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Understanding customers’ attitudes toward insurance telematics can significantly affect knowledge
management practices within the insurance industry. This study explores the factors affecting users’
acceptance of insurance telematics. A theoretical adoption model was proposed by extending the
technology acceptance model and theory of planned behavior with a priorly proved construct trust and a
new construct data sharing willingness (DSW). Trust is built upon perceived usefulness, ease of use, and
DSW in this research. The findings display that trust is crucial in increasing a positive feeling toward
insurance telematics, which affects users’ acceptance of insurance telematics, along with subjective norms.
DSW was found to impact users’ level of trust significantly. Theoretically, these findings imply that trust
offers a significant passage for factors influencing consumers’ adoption of technology. Practically, the
findings shed light on assisting the auto insurance industry in its digital transformation and designing
interventions to improve consumers’ adoption of insurance telematics. The authors also suggest regulators
take actions to oversee the technology to ensure customer privacy protection and fair market competition.
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INTRODUCTION

Insurance companies are adopting digital strategies using disruptive technologies to increase
operational efficiency, business value, and social welfare. Their investment in new technologies continues
to grow (Mustafina et al., 2020). As a novel Internet of Things technology, insurance telematics has
reshaped the relationship between auto insurers and drivers by collecting and communicating data
concerning drivers’ mileage and driving behaviors. It offers customized driving diagnoses, safe-driving
incentives, and potential cost reductions on drivers’ auto coverage policies for reliable driving (Coleman,
2022). This technology allows policyholders to get discounts if they demonstrate safe driving habits. It also
allows insurance carriers to gather enormous amounts of data about individuals’ driving patterns through
different hardware, such as mobile apps, onboard diagnostics devices, and GPS tracking. Insurance
telematics enables insurers to use various factors to predict policyholders’ driving performance more
accurately rather than solely relying on conventional risk factors, such as years of driving, address, and
driving history (Tian et al., 2020). They also positively affect insurance claims, risk management, and fraud

28 Journal of Knowledge Management Practice Vol. 24(2) 2024



detection (Baecke & Bocca, 2017). Telematics can help reduce insurance claims by identifying high-risk
drivers and providing targeted and personalized feedback and coaching to educate their policyholders on
managing their own risk. They can be used to detect and prevent insurance fraud by providing real-time
data on driving behavior. Insurance companies can use telematics data to understand better the risks
associated with different types of drivers and vehicles, which can help reduce accidents and improve road
safety. Therefore, insurance telematics plays a vital role in shaping the information society. Effective
utilization of data and insights from telematics devices can leverage decision-making, risk assessment,
product development, and continuous improvement within the insurance industry.

Many insurance companies are working on different types of telematics because they can help grow
businesses and improve customer experience. For example, several insurance providers, such as Allstate,
Nationwide, Geico, and Progressive, offer telematics programs to extend potential discounts to
policyholders (Coleman, 2022). These insurance telematics programs enable insurance companies to
capture the driving behavior of the policyholder. When a policyholder drives, the location, and transporting
habits are tracked nearly every second and aggregated on the device level. Next, all of the information is
transmitted to the insurance carriers. Several additional capabilities can simultaneously be embedded with
the device, including automatic emergency notifications, tracking of stolen vehicles, and diagnostic
feedback (Coleman, 2022).

Moreover, telematics programs deployed by auto insurers and car manufacturers like Ford are updating
their connected vehicle technology to capitalize on the trend. Since 2020, Ford owners who have deployed
telematics technology in their vehicles can participate in insurers’ telematics programs for more customized
rates (Bekemeyer, 2021). According to the Orion Market Report (2021), the compound annual growth rate
of the insurance telematics industry is expected to attain 21.01% between 2021 and 2027.

Studies have revealed that telematics-based models can significantly improve risk assessment in the
auto insurance industry (Verbelen et al., 2018). The Drive Ability Score and Octo’s risk score have been
proven to increase the accuracy of driving risk prediction by 10 to 12 times. Insurance telematics also
provides insights into driver behavior and habits, allowing insurance companies to detect risky behaviors
and provide feedback and education to mitigate driving risks. Through telematics data, insurers, such as
Zurich, Ageas, and Co-operative, reduced claims costs by 20% to 60% (Gartner, 2019).

While insurance telematics offers a variety of benefits in terms of safety, cost savings, and management
enhancement, these benefits cannot be obtained unless the technology is massively adopted in the market.
While less expensive rates may be an attractive incentive for policyholders to enroll in the telematics
programs, some drivers may have concerns about losing their behavioral controls. Not all drivers are willing
to share their data with insurance carriers monitoring their location and transporting habits (Coleman,
2022). A recent survey has shown that only a small percentage (6%) of Americans have enrolled in an
insurance telematics program. It is a meager number compared to 50% of those willing to share driving
information with insurance companies (Scrimgeour-Brown, 2021).

To increase the individual’s adoption of insurance telematics, it is essential to identify and interpret its
acceptance drivers. Some preliminary attempts have been made to study the reasons behind the acceptance
of insurance telematics (Chen & Chen, 2009; Tian et al., 2020). These theoretical research studies explain
user attitudes and adoption intention based on cognitive mechanisms. They are helpful to insurers and
information systems designers when developing products and services to invoke user adoption intention of
the technology. However, gaps still exist in this field of research. Although some researchers have included
trust constructs in their adoption model (Tian et al., 2020), their acceptable pathways and antecedents have
not been well studied. Furthermore, there is a current trend and prevalence of individual loT applications
taking the lead in the commercial 10T sector. Consequently, scholars are urged to focus their attention on
the utilization of 10T in connection with individual users (Rock et al., 2022).

The study is motivated to address the research gap by positing and validating a theoretical model for
insurance telematics. The model was built by integrating trust and data sharing willingness (DSW) with
two well-established theories, the Technology Acceptance Model (TAM) and the Theory of Planned
Behavior (TPB), with trust.
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This study is among the first attempts to evaluate the adoption of insurance telematics by combining
TAM and TPB with trust and its antecedents, especially the DSW. In addition, it proposes that trust can be
regarded as the prime path in affecting the adoption of insurance telematics. The study’s results delved
deeper into how psychological factors like trust interact with other factors to change insurance telematics
adoption. This study will help insurers and system developers design better products and services, provide
proper strategies to increase insurance acceptance, and gain market advantages from a practical perspective.

RESEARCH MODEL AND HYPOTHESES

The study proposes an adoption model for insurance telematics to explain users’ acceptance of
insurance telematics better. The research model integrated trust and DSW into the TAM and TPB. TAM
and TPB were chosen because of their effectiveness in explaining the adoption of various technologies
(Koul & Eydgahi, 2018; Rahman et al., 2017; Rodrigues et al., 2016; Wang et al., 2016) and adaptability
in the context of telematics (Kongmuang & Thawesaengskulthai, 2019; Tian et al., 2020).

The research model is presented in Figure 1.

FIGURE 1
RESEARCH MODEL
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Many theoretical models explain users’ behavior and their adoption of emerging technologies. The
most prevalent ones are TAM (Davis, 1989), TAM2 (Venkatesh & Davis, 2000), TPB (Ajzen, 1991), the
Unified Theory of Acceptance and Use of Technology (UTAUT) (Venkatesh et al., 2003), and UTAUT2
(Venkatesh et al., 2012). These models are based on the theoretical framework that users’ perceptions and
attitudes toward technology can influence its adoption. This study is based on TAM and TPB because both
theories are well-developed to explain individuals’ adoption and use of technology (Choi & Ji, 2015;
Parasuraman et al., 2008; Tian et al., 2020).

The TAM proposes that the perceived ease of use (PEOU), perceived usefulness (PU), and attitude
toward the use of technology are antecedents of technology acceptance. According to the TAM, individuals’
behavioral intention (BI) is determined by their attitude toward technology usage. As two primary
predictors of attitude, PEOU influences PU, and PU is expected to affect Bl directly. TPB focuses on
explaining general human behavior and proposes that intentions drive a person’s behavior. TPB maintains
three core elements: attitude, subjective norms (SN), and perceived behavioral control (PBC).

Both TAM and TPB can provide robust predictions and explanations of the determinants of intention
to adopt insurance telematics. Previous research has found that PEOU, attitude, and PBC significantly affect
an individual’s will to utilize telematics (Chen & Chen, 2009). Tian et al. (2020) extended the theoretical
framework of TAM-TPB to explain the adoption and use of insurance telematics. Their findings ascertained
that several factors were crucial in shaping an individual’s attitude and intention to use insurance telematics.
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Trust
PEOU, PU, and Trust

According to Lee and See (2004), trust is “the attitude that an agent will help achieve an individual’s
goals in a situation characterized by uncertainty and vulnerability.” Trust is also “a tool for the reduction
of cognitive complexity” (Earle & Cvetkovich, 1995), and it helps to simplify and facilitate people’s
decision-making in situations of uncertainty (Kim et al., 2008). Previous research reveals a wide variety of
factors that impact trust in technology. Some of the research integrated trust in technology adoption models
and investigated the impact of trust and its role as a moderator on TAM (Gefen et al., 2003; Chaouali, et
al., 2016). Some others focused on risk-related factors, such as privacy and security, and their impacts on
trust and adoption (Angst & Agarwal, 2009; Carlos Roca et al., 2009; Gupta & Xu, 2010; Shin, 2010).

The interplay between trust, PU, and PEOU has been widely discussed in the literature. Their
relationships are hypothesized to adopt many technologies (Gefen & Straub, 2004; Wu & Chen, 2005). In
particular, PEOU and PU are hypothesized to positively affect trust because these factors can improve the
users’ impressions of technologies. Trust in insurance telematics is mainly based on users’ first impressions,
and PEOU and PU can be considered as the initial feeling or expectation for acceptance of the technology.
Therefore, the study hypothesizes that:

H1: PU has a positive effect on users’ trust in insurance telematics.
H2: PEOU has a positive effect on users’ trust in insurance telematics.

DSW and Trust

With insurance telematics installed in their automobiles, users’ travel and behavioral data can be
transmitted to insurance companies, technology developers, automobile manufacturers, and other parties.
The transmission of the telematics users’ current location, past travel habits, and future travel agenda could
make them a target of marketing and surveillance. The possibility of a privacy breach affects a user’s
feelings and adoption of driving-related technologies. Menon (2015) reported that about one-third of the
surveyed US drivers were apprehensive about the unauthorized use of driving data leading to privacy
violations.

Ohkubo et al. (2005) stated that people’s views on privacy are not uniform as the tolerance level for
privacy concerns varies from person to person. Individuals who are more tolerant of privacy violations are
less concerned about protecting their privacy and more likely to use technology compared to those with a
lower tolerance for privacy issues (Hossain & Prybutok, 2008).1n this study, DSW, a user’s willingness to
share personal data, was identified as a factor that impacts trust in insurance telematics. In other words, a
specific desire to share personal data is necessary for trust to be operative.

Therefore, the study hypothesizes that:

H3: DSW has a positive effect on users’ trust in insurance telematics.

Relationship Between Trust and Adoption Intention

Insurance telematics allows technology to collect a user’s data, including driving behavior and vehicle
condition, transmit that data through networks, and share it with other agencies, who may use such data.
Such a loss of control could undermine a user’s willingness to accept the technology. People are more
willing to share information and adopt new technology when they trust the organization or individual
collecting it. When users believe that the potential benefits of insurance telematics outweigh its
disadvantages, they will start developing trust in this technology, which can favorably impact their intention
to use it. Trust’s impact on technology adoption has been investigated and proved by several information
systems research(AlHogail, 2018; Kaur & Rampersad, 2018; Tian et al., 2020).

Therefore, the study hypothesizes that:

H4: Trust has a positive effect on Bl to use of insurance telematics.
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Relationship Between PBC, SN, Trust, and Adoption Intention

The relationships between trust, PBC, and SN have been examined in various studies. Trust is generally
hypothesized to be a common antecedent of the other two constructs.

Trust can increase PBC over technology use as interactions between users and technology providers
become more regular (Pavlou, 2002; Wu & Chen, 2005). Trust can be viewed as a confident expectation
that creates a positive belief toward the perceived behavior control, leading to adoption intentions (Hansen
et al., 2018). Furthermore, as a perceptual source that helps users gain information control over technology,
trust between users and technology vendors should increase their confidence and PBC.

Prior research mainly focused on the effects of SN on trust (Chaouali et al., 2016; Gong et al., 2019;
Wu et al., 2008). Only a few studies have discussed trust’s effect on SN. Research has found that trust in
technology providers about their brand, reputation, and service positively influences SN (Wu & Chen,
2005). The influencers’ opinion is positive for insurance telematics in the market. Trust in influencers can
make users believe in technology and insurers and, in turn, leverage positive SN toward insurance
telematics.

Therefore, the study hypothesizes that:

H5: Trust has a positive effect on the SN of using insurance telematics.
H6: Trust has a positive effect on PBC when using insurance telematics.

Both PBC and SN are significant factors that affect Bl. The extant literature showed that the users’
intentions become more robust as they perceive that they have the power to control technology (Chen &
Chen, 2009; Tian et al., 2020). People may be more willing to share their data and use new technology if
they have control over how it is used and can see how it is being used. Social norms can play a powerful
role in shaping adoption intentions by influencing people’s perceptions of what is normal or acceptable and
their beliefs about what others are doing. People often look to others, such as friends, family, and peers, to
guide their behavior. If they perceive that others are using new technology, they may be more likely to
believe it is good and adopt it themselves. The study posits that a higher level of resources and control for
users is associated with a greater likelihood of adopting and using insurance telematics. Additionally, the
study suggests that individuals are more likely to use new technology when someone they trust recommends
it., In summary, the study hypothesizes that:

H7: SN positively affects the Bl to use insurance telematics.
H8: PBC positively affects the Bl to use insurance telematics.
METHOD

Survey and Measurements

For this study, empirical data was gathered using a web-based questionnaire. The questionnaire was
structured into three parts and was designed to collect information from participants. The first section
briefly introduced the functionality of insurance telematics systems, helping the participants understand the
concept correctly. The second section collected the participants’ demographic characteristics and driving-
related information, including age, driving experience, the amount of driving in the past year, and their
experience with insurance telematics.

The third section presents an adoption questionnaire that includes the scales measuring the constructs
in the proposed model (Figure 1). The survey used in the study was constructed by referencing prior
research and was scrutinized by experts to guarantee its validity and reliability. Modifications were made
based on the experts’ comments and feedback. Questions/items like “Using insurance telematics would
make my claim experience faster and easier” were used to measure PU, “I am willing to share my personal
information with my insurance company” was utilized to measure DSW, and “The company, which uses

32 Journal of Knowledge Management Practice VVol. 24(2) 2024



insurance technology, would keep its customers’ best interests” was applied to measure trust. All items
were measured using a 5-point Likert-type scale ranging from “strongly disagree (1) to “strongly agree

(5).”

Participants

The study considered a sample of higher education students enrolled at one of the largest public
universities in the Southwest United States. The study utilized an online survey tool, Qualtrics, to gather
data from 138 young consumers. It is noted that younger people are the early adopters of innovative
technologies (Liu & Prybutok, 2021; Ogbanufe et al., 2019). The significant advantage of focusing on the
younger group is that this group is exceptionally knowledgeable about innovative technologies (Gerpott,
2009) and exerts tremendous effort in identifying potential discounts, savings, and benefits from adopting
innovative technologies. Nearly all participants had previous driving experiences and enrolled in an auto
insurance plan. The majority of the participants, over 90%, had at least two years of driving experience.
Moreover, 89% of the respondents reported driving over 1000 miles in the previous year, showing that they
are a group that is experienced with driving, and 13% of them reported using insurance telematics.

RESULTS AND DISCUSSION

This study examined convergent validity. When evaluating the convergent validity of a construct, a
factor loading of an item on its underlying construct should have a significant correlation (above 0.6).
Adequate validity is indicated by an average variance extracted (AVE) value greater than 0.5. Discriminant
validity is demonstrated when the square root of the AVE for a construct is higher than any of its
correlations with other constructs in the model (Fornell & Larcker, 1981).

The study evaluated the measurement model’s reliability by examining the constructs’ internal
consistency using Cronbach’s alpha and composite reliability scores. Finally, the Common Methods
Variance (CMV) was investigated using Harman’s one-factor test, which involved conducting a principal
component factor analysis of all items without rotation.

We tested our research model using partial least squares (PLS) structural equation modeling and used
Smart PLS 4.0 (Hair et al., 2014; Wong, 2013) to examine the proposed research model. Therefore, we
determined the significance of path coefficients by utilizing the bootstrapping resampling approach with
5,000 subsamples (Chin, 1998a, 1998b). We used IBM SPSS Statistics for all other analyses. The
standardized root mean square residual (SRMR) criterion was applied to evaluate the goodness-of-fit of the
proposed model. SRMR is a more appropriate measure for PLS-SEM to avoid model misspecification (Hair
et al., 2014). The confirmatory factor and SEM analyses were performed using Smart PLS 4.0. An SRMR
value of less than 0.08 is considered a good fit (Hu & Bentler, 1998).

CMV Analysis. Before validating reliability and validity, this research ran Harman’s Single-Factor Test
to detect CMV. CMV refers to the phenomenon where a shared measurement method distorts the
relationship between variables. This test conducted an exploratory factor analysis to identify whether one
general factor explains the majority of the variance of all items (Podsakoff et al., 2012). The results showed
that the first factor did not extract large enough variance, leading to overestimating the relationships
between measured constructs. Next, this study further tested the CMV by using the modified marker
variable, and the result demonstrated that the marker variable had no statistically significant impacts on
trust, PBC, and intention, and common methods bias had little effect on the research model (R6nkkd &
Ylitalo, 2011).

Non-response Bias Analysis. Non-response bias refers to the bias that can occur when certain groups
of people do not respond to a survey. It occurs when the characteristics of those who respond to a survey
differ from those who do not respond, resulting in a sample that is not representative of the population. This
can lead to inaccurate or misleading conclusions if not taken into account. The most common way to
examine non-response bias is to compare the characteristics of the first respondents (viewed as respondents)
and the late respondents (viewed as non-respondents): By comparing the characteristics of those who first
responded to the survey with those who responded late, it is possible to identify any patterns or differences
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that may indicate bias (Dalecki et al., 1993). We compared the first 90% of the respondents with the 10%
of late respondents. The result showed no notable distinctions between the two groups of survey participants,
which suggests the non-response bias had little impact on the study’s results.

Constructs and Measurements Assessment

The results of Cronbach’s alpha and composite reliability scores, as displayed in Table 1, indicate that
the reliability of the constructs is sufficient. The scores are higher than the acceptable threshold of 0.7,
which suggests that all the constructs have adequate reliability.

TABLE 1
OUTER LOADING, CRONBACH’S ALPHA, AND
COMPOSITE RELIABILITY OF THE ITEMS AND CONSTRUCTS

Items Outer Loadings Cronbach’s Alpha Composite Reliability
PUO1 0.731
PUO5 0.734
PUO6 0.767 0.804 0.864
PUO7 0.803
PUO8 0.705
PEOUO1 0.791
PEOUO02 0.852
PEOUO3 0.838 0.887 0.915
PEOU04 0.823
PEOUO05 0.830
DSWO01 0.876
DSW02 0.769 0.797 0.879
DSW03 0.876
TT01 0.868
TT02 0.849
TTO3 0.803
TTo4 0.807 0.912 0.932
TTO5 0.814
TTO6 0.860
SNO01 0.924
SNO02 0.911
SNO3 0.940 0.93 0.948
SN04 0.764
SNO05 0.880
PBCO02 0.868
PBCO03 0.870
PBCOA 0.005 0.911 0.937
PBCO05 0.889
ITUITO1 0.839
ITUITO2 0.915
ITUITO3 0.905
ITUITO4 0.879 0.939 0.952
ITUITO5 0.871
ITUITO6 0.841
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The significance and strength of the correlation between each item and its corresponding underlying
concept are demonstrated by the significant factor loadings (above 0.6) seen in Table 1. The results of the
AVE statistic in Table 2 also support this convergence of validity. Further evidence of discriminant validity
was obtained by analyzing the square root of AVE values and cross-loading criteria of items, as shown in
Table 2. These results show that the square root of AVE values is greater than 0.5 for each construct and
higher than the inter-construct correlations, thus indicating a clear distinction between the different
constructs.

TABLE 2
AVE, SQUARE ROOT OF AVE, AND CORRELATIONS OF CONSTRUCTS
AVE PEOU ITUIT PBC SN TT PU DSW

PEOU 0.684 0.827*
ITUIT 0.766 0.324 0.875*

PBC 0.789 0.516 0.425 0.888*

SN 0.785 0.370 0.637 0.370 0.886*

TT 0.695 0.449 0.713 0.544 0.510 0.834*

PU 0.561 0.477 0.634 0.443 0.528 0.615 0.749*
DSW 0.708 0.099 0.417 0.217 0.274 0.423 0.332 0.842*

AVE: Average Variance Extracted
* Square root of AVE

Structural Model Assessment

The goodness-of-fit index (SRMR) is 0.072, indicating that the model meets the suggested criteria
(SRMR <0.08) and the proposed model is a good representation of the hypothesized relationships.

The structural model was validated by examining path coefficients and R2, which indicate the model’s
goodness-of-fit. Followed by Hair et al. (2014), the significance of path coefficients was determined using
the SmartPLS 4.0 bootstrapping method with a sample size of 5000. Figure 2 shows the PLS-SEM analysis
results.

FIGURE 2
PLS-SEM ANALYSIS RESULTS
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A summary of the path coefficients and the results of hypothesis testing are presented in Table 3. Seven
of the eight hypotheses (H1 to H8) are supported.
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TABLE 3
RESEARCH HYPOTHESES AND STATISTICAL RESULTS

Path Statistical
Hypotheses Coefficient Significance (p- Results
value)
H1 PU has a posm\_/e effect on users’ trust 0.423 <0.001 Supported
in insurance telematics
H2: F_’EQU has a positive effect on users 0.222 0.001 Supported
trust in insurance telematics
H3: DSW has a posmvg effect on users 0.261 <0.001 Supported
trust in insurance telematics
H4: _Trust has a positive effect on the Bl to 0.522 <0.001 Supported
use insurance telematics
H5: Tru_st has a positive e_ffect on the SN to 051 <0.001 Supported
use the insurance telematics
H6: Trust _has a positive eff_ect on the PBC 0.544 <0.001 Supported
to use the insurance telematics
H7: SN has a positive effect on the Bl to use
insurance telematics 0.369 <0.001 Supported
H8:.PBC has a posmye effect on the BI to 0.005 0.952 Not Supported
use insurance telematics

Specifically, trust positively affects the intention to use insurance telematics (=0.522, p < 0.001),
which supports H6. PU, PEOU, and DSW are significant positive predictors of trust ($=0.423,0.222, 0.261,
respectively, p < 0.001). Therefore, H1, H2, and H3 are supported. Additionally, trust has a significant
positive effect on SN (=0.51, p < 0.001), and SN has a positive impact on the intention to use insurance
telematics (=0.369, p < 0.001). Thus, H4 and H7 are supported.

Although trust is a significant predictor of PBC (f=0.544, p <0.001), PBC is not a significant predictor
of intention to use insurance telematics ($=0.005, p =0.952); therefore, HS5 is supported, and H8 is rejected.

In addition, the proposed model explains 47% of the variance in trust and 61% of the variance in ITUIT.

CONCLUSION

Understanding customers’ attitudes toward insurance telematics can significantly affect knowledge
management practices within the insurance industry. This study proposed and empirically tested an
extended TAM to understand users’ Bl when using insurance telematics, including trust and DSW. The
model argued that the level of trust largely determines a user’s intention to use insurance telematics.
Furthermore, trust is a function of PEOU, PU, and DSW. Trust also affects SN, which is positively
associated with ITUIT. The results strongly support the research model, with trust identified as the most
significant predictor of insurance telematics acceptance. This research contributes to research and practice
from multiple perspectives. The trust construct offers another explanation for the factors affecting users’
adoption of insurance telematics. DSW was found to impact users’ level of trust significantly. From a
business and marketing perspective, this finding suggests that the insurance sector should improve the
trustworthiness of insurance telematics by enhancing privacy protection features.

Meanwhile, trust can also be increased if users find insurance telematics useful and easy to use.
Therefore, insurers can emphasize the benefits of using insurance telematics, such as reducing insurance
costs, promoting safe driving, and being good for the environment. A well-designed interface would reduce
users’ efforts to understand and facilitate their acceptance of insurance telematics.
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Theoretical Implications

This research found that the role of trust was much more robust in predicting consumers’ intention to
use insurance telematics directly and indirectly, which is its first and most important contribution. In the
context of telematics, this research is the initial effort to recognize trust as the most critical antecedent in
determining insurance telematics usage. Trust exhibited a substantial direct effect on Bl in the work of other
researchers as well. The results align with existing technology adoption studies (Choi & Ji, 2015; Tian et
al., 2020).

In terms of its second contribution, this study demonstrated that trust could be built upon a combination
of cognitive beliefs of capabilities and functionalities of a technology. The study results showed that PU
and PEOU are appropriate for investigating trust in insurance telematics. In addition, these findings
demonstrated that it is vital to improve the consumers’ perception of the usefulness and ease of use to help
them gain confidence in the operation of insurance telematics. This is consistent with the trust models that
Zhang et al. (2019) proposed. According to their findings, trust relies on the performance of a system; the
usefulness and ease of a system should be fundamental determinants of trust. This implies that enhancing
insurance telematics’ effectiveness and ease of use would be essential and valuable for users to develop
trust in the technology.

The third theoretical contribution was that our results helped clarify the relationship between DSW and
trust in the technology adoption literature. While privacy risk has been frequently cited as a major concern
in technology adoption (Gao et al., 2015; Lemay et al., 2017; Zhou, 2011), our results revealed that DSW
determines users’ intention to use technology by impacting their level of trust.

Trust has a significant influence on SN and, in turn, on adoption. The analysis showed that trust could
explain 26% of the total variance in SN, providing an alternative to conceptualizing and predicting SN.
Although trust was found to affect PBC significantly, the PBC was not a factor affecting the intention to
adopt insurance telematics. This finding provided evidence against previous research (Dikmen & Burns,
2017; Wu & Chen, 2005). A possible explanation is that most of the survey participants in our study were
not direct users of insurance telematics. Less experience may have undermined this relationship. Another
reason is that these participants felt it was easy to use insurance telematics, and the PBC did not enhance
their trust levels.

Practical Implications

Telematics leverages digital technology to provide customers with a superior auto insurance product.
It enables insurers to build a closer relationship with customers and helps mitigate losses and fraud. It also
helps reduce the claim settlement time for a better customer experience. However, data collection through
telematics comes with privacy concerns and skeptical attitudes on the part of users. The insurance company
should enhance engagement, transparency, privacy protection, and customer experience to facilitate
telematics adoption.

The findings of this study can help auto insurers, car manufacturers, and telematics designers to create
feasible practices for developing and deploying insurance telematics. Trust showed the most substantial
effect on users’ adoption intentions. Facilitating user trust should be the primary focus in marketing
insurance telematics. The results suggested that marketers should explain how the technology helps and
protects drivers to promote universal access to insurance telematics. They can also consider offering users
a free trial to improve PU and explain its benefits. As a significant factor, PEOU can boost trust. This
finding implies that insurance telematics designers should reduce the complexity of interaction between
users and the telematics system and make insurance telematics easy to use by designing user-friendly and
easy-to-use apps and devices. Clarifying how the technology application and algorithm work for the benefit
of users would enhance their understanding and trust. Insurance companies should educate their customers
by making sure consumers understand the benefits of telematics, such as lower rates for safe driving and
how it works. They should offer incentives by including discounts or rewards for signing up for and using
the telematics program. The insurers should ensure that customer service is responsive and helpful, as this
will help to establish trust and encourage customers to adopt the telematics program. They should
continuously evaluate the program’s performance and adjust to improve its value and customer experience.
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Data privacy is a negative issue when discussing the adoption of insurance telematics. However, several
approaches can be applied to reduce barriers to trusting the technology and improve adoption. According
to our model, decreasing users’ perceived threats to their privacy and increasing their willingness to share
personal data would enhance trust. Therefore, it is suggested that insurers provide privacy and security
plans and communicate how drivers’ data are collected, stored, used, analyzed, and archived, as well as
how security and privacy rules are implemented to protect their personal information. Insurers should
improve the data quality by ensuring the data collected is accurate, reliable, and valuable for the insurance
company and the customer. These clarifications would go a long way in increasing users’ trust and
improving the adoption of telematics. Insurers can increase data sharing willingness by building trust, being
transparent about data use, providing clear customer benefits, and addressing privacy concerns. Overall,
the key to improving the adoption of insurance telematics is to create a user-friendly program that creates
value for customers and is perceived as trustworthy.

In addition, insurance companies can maintain excellent customer service to build long-term trust with
customers. They can offer concise and timely tips and feedback on driving behaviors to help customers
enhance their driving skills and feel more in control of their premium rate. Their efficient responses to
customers’ inquiries and complaints and quick resolution of claim issues also build solid trust with
customers.

Regulations are critical in overseeing new technology use in the insurance industry. Regulators should
regulate the new technology’s application and deployment, ensure insurance companies comply with laws
and regulations, and protect customers. Regulators need to monitor the use of telematics data, enforce data
protection laws, and ensure insurance customers are provided with explicit, accurate, and legitimate
information about data policies. The regulators must also review insurance companies’ policies and
practices to avoid discrimination or anti-competitive. For those who violate the compliant requirements,
regulators should conduct on-site examinations and take enforcement actions to ensure fair market
competition and the fair use of telematics technology.

Limitations and Future Scope of the Study

The form and functionality of insurance telematics technology may change in the future. Our study and
recommendations are based on how this technology currently works. Therefore, the first limitation of our
study is that if the technology changes significantly in the future, it may affect our results’ applicability.
Second, the respondents were relatively young, indicating that the collected data were biased toward young
people’s opinions. Another limitation is that most respondents did not have experience with insurance
telematics. Therefore, the trust discussed in this study reflected the respondents’ knowledge acquired from
sources such as the Internet and media. Future studies should investigate the trust of those users who have
experienced insurance telematics. Moreover, future research can explore the impacts of other factors, such
as perceived risk and value to adoption.
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