive significant impact
on ATT but that this does not apply to PU. PEOU positively
impacts ATT according to the reviewed literature on the per-
ceptions of blockchain applications for finance (Albayati et al,
2020), digital banking acceptance (Bashir and Madhavaiah, 2015;
Verissimo, 2016; Warsame and Ireri, 2018), technology accep-
tance in the insurance sector (Huang et al., 2019) and consumers’
perceptions of service chatbots (Moriuchi, 2019; Kasilingam,
2020; Kuberkar and Singhal, 2020; Pillai and Sivathanu, 2020;
Brachten et al., 2021; Gansser and Reich, 2021; Mostafa and
Kasamani, 2022; McLean et al., 2021; Pitardi and Marriott, 2021;
Pawlik, 2022).

The nonsignificant impact of PEOU on PU does not contradict
the relevant positive link between PEOU and attitude and BI
mediated by PU reported in the literature. For more details, see
Albayati et al. (2020), Nuryyev et al. (2020) and Palos-Sanchez et al.
(2021) for the blockchain setting; Bashir and Madhavaiah (2015) for
internet banking; Joshi (2021); and de Cicco et al. (2022) for BI

| (2024)11:110 | https://doi.org/10.1057/541599-024-02621-5



ARTICLE

towards the use of bots. In the field of insurance new tech products,
Huang et al. (2019) and de Andrés-Sanchez and Gonzalez-Vila
Puchades (2023) found this.

We found that the principal impact of policyholders™ chatbot
acceptance comes from TRUST. We feel that this is not surprising
since the way this factor impacts insurtech is twofold. Insurance
transactions are based on mutual and great trust between insurers
and insureds (Guiso, 2021). Trust is also a key factor in chatbot
acceptance by consumers in B2C relationships (Brachten et al,,
2021). We found that this influence comes not only from its
impact on attitude but also from its mediation by PEOU and PU.

The significant impact of trust on attitude and BI is in accor-
dance with mainstream reports. In the field of customer accep-
tance of chatbots, we can outline Kasilingam (2020), Kuberkar
and Singhal (2020), Joshi (2021), Gansser and Reich (2021) and
Pitardi and Marriott (2021). This impact has also been reported
in the field of blockchain use (Palos-Sanchez et al., 2021), in the
m-banking context (Bashir and Madhavaiah, 2015; Sanchez-
Torres et al, 2018) and by Huang et al. (2019) within the
insurtech field. Likewise, whereas our finding about the sig-
nificant influence of trust on PU is in accordance with Han and
Conti (2020) and Brachten et al. (2021), the relevance of its
influence on PEOU is coincident with Albayati et al. (2020) and
Palos-Sanchez et al. (2021).

The findings indicate that the current state of chatbot devel-
opment for handling established policies, particularly in areas
such as claims management, is not sufficiently advanced. As a
result, insurance consumers exhibit hesitancy toward embracing
chatbot usage. Common responses reflect a diminished percep-
tion of usefulness, modest levels of user friendliness, and a
restricted level of trust in this technology, leading to its rejection.
This finding is consistent with that of Xing et al. (2022), who
assert that robotic technology can often introduce more chal-
lenges than it resolves, and as observed, chatbots have garnered
neither professional nor customer appreciation within different
contexts (Rodriguez-Cardona et al., 2019; Van Pinxteren et al.,
2020; PromTep et al,, 2021; de Andrés-Sanchez and Gené-Albesa,
2023b).

At the time of redacting this paper, a significant portion of
conversational robots were developed using basic conversational
databases (Nuruzzaman and Hussain, 2020). Consequently, their
communication capabilities are restricted, leading to their
inability to address intricate demands and lack of emotional skills.
Like Vassilakopoulou et al. (2023), who studied the relationships
of Norwegian citizens with public administrations, Vassilako-
poulou et al. (2023) concluded that they can be given assistance
given their simple requirements, but they need supervision by a
human agent in issues that are slightly more complex. Thus,
currently, conversational robot technology should be regarded as
a supplementary channel in a company’s communication with a
customer, one that could offer enhanced service in very specific
circumstances.

This paper tests the reliability of the TAM by Davis (1989) in
explaining policyholders’ attitude toward the mediation of chat-
bots in their interactions with insurers. Although the reliability of
TAMs for explaining fintech acceptance has been extensively
demonstrated (Firmansyah et al., 2023), empirical analyses in the
insurtech sphere are not common. Thus, this paper has expanded
the empirical evidence in this novel field of the insurance
industry. Similarly, we have shown that trust is the keystone to
understanding chatbot acceptance. This is because of the con-
fluence of the peculiar features of the insurance business, which
requires trust between all embedded agents for successful devel-
opment and the use of novel technologies.

This work on the technological adoption of a response to an
insurtech application addresses a specific relationship between the

insurer and the insured: the derivative resulting from the mediation
of chatbots in their interactions regarding active insurance con-
tracts. Additionally, it is approached from the customer’s perspec-
tive. The proposed framework, although relatively straightforward,
exhibits considerable explanatory and predictive capacity. There-
fore, an evident application of the proposed framework that may be
of interest is the analysis of the utilization of conversational robots
in other phases of the insurance contract lifecycle, such as advise
services or pricing. Of course, such an analysis can be conducted
from the standpoint of the potential policyholder as well as from the
perspective of professionals in the insurance sector involved in these
processes, such as lawyers and actuaries.

Furthermore, the obtained results encourage us to speculate
that the proposed model may be applicable in various areas of the
insurance business impacted by insurtech, as depicted in Fig. 1. A
few examples are as follows:

(1) Within the implementation of digital capabilities to
streamline workflows, we could examine the assessors’ percep-
tions of new technologies that enable claims processing without
physical contact or new Al tools that offer more precise detection
of fraudulent claims.

(2) Concerning the provision of data-driven solutions, it may
be of great interest to understand customers’ perceptions of the
data collected by intelligent devices they use, e.g., health or travel
habits, so that insurance companies can calculate premiums more
accurately to provide coverage in these settings. The use of such
data requires a high level of relational trust regarding the inten-
tions and use of private and sensitive data.

(3) In the realm of digital insurance, a typical example is smart
contracts, which are built on blockchain technology and the
Internet of Things. We believe that the proposed framework, with
minor modifications such as incorporating privacy concerns into
the explanatory factors, can serve as a basis for analyzing the
factors that explain judgment about such contracts and, conse-
quently, the potential development of these types of products.

(4) Regarding the integration of services and the customer
experience, which is manifested in the insurance industry through
the convergence of activities such as advisory services, assessment
and pricing, or claims processing, we believe that the proposed
framework may be applicable for analyzing acceptance, both from
potential policyholders and professionals within the insurance
industry. The emergence of large language model-based Al sys-
tems in the early 2020s enhanced this suitability due to their
versatility and capacity to offer credible responses across a diverse
range of topics.

Conclusions and future research
This study used the TAM developed by Davis (1989) to elucidate
the BI behind utilizing conversational bots to engage with
insurers concerning existing policy matters, such as providing
information about claims. The results show that the low accep-
tance of chatbots can be explained by the use of TAM constructs,
performance expectancy and ease expectation along with trust.
In this work, out of the three dimensions of trust—cognitive,
relational, and emotional—we have considered only the first two
dimensions. This choice has been justified by the fact that the
interaction between the policyholder and the insurer is sporadic
and under the assumption that it is due to prosaic matters, such
as reporting a minor claim. However, for certain significant
events, such as the loss of a loved one or a substantial material
loss, emotional trust in interactions with the insurance company
could also be a relevant factor in the acceptance of conversational
robots. We believe that introducing this factor in future research
could be of interest, especially in contexts related to personal
matters such as life and health insurance coverage.
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We are aware that this empirical study has additional limita-
tions. It has been developed in a single country, Spain, and many
responses come from social networks such as LinkedIn, whose
users are usually persons with university degree studies and
professional status that may rank from medium to very high. Of
course, educational level and economic position may be relevant
for explaining attitude toward chatbots. Therefore, our conclu-
sions must be taken with care to be extrapolated to policyholders
from countries with nonenclosed cultures and/or persons with
dissimilar profiles with regard to professional and educational
status. To obtain more accurate conclusions, extending the
countries represented in the sample and socioeconomic profiles is
needed.

Moreover, we analyzed a cross-sectional survey. Therefore, our
results cannot be extended to the long run. This question is
especially relevant in I4.0 technology, which is a very dynamic
and active field in rapid and continuous growth and improve-
ment. To have a wider perspective about how policyholders’
acceptance of chatbots for making insurance procedures evolves
over time, a longitudinal analysis covering different milestones in
the development of artificial conversational technologies is
needed.
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