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Abstract


Background: Unlike other financial services, technology-driven changes in the insurance industry have not been a vastly explored topic in scholarly literature. Incumbent insurance companies have hitherto been holding their positions using the complexity of the product, heavy regulation, and gigantic balance sheets as paramount factors for a relatively slow digitalization and technological transformation. However, new technologies such as car telematic devices have been creating a new insurance ecosystem. The aim of this study is to assess the telematics technology acceptance for insurance purposes. Methods: The study is based on the Unified Theory of Acceptance and Use of Technology (UTAUT). By interviewing 502 new car buyers, we tested the factors that affect the potential usage of telematic devices for insurance purposes. Results: The results indicate that facilitating conditions are the main predictor of telematics use. Moreover, privacy concerns related to the potential abuse of driving behavior data play an important role in technology acceptance. Conclusions: Although novel insurance technologies are mainly presented as user-driven, users (drivers and insurance buyers) are often neglected as an active party in the development of such technologies.
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1. Introduction


Unlike their banking counterpart [1], technology-driven changes in the insurance industry have not been a vastly explored topic in scholarly literature. Incumbent insurance companies have hitherto been holding their positions using the complexity of the product, heavy regulation, and gigantic balance sheets as paramount factors for a relatively slow digitalization and technological transformation. This, however, does not imply that the digital tones have not been playing a part in the realm of insurance business. As a matter of fact, the whole insurance value chain has been affected with the digitalization paradigm shift. For supporting activities such as general management, IT, human resources, controlling, legal department, or public relations in an insurance company, these changes are more or less the same as in other service or financial companies. However, Ref. [2] imply that even the core activities in insurance, such as contract administration, claims management, asset management, and risk management, are witnessing the change based on technologies such as the Internet of Things, cloud computing, chatbots and artificial intelligence, blockchain, robot-advisors, and big data.



One of the Internet of Things’ (IoT) technologies that might propel the digitalization of the insurance industry is vehicle telematics. In general, vehicle telematics encompass the collection, transmission, and analysis of data collected from a device installed in a motor vehicle [3]. For more than a decade now, telematic devices in automobiles have been propounded as a technology that will reshape the future of car insurance [4]. By 2030, the industry of the car telematics value pool is expected to be as large as $750 billion [5]. Although the technology can be used for a myriad of different purposes, it is best suited to the decision-making process of car insurance companies [4]. The main idea behind the introduction of telematic devices is that they can affect driving behavior and decrease the moral hazard of drivers. This will consequently decrease accidents and improve safety. Ultimately, risk premiums will decrease. As stated by [6] (p. 19), “[b]y recording data on drivers’ behavior, the information asymmetry between the policyholder and the insurer is reduced, enabling a granular risk differentiation based on the true risk levels of drivers.”



The main problem with this approach is the axiomatic presumption that all drivers are the same. Some scholars have already made the argument that telematic devices are not “one size fits all” [7]. Neither the devices nor the approach to potential users has been personalized. The aim of our study is to fill the gap in the present body of knowledge by examining the main factors that affect customers’ intention to use vehicle telematics. Specifically, we question how drivers respond to new technology, and whether or not they are willing to accept it. For the purpose of this study, we adopted the Unified Theory of Acceptance and Use of Technology (UTAUT), developed by [8] as one of the most prominent theories on user acceptance of technology. The present body of knowledge recognizes the importance of novel insurance technologies, and especially vehicle telematics. However, most of them shed light on technology push or pool strategies, thus putting the spotlight on high-tech or insurance companies.



Only a paucity of studies even tangentially mentions users (drivers and potential users of telematics) as an active player in the telematic-based insurance ecosystem. Technology-driven advances in the insurance industry allow for the creation of new business models and emphasize the digital transformation of the industry. Accordingly, our study is motivated by a recent call to research the opportunities, challenges, and global trends of this sector and how they might contribute directly and indirectly to the achievement of a sustainable development of the insurance industry. Telematics-based insurance products have already been promoted in the literature as a perspective solution for sustainable insurance, as they directly affect environmental, safety, energy, and resources saving [9].



The remainder of this study is organized in as follows. Section 2 explains how telematics affect the insurance ecosystem and puts the emphasis on the role of end users (drivers). Section 3 thoroughly elaborates on the methodology used in the study-variables, measures, sampling procedure, and data processing. Section 4 presents the results of the study. Section 5 contextualizes the results by explaining the main findings, contributions, implications, limitations, and further recommendations. The final section is reserved for concluding remarks.




2. Theoretical Framework


2.1. The Telematic-Based Car Insurance Ecosystem


In this subsection, we explain how the car insurance ecosystem has changed due to the emergence of a novel Internet of Things device-telematics. Insurance is a complex financial service business based on pooling funds from a large number of policyholders and paying to the ones experiencing losses. Car insurance, specifically, involves writing insurance for both commercial or private vehicle owners. The mandatory third-party vehicle liability insurance policy, for instance, is linked exclusively to the vehicle, not to the driver. This means that any damage will be covered, regardless of who is driving the vehicle. The essence of the insurance business is related to the selection and quantification of numerous policy risks and setting the right price. This assignment is conducted by actuaries. Once the decision on the premium is set, the insurance policy can be sold either directly by the insurance company or via the broker or insurance agent.



Some studies simplify the revenue model of insurance companies by dissecting two main streams [10]. The first revenue stream is by investing the premiums collected into a portfolio of investments, which is usually highly regulated and specified by a supervising national body. This stream will be completely neglected in this study.



The second stream comes from underwriting activities. The profit from such activities is basically the difference between the premiums sold and the payment made to, or on behalf of, the losses, together with the service-related expenses. This stream is particularly important for our study, as one of the main differentiators in the “core” business is the efficiency of the underwriting process. This holds for both life and non-life insurance, including car insurance. The conventional and highly saturated car insurance industry has been facing major challenges recently. The World Bank Group reports that, especially in less developed insurance markets, vehicle insurance can be the largest class of non-life business [11]. The nature of the risk has changed dramatically since February, as vehicle use has fallen sharply in many countries as a result of public health measures. The first evidence of reduced risk implies that this type of business makes a positive contribution to the business of insurers in the short term. In the long run, however, insurance renewal is likely to decline, and reduced economic activity will lead to a reduction in portfolio size, with a proportionate reduction in claims. In addition, changes in the way you go to work may mean that some clients change vehicle use and location in a way not provided for in the policies.



In a concurrent business environment, technology is the paramount driver of efficiency for insurance companies [12]. One technology that fundamentally disrupts the car insurance industry is telematics. Given its prolificacy, vehicle telematics is a subclass of the Internet of Things (IoT), usually referred to as the Internet of Vehicles (IoV) [13]. These devices enable data sharing through vehicle-to-vehicle (V2V), vehicle-to-person (V2P), and vehicle-to-road (V2R) interconnectivity [14]. Ever since their introduction into the car industry, telematic devices have spread rapidly, from commercial to non-commercial uses [15].



Telematic devices are not a novelty in the car industry, but their use in industries such as insurance certainly is. Innovative insurance companies that favor the use of telematics will experience initial profit increases, but the profits are eroded by entry [16]. Thus, only first-movers will benefit from the new telematics-based car insurance ecosystem. This novel ecosystem is displayed in Figure 1.



As shown in Figure 1, three main levels of stakeholders in this simplified ecosystem are users, data and system integrators, and insurers. As for the users, they are represented by drivers, vehicles, and telematic devices, either integrated or added later to the vehicle. As for the integrators, they encompass data processors and insurance system integrators, such as the Green Card Bureaus. The third level dissects the core functions of insurance companies. The relationship among the main stakeholders is described in the section below.




2.2. The Dissection of Relationships among Main Stakeholders


Following the aforementioned car insurance paradigm shift, in the following subsection, we thoroughly examine and discuss the main nods (stakeholders) and the relationships among them. We also set the stage for the role of drivers and their willingness to accept the novel Internet of Vehicles technology for insurance premium purposes.



To start with, the four main types of vehicle telematic devices that can serve for data collection from customers are (1) black boxes, (2) dongle, (3) embedded, and (4) smartphone-based [17]. The extant body of knowledge has centered on telematic device usage in all main categories of vehicles. For instance, ref. [18] examined the use of telematic devices in semi-autonomous vehicles and discussed how this technology will require great collaboration between the car manufacturers and insurance companies in order to get a full understanding of the risks. Some authors raise another question for telematic devices and their use in the insurance context [19]. Namely, these authors emphasize the difference for telematics of two-wheelers and provide a novel crash detection algorithm proved against the experimental data for this type of vehicles. This is of particular interest, as motorcycle drivers cause the highest number of accidents [20]. Other vehicles, such as heavy-duty trucks [21], have also been investigated, but this is out of the scope of our study.



The telematic device connects the driver, the vehicle, and the data integrator. As for the connectivity with the driver, an issue with telematic device use is the fact that the driver is not necessarily driving one vehicle. A number of biometric matching techniques are used for this purpose [22]. For instance, ref. [23] propose a mechanism for driver identification based on driving dynamics signals currently available in production cars. The system collects and filters sensing data in a sliding window iteration, computes statistical and spectral features, and, finally, provides driver identification for each window frame through a classification process.



As for connectivity with the data integrator, this integration is made through Internet services usually by the LTE (Long-Term Evolution) standard for wireless communication [24]. Different classes of information, such as GPS data, vehicle temperature, engine information, vehicle information, break-system usage, and other data, are then sent to the data integrator. Important concerns have been raised for this information flow. First, the information can be subject to DDoS (hacking). Second, [25] shed light on data privacy, compare the privacy policies given on the companies’ websites and model privacy requirements, and focus on privacy requirements engineering in V2X (vehicle-to-everything, which encapsulates vehicle-to-vehicle, vehicle-to-person, and vehicle-to-road interconnectivity) telematic insurance applications.



This information is further processed to generate risk profiles within the insurers. The raw data is first combined and contextualized, at least for environmental factors, when an accident occurs. Some scholars [26] specify that these environmental factors include the location where certain events occurred, conditions on the road, weather conditions, and their overall contribution to risk.



Risk assessment and price setting are the core activity of insurers. A myriad of different data mining and machine learning approaches have been proposed to predict car accidents and accident claims [27,28]. For instance, [29] explained how new information (the event of a serious road accident being detected, based on airbag deployment and impact sensor information, transmitting GPS co-ordinates to local authorities in an effort to reduce response times and get assistance to the crash scene more quickly) would impact the price setting for European insurers. Obviously, insurance companies still lack the capacity to develop various algorithms using artificial intelligence. Accordingly, ref. [3] described the partnership of a system integrator and auto insurers based on the use of telematic devices, which in turn created a profitable business venture. This has opened an avenue for a number of data mining [30] and risk modeling approaches [31] based on the close ties between system integrators and the risk and contract management departments of insurers.



Individual assessment of risk is the core value of a telematic-based insurance ecosystem. Insurance companies in general can differentiate the policies and prices of their products by a precise formulation and calculation of the expected risk. Traditional models, however, only rely on general vehicle- or driver-specific variables [32]. With the richness of data provided by novel technology, insurance companies and their risk departments can count on the full modeling of drivers’ behavior. Namely, insurance companies can create driver behavior scoring models. These models could be applied to individual levels and driving styles as proposed by [33]. This particular scoring model would allow for a direct extension of common tariff functions, either by using ex post discounts or by entering an ex ante risk factor into the tariff model. Walcott-Bryant et al. [34] extend current usage-based insurance models and present context-based driving scores and driving behavior that include weather, time-of-day, and road quality. Most of the studies only pinpoint how insurers can appraise the behavior and attitudes of drivers. Nonetheless, this information is typically withheld from drivers. To fully close this feedback loop, [35] modeled a behavior change support system based on a telematic device that generates textual feedback for automobile drivers. This feedback is delivered as a weekly report via the smartphone application. Using the simulation-based approach, [36] experimented with sending safety messages to drivers and proved that in-vehicle telematics can play a pivotal role for novice drivers in relation to their driving behaviors.



To actually tailor the premium against a specific customer, an insurance company needs to create a driving behavior scoring system. The simple collection of a large amount of driving behavior data is not sufficient. The processing of such data and the creation of useful information and scoring models is another challenge for insurers. From an actuarial point of view, [37] made an attempt to scale sensitive telematic observables and generate efficient and effective scoring models that would be used in individual actuarial pricing. Additionally, [38] used multivariate credibility modeling for different strata of drivers, ranging from new drivers without a telematics record to contracts with different seniority, as well as drivers using their vehicle in a different capacity, to examine the nature and frequency of claims.




2.3. Predictors of Customer Acceptance of Telematic Devices and Research Hypotheses


The insurance ecosystem based on novel technology is a multifaceted phenomenon and includes a number of stakeholders. This study investigates the perspective of a single stakeholder—the user (driver insurance customer). Currently, insurance companies are changing the paradigm of their business, and some of them have been actively advocating for usage-based insurance (UBI) policies. As inferred by [26] (p. 817), “UBI is based on a myriad of data such as mileage, speed, location, time, total duration of trip, G-force, etc. extrapolated from telematics devices.” These policies include different services, such as pay-as-you-drive (PAYD), pay-how-you-drive (PHYD), and manage-how-you-drive (MHYD). Most of the concurrent telematics are based simply on OBD-II programs, but by 2022, black-box devices will be dominant [39]. Recently, most of the practical and scholarly attempts to analyze telematic-based insurance and UBI models have evolved around the “technology push”. Contrary to that, we wanted to examine the “pull” side-technology acceptance by users.



A number of models of technology acceptance have been proposed in the literature. The theoretical research frameworks used in this context are TPB (Theory of Planned Behavior), TRA (Theory of Reasoned Action), TAM (Technology Acceptance Model), and UTAUT (Unified Theory of Acceptance and Use of Technology). As explained by [40], TAM and UTAUT were most commonly employed in investigating driver technology acceptance.



Venkatesh et al. [8] reviewed eight prominent information technology user acceptance models and integrated their elements into the UTAUT model. This empirically validated model introduced four determinants of behavioral intention and usage behavior, along with four moderator variables: gender, age, experience, and voluntariness of use. Given that UTAUT effectively explains technology acceptance for novel information technology products [41], this model was specifically selected and adapted to examine telematics acceptance in the following terms: performance expectancy, effort expectancy, social influence, facilitating conditions, and behavioral intentions. UTAUT has been vastly used when examining user acceptance of a myriad of different technologies, which range from mobile devices and smart grids IoT to blockchain technology and beyond [42,43,44]. For behavioral intention, in particular, the scenario is thoroughly explained in Appendix A. Simply put, the use of telematic devices would improve the users’ bonus-malus scheme.



Besides the constructs drawn from UTAUT, our proposed research model was extended by adding a privacy concerns variable. The original UTAUT model has already been enriched with additional variables, which also stand for privacy concerns [42]. The main theoretical assumption behind introducing privacy concerns is that sharing any personal data raises questions on the acceptance of the technology. Furthermore, the geographical context of the study implies a high sensitivity of respondents to the privacy setting for any innovation [45].



Following these conclusions, we set two main hypotheses:



Hypothesis 1 (H1):

Performance expectancy (PE), effort expectancy (EE), social influence (SI), and facilitating conditions (FC) positively affect behavioral intention (BI) to use telematics for insurance purposes.





Hypothesis 2 (H2):

Privacy concerns (PC) moderate the relationship between technology acceptance predictors and behavioral intention to use telematics for insurance purposes.





Following a literature review and the aforementioned hypotheses, our proposed research model is given in Figure 2.





3. Methodology


Our study was based on primary data collected in the premises of several insurance companies and car dealerships in Belgrade (Serbia) in August and September 2020. We used a Pen-and-Paper Personal Interview (PAPI) questionnaire form to collect the data. The main rationale behind the use of a hard copy, rather than an electronic version of the questionnaire, was the novelty of telematics technology. Prior to responding to the questionnaire, trained assistants explained the use of the technology to potential respondents.



3.1. Variables and Measures


The aim of our study was to assess drivers’ openness to embracing and using new technology for insurance purposes motivated by discounts and improved bonus-malus schemes. Technology readiness is a vividly discussed topic in the literature, and a number of scholars have already made an effort to examine the readiness of customers to participate in IoT-based business models [43,46].



Following these approaches, we first set a scenario for the use of telematics for insurance purposes. For the scenario explanations, we adapted the prerequisites of [47], who implies that “customers who consent to the installation of a black-box on their vehicles and allow the insurance company to collect and record data concerning their driving patterns, are normally rewarded with cheaper car insurance rates.” To some extent, this is a specific trade-off between the intrusion on customers’ privacy and the lower price they would pay for this intrusion. The detailed description of the scenario is given in Appendix A.



Afterwards, we operationalized measures based on UTAUT and the theoretical model set in Section 2. For the independent variables, we developed the following measures:




	
FC: Facilitating condition (inspired by [8] and [48])



	
SI: Social influence (based on [8] and [49])



	
EE: Effort expectancy (adapted from [8] and [48])



	
PE: Performance expectancy (inspired by [48], [40], and three inquires modestly contributed by the authors)



	
PC: Privacy concerns (inspired by [50]).








Due to the lack of instantaneous readiness to implement an insurance operated telematic device, the dependent variable was determined as a possibility, rather than a firm readiness to purchase the device, following [40].



Even though the majority of the items and constructs were based on previous scales, we pilot-tested the questionnaire. The reason for this was that the items were translated into our native language (Serbian). The pilot testing was conducted by eight undergraduate students at the University of Belgrade. After collecting feedback, the inquiries were refined. The final list of individual items and a full questionnaire are given in Appendix B. Aside from the demographic part, all the items were measured on a Likert-type scale ranging from 1 (strongly disagree) to 7 (strongly agree).




3.2. Sampling Procedure, Data Collection, and Processing


The particular aim of our study was to assess users’ readiness to embrace and use new telematic technology, which could be installed in new vehicles. Using a convenience sampling method, the survey involved 502 respondents. As we tried to include respondents from various demographic groups, and as the questionnaire was simultaneously delivered by several trained assistants, the questionnaires were coded in order to decrease any possible invasive sub-clustering [51,52].



The data were entered into SPSS (Statistical Package for Social Science) version 20.0. The pre-analysis was done with descriptive statistics (means, standard deviations) and internal reliability tests (Cronbach’s Alpha). The interdependence of variables was tested with correlations (Pearson moment two-tailed correlation coefficient analysis). The main analysis and hypotheses testing were conducted by a series of multiple regressions.





4. Results


In this section, we first describe the main sample characteristics, then conduct a pre-analysis, and afterwards test the study hypotheses.



4.1. Sample Characteristics


The total number of respondents in our study was 502. The sample was gender balanced (Female = 48.4%; Male = 50.8%; refuse to say or other = 8%). The age structure was also balanced (Mean = 37.97 years, SD = 11.11); 48.4% of respondents was between 17 and 35 years old (two respondents being only 17, and three being older than 65). Most of the respondents were experienced drivers (see Table 1).



When asked about their usual driving frequency, most of the respondents were commuters, using their vehicle between two and five days a week (54.4%), followed by those using their vehicle only occasionally (23.9%). Of the total, 12.4% of respondents used their vehicle for professional purposes.



As for automated driving assistance in their cars, the majority of respondents claimed not to have any device at all, or having low assistance, such as parking sensors (47.6% and 34.1%, respectively).



When asked about how tech-savvy they considered themselves to be, contrary to our expectations, approximately 70% of respondents claimed to be very interested in new technologies. Only 2.19% of respondents considered themselves not to be interested in new technologies.




4.2. Pre-Analysis


Since all the constructs of the independent variables and the dependent variables were multi-itemed, we first analyzed the descriptive statistics (means and standard deviations) of particular items. The results are displayed in Table 2.



After examining singular items, we created composite measures for each construct. Namely, we calculated arithmetic means for each multi-itemed construct (FC, SI, EE, PE, and BI). Prior to doing this, we examined the internal reliability by calculating Cronbach’s Alpha (α) for each construct. Using a standard threshold of α > 0.70, we ascertained constructs for FC (α = 0.86), EE (α = 0.70), PE (α = 0.81), and BI (α = 0.72). We also accepted the internal reliability for SI (where α = 0.64), as the value was approaching the traditional threshold for statistical significance. As indicated by respondents, Facilitating Conditions (FC) were rarely marked as an obstacle (Mean = 5.32, SD = 1.33). Performance Expectancy (PE), on the other hand, was marked relatively low compared to other constructs (Mean = 3.82, SD = 1.21). All other results are shown in Table 3.



Table 3 also displays the correlation matrix for independent, dependent, and control variables. Bearing in mind that the scale used in the study has already been actively used for technology acceptance, it was not odd to see that a number of positive correlations were captured. At the same time, these results have opened an avenue for further hypotheses testing, but also drawn our attention to the possible multi-collinearity issue.




4.3. Hypotheses Testing


After conducting the pre-analysis, the hypotheses were tested. For this purpose, three standard multiple regression analyses were conducted. Table 4 shows the results of the regression analyses of behavioral intention to use telematic devices for insurance purposes based on independent variables (Model 1: FC, SI, EE, and PE; Model 2: FC, SI, EE, PE, and PC1; and Model 3: FC, SI, EE, PE, and PC2).



Prior to acknowledging the theoretical model, we tested the variables for auto-collinearity and multi-collinearity issues. As for auto-collinearity, we examined Durbin–Watson statistics. None of the models showed autocorrelation for the given threshold, 1.5 < d < 2.5 (the results were d1 = 2.059, d2 = 2.076, and d3 = 2.044, respectively). For the purpose of multi-collinearity check, we calculated the Variance inflation factor (VIF) as a quantification of the severity of multi-collinearity in an ordinary least square regression analysis. The traditional thresholds are 1.5 < VI F < 2.5. As shown in Table 4, none of the variables had VIF below or above the standard thresholds.



After testing for auto- and multi-collinearity, we tested the hypotheses of the study. In general, H1 was confirmed. However, the overall effect was modest, as only about 7% of variability was found (Adj. R2 = 0.067; p < 0.00). In particular, only Facilitating Condition (FC) was found to be a significant predictor of Behavioral Intention and was able to explain as much as 14.2% of the variability of the independent variable.



For H2, we split the overall moderating effect of Privacy Concerns into those related to the insurance company (H2a) and the ones related to the telematics manufacturer (H2b). When added to the regression model, Privacy Concerns related to insurance companies do not affect the overall effect. Accordingly, H2a is not confirmed.



However, the technology manufacturer plays a pivotal role in the decision to use a telematic device for car insurance purposes. When added to the regression model, PC2 significantly changes the overall effect. Privacy concern accounts for more than half of the variability of the model (B = 0.459, SE = 0.034; β = 0.541; p < 0.00). Accordingly, H2b is confirmed.





5. Discussion


In this section, we contextualize the study results by elaborating on key findings and contributions, twofold implications (for scholars and practitioners), as well as limitations and further recommendations.



5.1. Key Findings, Contributions, and Implications


The aim of our study was to question how drivers respond to new technology, and whether or not they are willing to accept it for car insurance purposes. For the purpose of this study, we adopted the Unified Theory of Acceptance and Use of Technology (UTAUT), one of the most prominent theories on user acceptance of technology, and interviewed 502 drivers/insurance premium buyers.



As the results indicate, Facilitating Conditions (FC) are a statistically significant predictor of the behavioral intention to use car telematic devices for insurance purposes. This is in line with some studies that recognize physical potential and capacity as the foremost driver of novel technology usage [53]. Nonetheless, other studies, such as [40], find all the other factors to be significant predictors, isolating only Facilitating Conditions as insignificant. One explanation for this phenomenon might be the fact that users would generally need pre-experience in order to fully understand Effort Expectancy and Performance Expectancy, as inferred in [54].



We developed a rich understanding of the main drivers behind technology adoption and how insurers can benefit from it. However, an even more profound insight and general contribution can be drawn from the testing of the second hypothesis. Namely, we found that users generally do not see insurance companies as privacy invaders. Although it might be a judicious judgment, the underlying rationale for this is probably the heavy regulation of the insurance industry and layers of information flow control. On the other hand, respondents generally see high-tech manufacturers as information abusers.



The study results indicate that insurance companies should go on introducing new technologies into the changing insurance ecosystem, following the users’ readiness to accept novelties. However, the innovative side of our findings comes from a lateral conclusion, which emphasizes the direction of their cooperation with technology producers. Users find insurance companies to be reliable partners in using their personal driving behavior data. Telematic device producers, however, are not seen as a trustworthy partner at the moment. Seemingly, digital technologies in general are poised to create privacy vulnerabilities.



This study has twofold implications. For researchers, it provides an opportunity to further question the development of the technology-driven ecosystem. As insurance technologies advance, the business, revenue models, dynamics, and growth of the insurance industry change. This study puts the spotlight on a single stakeholder—the user. Although some progress has been made for other stakeholders in the insurance ecosystem, this remains a “blue ocean”. As for practitioners, this study emphasizes the importance of facilitating conditions on one side and privacy concerns on the other. As for the facilitating conditions, new vehicles are inevitably going to be equipped with more sophisticated technologies. Their uses will go beyond the current ones—electronic diagnostics, navigation system, automated driving assistance, internet data, etc. Insurance companies should become a stronghold in the usage of this technology for car insurance purposes. Even though this study finds a positive relationship between facilitating conditions and behavioral intentions to use telematics, we might speculate that this factor will not be the uppermost determinant in the near future. As for privacy concerns, new vehicle technologies should convince drivers and insurance users that their data would be safely stored and that any information on driving behavior would not be abused. As the results indicate, the main driver of car telematic use might be the partnership between the device manufacturers, data integrators and insurance companies. This network might alleviate concerns related to the possible misuse of driving behavior data.




5.2. Limitations and Further Recommendations


As all other quantitative studies, ours has a number of flaws and limitations. The first limitations that might raise the question of the generalizability of the findings is the narrow geographical context of the study. The study was conducted in Serbia. At best, the findings could be replicated in those countries with a similar level of economic development, tech-savvy attitude, and insurance sector features. It should be noted that both risky driving behavior [55] and preference toward insurance [56] are highly contextual and culture-driven phenomena. A further body of knowledge should be built around new evidence from authors’ markets, as well as from comparative studies.



Another limitation of the study is the paucity of factors taken into consideration for the use telematics for insurance. An avenue for further research is the inclusion of new potential drivers of technology use. Moreover, additional studies might inspect new mediating variables. For instance, an interesting mediating variable might be the experience of drivers with insurance claims, as [57] generally find that the trust in insurance falls with previous bad experiences.



It should be noted that this study is cross-sectional by nature. Technology acceptance in general, and telematics for insurance purposes acceptance in particular, are dynamic phenomena. Thus, we only captured a singular moment. Follow-up studies should examine and explore evolutionary time-based characteristics of telematics acceptance.





6. Conclusions


The market for telematic devices and the Internet of Vehicles (IoV) is evolving and becoming more saturated and consolidated. Concurrent approaches to the development of these promising technologies have mostly been based on technology push models, putting the spotlight on those stakeholders aimed either at manufacturing the devices or capturing, processing, and analyzing the data generated from them. As the devices become more sophisticated and the data become more manageable, standardized, and actionable, the focal point will transfer from supply to demand. This study is a modest contribution to the alleviation of this paradigm shift. We report on early user acceptance of this novel technology, considering insurance as the main purpose of telematics.



As reported in the study findings, users have a statistically significant influence on the acceptance and intentional use of car telematic devices for car insurance purposes. However, this influence is relatively low, as we captured only a small portion of the variability. When moderated for privacy concerns, however, the variability significantly increases. Accordingly, we conclude that novel technologies are highly affected by the consciousness of technology users of the accustomed collection of data on their everyday actions and behaviors.



This study adds to the concurrent body of knowledge in several ways. First, we delineate the possible model of telematic-based insurance market. Second, we draw attention to the pull rather than push effects of the introduction of novel telematic technology. Third, we empirically validate the main factors of the possible usage of novel technologies by the end users. With regards to the practical use, this study sheds the light on the need of insurers (both companies and regulatory bodies) to manage regulatory requirements and demonstrate high-quality data security management for a digital paradigm shift. The use of telematics will help insurers in accurately estimating policies and reducing frauds, but every technology comes with apprehensions.
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Appendix A. Scenario Description


The telematics system is a system for collecting, processing, and transmitting data on the driving style and operation of vehicles. An example of a telematics system for the purposes of this research is a combination of so-called “Dongle” devices and mobile phone applications. The “Dongle” device simply plugs into an OBD2 diagnostic connector that all new cars have. The device collects data on speed, mileage, driving time, movement maps, sudden accelerations and braking, airbag deployment, etc. The driver can monitor the collected data in real time or after driving via a mobile phone application.



If you accept usage of the telematic device, and allow an insurance company to retrieve the data on your driving behavior, you will be granted a premium discount and/or advanced bonus-malus scheme.




Appendix B. Final Questionnaire (Constructs Only)




 





Table A1. Individual items and constructs used as a part of the questionnaire.
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Construct

	
Items






	
Facilitating Conditions (FC)

	
FC1 I have the necessary resources to use telematics in my vehicle.




	
FC2 I have the necessary knowledge to use telematics in my vehicle.




	
FC3 If I have difficulty using telematics, there will be experts to help me.




	
FC4 Telematics is compatible with other technology I use in my vehicle.




	
Social Influence (SI)

	
SI1 People who are important to me think that I should use telematics in my vehicle.




	
SI2 People who influence my behavior think that I should use telematics in my vehicle.




	
SI3 In general, the insurance company I am associated with would support the use of telematics.




	
Effort Expectancy (EE)

	
EE1 I could quickly and easily utilize a new telematics device.




	
EE2 It would be easy for me to become skillful at using telematics.




	
EE3 I find telematics easy to use




	
EE4 Learning to operate telematics is easy for me.




	
Performance Expectancy (PE)

	
PE1 I would find telematics useful in collecting all information about my driving behavior.




	
PE2 Using telematics would quickly provide my company with all the information that it needs.




	
PE3 Using telematics would improve my driving performance.




	
PE4 If I use the system, I will increase my chances to improve my bonus-malus scheme.




	
PE5 Using telematics in driving would increase my safety.




	
PE6 Using telematics would enhance the effectiveness of my driving.




	
Privacy Concerns (PC)

	
PC1 I am concerned that my vehicle telematic data could be misused or abused by the insurance company I am associated with.




	
PC2 I am concerned that my vehicle telematic data could be misused or abused by the manufacturers of the vehicle or telematic device.




	
Behavioral Intention (BI)

	
BI1 If a telematics system is available on the market free of charge or at an affordable price, I intend to purchase the system.




	
BI2 If my vehicle was equipped with a telematics system, I predict that I would use the system regularly when driving.




	
BI3 Assuming that the system is available, I intend to use the system regularly when driving.
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Figure 1. Simplified telematics-based car insurance ecosystem. 
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Figure 2. The proposed research framework for telematics-for-insurance users’ acceptance. 
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Table 1. Driving experience of respondents.
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	Item
	Frequency
	Percent
	Cumulative Percent





	Less than 2 years
	28
	5.6
	5.6



	Between 2 and 5 years
	113
	22.5
	28.1



	Between 5 and 15 years
	120
	23.9
	52.0



	Between 15 and 25 years
	95
	18.9
	70.9



	More than 25 years
	118
	23.5
	94.4



	N/A
	28
	5.6
	100.0



	Total
	502
	100.0
	










 





Table 2. Descriptive statistics for particular items.
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Item

	
Mean

	
STD

	
Item

	
Mean

	
STD






	
Facilitating Conditions (FC)

	
Performance Expectancy (PE)




	
Resources (FC1)

	
5.35

	
1.60

	
Useful (PE1)

	
4.36

	
1.51




	
Knowledge (FC2)

	
5.61

	
1.46

	
Prompt (PE2)

	
4.34

	
1.77




	
Expert support (FC3)

	
5.08

	
1.66

	
Improves driving (PE3)

	
2.42

	
1.40




	
Technology compatibility (FC4)

	
5.24

	
1.63

	
Improves bonus-malus (PE4)

	
3.72

	
1.84




	
Social Influence (SI)

	
Increases safety (PE5)

	
4.06

	
1.78




	
Important persons support (SI1)

	
4.66

	
1.88

	
Enhances effectiveness (PE6)

	
3.99

	
1.79




	
Influencing person support (SI2)

	
3.57

	
1.78

	
Behavioral Intention (BI)




	
Insurance company support (SI3)

	
4.68

	
1.78

	
Affordable price (BI1)

	
3.56

	
1.60




	
Effort Expectancy (EE)

	
Appropriate technology (BI2)

	
4.47

	
1.61




	
Utilizing technology (EE1)

	
3.76

	
1.85

	
Intention to use (BI3)

	
4.26

	
1.91




	
Becoming skillful (EE2)

	
3.59

	
1.95

	
Privacy Concerns




	
Easy to use (EE3)

	
4.22

	
1.57

	
Insurance company (PC1)

	
5.86

	
1.47




	
Easy to learn (EE4)

	
4.67

	
1.85

	
Tech-manufacturer (PC2)

	
3.57

	
1.64











 





Table 3. Descriptive statistics, reliability analysis, and correlation matrix for constructs.
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	Construct
	Mean
	STD
	α
	2
	3
	4
	5
	6
	7





	FC
	5.32
	1.33
	0.86
	0.49
	0.38
	0.56
	0.43
	0.14
	0.23



	SI
	4.31
	1.39
	0.64
	
	0.42
	0.52
	0.25
	0.31
	0.21



	EE
	4.06
	1.31
	0.70
	
	
	0.58
	0.28
	0.13
	0.11



	PE
	3.82
	1.21
	0.81
	
	
	
	0.44
	0.25
	0.23



	PC1
	5.86
	1.47
	n/a
	
	
	
	
	0.14
	0.14



	PC2
	3.57
	1.64
	n/a
	
	
	
	
	
	0.58



	BI
	4.10
	1.37
	0.72
	
	
	
	
	
	







Note: Highlighted in gray: significance at p < 0.05; else: significant at p < 0.00.













 





Table 4. Regression models for behavioral intention to use telematics.
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Model_1

	
VIF

	
Model_2

	
VIF

	
Model_3

	
VIF






	
[Constant]

	

	

	

	

	

	




	
FC

	
0.142 *

	
1.597

	
0.143 *

	
1.713

	
0.154 *

	
1.598




	
SI

	
0.102

	
1.582

	
0.098

	
1.596

	
−0.046

	
1.665




	
EE

	
−0.049

	
1.535

	
−0.042

	
1.537

	
−0.025

	
1.537




	
PE

	
0.112

	
2.147

	
0.100

	
2.269

	
0.047

	
2.163




	
PC1

	
/

	
/

	
0.027

	
1.322

	
/

	
/




	
PC2

	
/

	
/

	
/

	
/

	
0.541

	
1.616




	
R

	
0.275

	
0.278

	
0.581




	
R2

	
0.075

	
0.077

	
0.338




	
Adjusted R2

	
0.067

	
0.067

	
0.331




	
Durbin–Watson (d)

	
2.059

	
2.076

	
2.044




	
F test

	
9.521

	
7.792

	
47.528




	
Significance

	
0.000

	
0.000

	
0.000








Notes: Dependent variable for Models 1–3: Behavioral intention (BI). Only standardized coefficients (betas) are displayed. Significance: * p < 0.05; ** p < 0.01.
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