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Abstract

:

The availability of better behavioral information about their customer portfolios holds the promise for different and more accurate pricing models for insurers. Changes in pricing, however, are always fraught with danger for insurers, as they enter long-term commitments with incomplete historical information. On the other hand, sharing personal information is still viewed with skepticism by consumers. Which type of personal information are consumers willing to share with insurers, and for what purpose? How would they like to be rewarded for this openness? For insurers, how will the transition shift their risk portfolios? This paper addresses these questions for auto insurance, particularly how the self-assessment of one’s driving style impacts this dynamic. In a survey of approximately 900 Swiss residents, we found that offering a compensation, especially premium discounts, but also services, significantly improves willingness to share information. Higher trust in insurance increases sharing. Women and younger people are more willing to share information. On the other hand, customers are less willing to disclose, to insurers, information not traditionally associated with insurance. The self-assessment of driving style also plays a significant role. More risk-averse driving styles are correlated with higher sharing. Conversely, riskier driving styles are correlated with lower sharing. This result is significant for insurers, as new data-driven pricing and services models should tend to attract less risky customer portfolios.
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1. Introduction


Insurance companies have driven adverse selection in competitors’ portfolios by continuously refining underwriting criteria. Historically, most of these criteria have been static, and only recently have companies been able to incorporate into pricing schemes information directly related to risk. As more precise and more timely information about actual customer behavior becomes available, the industry is poised to introduce true behavioral pricing models which are able to calculate premiums based on actual customer behavior. For example, in automotive insurance, companies will no longer need to rely on risk proxies such as age, gender, number of previous claims, etc., but will directly collect and analyze driving information such as speed, length and time of driving, acceleration, distance to the car in front, g-forces in turns, etc., to determine the appropriate premium.



While it is possible that the introduction of autonomous vehicles (AV) renders this opportunity moot, it is not clear when and how quickly fully autonomous AV will be introduced. Indeed, the launch date for mass production keeps getting pushed back, and several researchers have identified significant technological, infrastructural and legislative issues that will need to be addressed and resolved for AV to leave testing programs for full market introduction. It is therefore likely that human-driven vehicles will dominate the market for several more years to come, and that behavioral pricing will provide significant advantages for automotive insurance. In addition, similar real-time data-driven behavioral models can play a significant role in home and health insurance.



One of the most significant challenges for the insurance industry, however, is obtaining access to this behavioral information. Insurance companies are not natural owners of this information, and they need to collect it through direct agreement from their customers and the appropriate technological infrastructure. Although driving information is collected and available in car management systems, insurance pay-as-you-drive (PAYD) models have traditionally relied on additional hardware or a connection to a customer’s smart phone to access this information, and customers have been open to this arrangement with the promise of discounts for safer driving. Nonetheless, PAYD models have struggled in the industry, and typically face a significant challenge in managing physical devices.



The need for customers to agree to share their personal information poses a significant risk management challenge for insurers. Especially in the transition phase, as new underwriting and pricing models are being developed: what kinds of customers are open to sharing their information, and why? This question is not trivial: if, for example, aggressive or risky drivers are overwhelmingly more open to PAYD models, the risk of the insured portfolio will be heavily skewed and potentially significantly underpriced. In this paper, therefore, we investigate whether a driver’s self-assessment of their driving style impacts their willingness to share behavioral data with insurers. More traditionally, we also look at how gender, age, trust and benefits impact this willingness to understand how significant self-assessment is in relation to these factors.



This research is linked to three significant bodies of literature pertaining to the importance of customer data in insurance, the willingness of customers to share personal information with companies and the ability of drivers to accurately and consistently assess their driving style.



1.1. Customer Data in Insurance


Insurance companies use customer data to classify risks and develop pricing structures. Lack of access to this information leads to inaccurate pricing and it is a strategic challenge for insurers. Rothschild and Stiglitz (1976) developed an approach to avoid information asymmetry due to customer non-disclosure of relevant information. However, not all adverse selection is due to this phenomenon, and more recent research reports inconsistent support for this dynamic (Cohen and Siegelman 2010; Thomas 2017).



Cather (2018) proposes a cream-skimming dynamic to adverse selection, in which insurers using better customer data are able to identify competitors’ overpriced customers and attract them to their portfolio. Insurers use a number of variables to place customers into risk pools and determine pricing. More precise models allow for more accurate premiums, and companies who are not able to match the models of their more innovative competitor will lose low-risk customers (Maurstad et al. 2001). Interestingly, customers may not be aware of the information triggering the improved pricing, nor do they necessarily welcome the higher premium differentiation. However, historically, insurance markets have typically evolved to more precise risk classification models and differentiated pricing.



In the early 1990s, insurers started using consumer credit scores to price policies, with dramatic results: the United States Federal Trade Commission estimated that 59% of customers saw a decrease of up to 30% in their premium, while 41% saw an increase of up to 60% (Federal Trade Commission 2007). A similar revolution may be in progress with usage-based insurance (UBI) where actual driving behavior is linked to risk and informs pricing. This allows a further development of risk classification into individual, behavior-based pricing. UBI, however, also poses significant challenges for insurers: first, it is not clear how exactly the behavior is linked to risk. Secondly, managing a physical device and variable monthly billing are not traditional components of insurance business models. These factors also make UBI models difficult to copy, and can build significant barriers to entry for slow-moving competitors (Cather 2018).



Insurance pricing models based on driving behavior (referred to as pay-as-you-drive, or PAYD) can more closely align premiums with risk exposure and provide incentives for drivers to minimize risks and emissions. Paefgen et al. (2013) find that even a relatively limited set of variables (time of day, day of the week, road time, average velocity and mileage exposure) are good predictors of risks, and show the promise of PAYD models even as they concede their challenge to current actuarial models due to the volume and complexity of the underlying data required. Technological innovation and digitalization in particular, present challenges for insurers. Accessing customer information should allow for improved risk-based pricing. However, it is not clear that customers will be willing to share this information. Genetic information, for example, may be deemed unfair but may be valuable for prevention. In general, however, more information and more precise pricing should provide a strong signal to change risky behavior and decrease moral hazards, and should therefore have a significant impact on insurance (Eling and Lehmann 2017).




1.2. Willingness to Share Personal Information


People are willing to share information in exchange for some benefit subject to the privacy calculus, an assessment that their information will be used fairly and they will not suffer negative consequences. They perceive information requests to be less invasive when (a) the information is collected in the context of an existing relationship; (b) they can control the future use of the information; (c) the information is relevant to the transaction and (d) the information can be used to draw reliable and valid inferences (Stone and Stone 1990). Thus, companies and customers engage in a social contract whereby companies use information to provide better services, and customers exchange their information to benefit from these improved services. As companies become better equipped to collect and analyze customer data, customers are becoming more suspicious about what companies know and what they should know about their needs, wants and behavior. The customers’ willingness to share information (WSI) is linked to trust in the company, which in turn is driven by past experience, as well as by the reputation and perceived dependability of the company (Schoenbachler and Gordon 2002). Explicit and communicated procedural fairness—providing customers with a voice and control over the outcomes—can have a major impact on trust and has been shown to mitigate privacy concerns (Culnan and Armstrong 1999). Privacy concerns diminish WSI on social media, and trust is a significant driver of sharing behavior on social media platforms. However, people are willing to share information with their smaller circle of friends regardless of the trust placed on the platform (Lo and Riemenschneider 2010). Tsai et al. (2011) found that consumers are more likely to purchase from sites with more prominently displayed and stricter privacy conditions, and are willing to accept up to a 4% price premium for improved privacy. This was observed for lower-priced items, and an upper bound in absolute terms may exist for higher-priced items. Acquisti et al. (2013) performed a field experiment among US female shoppers and found that consumers place a much higher valuation on disclosing otherwise protected data than paying to protect their data. In addition, they find that the sequence of presenting options impacts consumer preferences significantly: presenting privacy enhanced options before their less privacy protective alternatives increases the preferences for them.



Online shoppers are more open to sharing information with advertisers than with data brokers and more open to sharing name, location and other demographic information than behavioral, financial or health information. Younger consumers are more likely to share information, as are male respondents (Jai and King 2016). Miesler and Bearth (2016) developed scenarios in health, retail and finance to find that consumers are relatively unwilling to share financial and behavioral data but comparatively more open to sharing demographic information. Explicit articulation of the benefits of sharing information and control over its use increases the respondents’ WSI.



Grouping respondents by privacy concerns in three categories—(a) Fundamentalists, who view privacy as an especially high value; (b) Pragmatists, who weigh the value to them and society of personal information; and (c) Unconcerned, who have little problem with supplying personal information—has a significant impact; WSI. Fundamentalists are significantly less willing to share personal information regardless of other factors, while Unconcerned are significantly more open to doing so. Contrary to previous research which estimated the split at 25/55/20 percent, Jai and King (2016) found the split among online shoppers to be 70/15/15 percent, suggesting a strong need to leverage other methods (e.g., loyalty programs) to obtain personal information from Fundamentalists. Perceived value is also a key driver of WSI in non-online markets and WSI has in turn a strong effect on customer loyalty. However, it has at best a weak effect on share of wallet (Leppäniemi et al. 2017). In addition, WSI decreases as the number of recipients increases, whereas social distance and the amount of information disclosed have no impact. Interestingly, female respondents are less likely to share body information with close recipients and males are less likely to share information if they believe the information will be verified (Schudy and Utikal 2017). One of the most significant challenges remains the privacy paradox—the claim that users are very concerned about the privacy of their personal data and the remarkable lack of activity to protect it. This paradox is pervasive can arise in both rational and irrational decision processes; it is further complicated by the widespread use of mobile devices and there are as yet no concrete proposals to address and correct it (Barth and de Jong 2017).




1.3. Self-Assessment of Driving Style


Dunning et al. (1989) found that people predominantly provide self-serving assessments that appear objectively indefensible, and proposes that this is due to the fact that the meaning of most characteristics is ambiguous, thus allowing people to use self-serving trait definitions. Interestingly, he found that people ascribe to themselves more of a given characteristic than their peers, independently of whether it is a positive or a negative characteristic, and that gender does not influence the results. In a subsequent paper, Kruger and Dunning (1999) found that this overly favorable view of one’s abilities correlates with lack of skill in that domain and links it to a lack of metacognitive skills to realize this error of assessment. Paradoxically, improving skills, and thus improving metacognitive competence, helped people realize the limitations in their abilities and lowered their self-assessments. This bias persists across several real-world domains (health, education and the workplace): People are unrealistically optimistic about their own health risks; students seem largely unable to assess how well they have comprehended new material and employees to CEOs display overconfidence in their judgement (Dunning et al. 2004). However, Ross (2006) found that self-assessment can improve student behavior and that its accuracy can be enhanced through training.



Drivers similarly overestimate their capabilities and rate themselves positively on all scales and higher than the average driver. This results holds for U.S., Spanish and West German drivers, albeit with some differences across the countries. Additionally, in general, men assess themselves more positively than women, and older drivers more positively than younger drivers (Sivak et al. 1989). This overestimation is consistent with a “positive-self” bias rather than a “negative-other” bias. Men display this bias in all driving components examined, while women rank themselves as no better than the average in some components. These gender differences were found to be substantially reduced when driving experience was controlled for (McKenna et al. 1991). Groeger and Grande (1996) found that positive self-assessments were primarily influenced by driving experience, gender and neuroticism, but found no evidence to suggest that “unrealistic optimism” influences drivers’ self-assessment. However, Amado et al. (2014) found that drivers evaluate their own performances higher than experts’ appraisals, and that the gap is higher for the more unsafe drivers.



On the other hand, the self-assessment of driving skills is also linked to objective measures of driving ability: French et al. (1993) found that drivers who scored low for thoroughness were at greater risk of traffic accidents, independently of age, gender and other factors. For drivers over 60, hesitancy and faster driving were also associated with higher accident risk. Additionally, West et al. (1993) found a correlation between self-reported and observed driver behavior for several important variables, including speed, calmness and attentiveness. The link was also measurable for overall ratings of driver skill and safety, indicating that certain self-reported aspects of driving behavior can be used as surrogates for observations. Sundström (2008) found that drivers consistently over-estimate their abilities when comparing themselves to an “average driver.” However, this is more a function of the instrument than an overestimation on the part of the drivers polled. The self-assessment instruments, therefore, should frame judging a driver’s own skills by comparing themselves against specific criteria of driver competence, thus avoiding the “average driver” reference problem. These results are further validated across age and gender in a later paper (Sundström 2011).



Reason et al. (1990) developed the Driver Behavior Questionnaire (DBQ) to understand the difference between driving errors and traffic violations and find significant differences between them. Violations can be explained by social and motivational factors and decrease with age. Errors are linked to individual characteristics and ability to process information, and are not impacted by age. In addition, men commit more violations than women, whereas the reverse is true for errors. Parker et al. (1995) confirmed these results and found a link between accidents and self-reported driving violations, but find no such link for self-reported errors. De Winter and Dodou (2010) reported 174 studies using DBQ across several countries. Among others, Greece (Kontogiannis et al. 2002), the United Kingdom, Finland and the Netherlands (Lajunen et al. 2004) and Denmark (Martinussen et al. 2013). Harrison (2009) found that novice drivers commit more violations than more experienced drivers and that gender differences exist also among novice drivers. Özkan et al. (2006) investigated the stability of the DBQ over time and found that young male and middle-aged female drivers report the largest changes in self-reported driving behavior, whereas drivers with high annual mileage at both time points of the study showed the strongest stability.



Taubman-Ben-Ari et al. (2004) developed a reliable and valid self-reporting instrument for driving styles, the Multi-Dimensional Driving Style Inventory (MDSI). Their findings indicate eight internally coherent factors of driving style which also correlate with personality traits, sociodemographic characteristics, involvement in car accidents and commission of driving offences. In particular, three of the eight factors were associated with a cluster of maladaptive traits. De Craen et al. (2011) used MDSI to investigate the differences between experienced and novice drivers, while Özkan and Lajunen (2006) used it to investigate gender differences. Martinussen et al. (2014) linked the DBQ and MDSI instruments and find broad consistency among them, showing that drivers have consistent judgement of their abilities. A subsequent review of the MDSI found some age, gender and ethnic correlations in the results, but no impact from other sociodemographic characteristics, indicating that the eight factors represent relatively stable and universal traits (Taubman-Ben-Ari and Skvirsky 2016). Additionally, risky and hostile styles, as reported by young drivers in the MDSI, correlate with risky behavior measured with in-vehicle data recorders and self-reported reckless driving habits, and risky behavior observed in a driving simulator. Thus, self-reporting is a reliable tool for assessing driver behavior (Taubman-Ben-Ari et al. 2016).




1.4. Insights and Research Focus


Insurance companies have a real strategic need to develop better, data-driven insights in the driving behavior of their customers to accurately price risks and avoid being adversely selected against by more proficient competitors. Customers, on the other hand, may or may not welcome this closer scrutiny and increased transparency. While they may not always take actions consistent with the value they place on the privacy of their data, customers in general expect some reward for sharing information. A trusted relationship and a clear link to the subject matter increases the willingness to share the information.



This research aims at understanding which type of information customers are willing to disclose to motor insurance providers and how different incentives, age, gender and level of trust impact this willingness to share. Further, we use the Multi-Dimensional Driving Style Inventory (MDSI) to investigate how drivers’ self-assessment of driving style impacts their willingness to share information. This insight is of particular interest for insurers as they develop new pricing models and ecosystems: the riskiness of early portfolios is likely to have a significant impact on the attractiveness of these new business model for insurers.





2. Materials and Methods


The research question was addressed using a survey based on the MDSI questionnaire. Participants were queried on their driving style, willingness to share information by type and preference for potential rewards, as shown in Figure 1.



The survey was conducted in April 2019 among students of the Zurich University for Applied Sciences, but participants were also free to send the link to others: 895 respondents completed the survey—373 men and 522 women; 680 had a motor insurance policy; 49% of respondents were 24 years old or younger, as shown in Figure 2.



Because of the uneven age distribution of respondents, the research can paint a profile of the differences between Millennials—adults 18 to 24 years old at the time of the study—and older respondents. Due to the low number of responses in the older age cohorts, we collected them into one group, 25 years old and older. This distinction is of interest to insurance companies, as it tends to match the age threshold between new and existing customers.



Participants were asked to describe their driving style by rating on a scale from 1—not at all, to 6—very much, each item on the MDSI questionnaire to the extent that it fits their feelings, thoughts and behavior while driving. They were then asked to rate their level of trust in their insurance company from 1—not at all, to 6—very much, and their willingness to share different types of information with their insurance company from 1—yes, to 6—never as shown in Table 1. Finally, they were asked to provide information regarding their age and gender.



The complete content of the MDSI questionnaire for driver self-assessment included in the survey is shown in Table 2.



We analyze the data to determine the correlation between different factors and the willingness to share information. First we investigate the statistical significance of each dimension on the willingness to share information using ANOVA with a threshold for type-1 errors α < 0.01. Where needed, we apply a Bonferroni correction for the threshold p-values by dividing the pair-wise threshold p-values by the number of categories compared. Second, we investigate the impact of this correlation; i.e., the amount by which a distinction in each dimension changes the willingness of the respondents to share their information. Impact allows us to understand the relative importance of each dimension, and is necessary to prioritize potential portfolio selection criteria for practical insurance applications.




3. Results


3.1. Overall Willingness to Share


The willingness to share among all respondents has been tabulated by type of information and benefit received in Table 3. The results have been tabulated according to strength of preference and not according to the sequence of questions in the survey. This sequence, from stronger to weaker preference, will be retained throughout the paper.



Several interesting observations can already be made at the aggregate level:




	
The overall value of 3.62 (on a scale of 1–6) shows a somewhat restrained willingness to share information with insurance companies.



	
The type of benefit offered has the highest impact on the willingness to share, with the offer of premium reduction providing an impact of some 1.3 vs. offering no benefits (3.09 for premium reduction vs. 4.42 for no benefits).



	
Risk mitigation and other services also impact the willingness to share significantly, but not as much as a financial incentive. The difference between these two factors is not statistically significant.



	
The type of information requested also impacts willingness to share significantly. The more the information is relevant for current insurance purposes (e.g., adjusting a claim), the higher the willingness to share it. By contrast, customers are more reluctant to share general personal information, such as vehicle location and usage patterns.








The information has also been displayed in Figure 3, organized by either type of benefit or by type of information.



The insights from the aggregate data hold also when viewed in greater detail: the willingness to share is higher for information that appears more immediately relevant to insurance processes and lower for information closer to surveillance. Offering some kind of benefit significantly increases the willingness to share, with financial compensation proving most effective in driving willingness to share.



The impact of gender, age and trust in insurance on sharing information by type is shown in Figure 4.



Women are more open to sharing information than men, with the difference remaining roughly constant across the different types of information. Younger respondents are more open to sharing information than older respondents, with the difference remaining roughly constant across the type of information, with the exception of a convergence in the willingness to sharing vehicle status and location information. This is due to an atypical increase for respondents over 25.



Higher trust in insurance drives a higher willingness to share information across the board. Low trust prevents sharing of information, except, to some extent, for information useful for claims adjusting. Customers with higher levels of trust are also more open to sharing details about the location, status and usage of their vehicles.



The impacts on customers’ willingness to share information from type of information, type of benefit offered, gender, age and trust in the current insurance company are summarized in Table 4. The differences within each of the dimensions are in most cases statistically significant with least 99% confidence. When multiple comparisons were needed, the p-value for an α threshold of 0.01 was calculated by applying a Bonferroni correction.



We can distinguish three categories for the type of information: accident information (a), driving information (b,c) and general personal information (d,e). As the information becomes less relevant for the current insurance business model, the customers’ willingness to share it with their insurers diminishes. Similarly, we can distinguish three categories for the type of benefit offered: premium reduction (f), other benefits (g,h), and no benefits (i). Further, age, gender and level of trust in insurance all have statistically significant impacts on the willingness to share information.



Of particular interest, as described in Section 2, is the impact of each dimension. The type of information impacts the willingness, but with a somewhat limited range of 0.5—(a) vs. (e). The type of benefit offered, on the other hand, shows a much larger impact of about 1.3—(f) vs. (i). Trust in the insurance company shows an even larger impact of 1.4—(n) vs. (q); gender’ impact is 0.7—(j) vs. (k); and last, age’s impact is 0.3—(l) vs. (m).




3.2. Self-Assessment of Driving Style


The responses to the self-assessment questions are summarized in Table 5; the means and standard deviations are shown graphically. Most respondents associate their driving style with more risk-averse characteristics, such as patience and carefulness, rather than with riskier behavior.



In addition, some types of driving styles correlate heavily with each other. This is summarized in Table 6. Perhaps unsurprisingly, risky, angry and high-velocity behaviors are linked, as are patient, careful and anxious behaviors. The dissociative behavior is linked to both of these clusters, whereas distress reduction does not seem to be linked to either.



The self-assessment of driving styles shows statistically significant differences by gender, with women more often associated with risk-averse behavior than men, and vice-versa. As shown in Table 7, the differences are statistically significant to a confidence level of 99% or better for all factors. Conversely, the self-assessment is not impacted at all by age in the categories selected for this study.



The distribution of responses for each factor for men and women is shown in Figure 5.




3.3. Impact of Self-Assessment on Willingness to Share


The self-assessment of driving styles correlates somewhat weakly with the willingness to share information, as shown in Table 8. In general, more risk-averse driving styles are positively correlated with willingness to share, while riskier driving styles are negatively correlated.



In order to investigate the impacts of these correlations defined in Section 2, we define quintiles for each factor in the self-assessment, as shown in Table 9. The decision for quintiles is based on the need to achieve enough granularity to detect trends while identifying customer groups of reasonable size for acquisition efforts and portfolio analysis. In some cases the quintile boundary lies within a relatively large block of answers. In this case, we have kept the entire block within the higher quintile, rather than splitting it. The logic for this choice is that an insurance company using this information will not be able to differentiate in the treatment of similar answers. On one occasion (Factor 3—Risky), the boundary for the second quintile falls within the minimum answers. Thus, all these values have been included in quintile 2.



The impact of the self-assessment quintiles on willingness to share information is summarized in Table 10; the significance of these differences is summarized in Table 11.



To understand the impact of self-assessment in more detail, the willingness to share by type of information is shown in Figure 6. The same information, but for types of benefits, is displayed in Figure 7. The behavior within each style is consistent with the overall results, with willingness to share being highest for information directly prior to or following an accident, followed by information about driving behavior; last is information about location. Most factors also show a noticeable trend along the quintiles, with more risk-averse behaviors (Anxious, Patient and Careful) showing a trend of increasing willingness to share, and riskier behaviors (Risky, Angry and High-Velocity) showing a negative trend. Distress Reduction is unique with a clear mid-range maximum, which makes the significance of the differences calculated in Table 11 less useful for risk selection. Differences for Dissociative are not statistically significant. Sharing information on vehicle status and location, along with time and date of vehicle use, is generally not favored, and differences by quintile are typically not statistically significant.



As discussed in Section 3.2 above, there are statistically significant differences in the distribution for men and women across the eight different driving styles. We have also seen from Section 3.1 that gender has an impact on the willingness to share. Therefore, it is possible that the impact due to driving style is due in part or completely to gender differences. This would severely curtail the usefulness of the self-assessment as a risk management tool: why ask for additional, complicated information if a simple gender distinction provides all or most of the predictive power?



We show the impact of gender on WSI across the driving styles quintiles in Figure 8.



The results are largely consistent with those shown in Figure 4 and Figure 6. The exception seems to be the impact of Dissociative, where the impact for men and women occurs in opposite directions.



The results for these gender differences are summarized in Table 12. The impact of gender is significant and consistent across the quintiles of driving styles. However, quintile still has a noticeable impact across several styles, especially those more clearly linked to risk-averse or riskier behavior.





4. Conclusions


The willingness of customers to share automotive information with their insurance company and the relevant impact dimensions analyzed in this study have been summarized in Table 13.



The largest impact on customers’ willingness to share is impacted by the level of trust they have in the company (a); when the range is restricted to potential customers with at least neutral trust, the impact is reduced but it is still noticeable (b). The second largest impact is that of the type of benefit offered. Measured against no benefit, a premium reduction drives the highest improvement to the willingness to share (f). However, more than two thirds of this benefit can be accrued by offering a service in kind (h). Gender has a somewhat surprisingly large impact (c), and more than twice that of age (d). In particular, women are more open to sharing information, which seems to be in contradiction to other studies (e.g., Jai and King 2016; Miesler and Bearth 2016). The impact of the type of information to be shared (e) lies between the impacts of incentives and gender, with information more traditionally linked to claims adjusting being easier to obtain than surveillance-type information.



The self-assessment of driving style provides additional insights into willingness to share information. Given the correlation among the different styles shown in Table 6, the impacts will not be additive. However, even a single driving style, such as Careful (p) or Patient (o) provides an additional impact comparable to that of range-adjusted trust or type of information. In practice, by targeting drivers with high scores for these two factors, we should expect to obtain complete information at the same rate by which we should obtain only claims information.



The implications of these results are significant for insurance companies. As they try to develop more real-time data-driven business models, they will need to rely on their customers’ willingness to share as much information as possible. This research shows that trusting customers who self-assess as more risk-averse drivers are more likely to be active data-sharers. That is: loyal and safer customers are more likely to participate in new data-driven business models than the general population. This should in turn enable the creation of stable and attractive customer portfolios. In addition, services powered by the information collected can be used to drive higher participation rates instead of offers of financial incentives.



A necessary next step of this research will be to test the applicability across different geographies and lines of business, to investigate the effects of specific services and to link the self-assessment to loss history in existing insurance portfolios. In addition, the research should be further developed to capture a representative sample of Swiss customers and provide better granularity across age cohorts.
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Figure 1. Questionnaire structure. 






Figure 1. Questionnaire structure.
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Figure 2. Respondents by age group and gender. 
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Figure 3. Willingness to share by type of benefit and type of information. 
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Figure 4. Willingness to share by gender/age group and by level of trust in insurance. 
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Figure 5. Distribution of self-assessment of driving style by factor and gender (notice the different scaling for Factor 3—Risky). 
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Figure 6. Impact of self-assessment quintile (1–5) on willingness to share information by type of information. 
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Figure 7. Impact of self-assessment quintile (1–5) on willingness to share information by benefit offered. 
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Figure 8. Impact on willingness to share information of driving style quintile (1–5) by gender. 
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Table 1. Strength of preference for sharing information with insurance company.
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	Answer
	1
	2
	3
	4
	5
	6





	Willingness to share information
	Yes
	Yes, conditional
	Rather yes
	Rather no
	Unlikely
	Never
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Table 2. Self-assessment questions* and mapping to driving style factors from Taubman-Ben-Ari et al. (2004). (*) The number in [] indicates the order in which the question is asked.






Table 2. Self-assessment questions* and mapping to driving style factors from Taubman-Ben-Ari et al. (2004). (*) The number in [] indicates the order in which the question is asked.





	Driving Style
	Questions





	1—Dissociative

Tendency to be easily distracted during driving, to commit driving errors due to this distraction, and to display cognitive gaps and dissociations during driving.
	[30] misjudge the speed of an oncoming vehicle when passing

[34] intend to switch on the windscreen wipers, but switch on the lights instead

[27] forget that my lights are on full beam until flashed by another motorist

[39] nearly hit something due to misjudging my gap in a parking lot

[36] plan my route badly, so that I hit traffic that I could have avoided

[35] attempt to drive away from traffic lights in third gear (or on the neutral mode in automatic cars)

[15] lost in thoughts or distracted, I fail to notice someone at the pedestrian crossings

[11] I daydream to pass the time while driving



	2—Anxious

Tendency to feel distress during driving, to display signs of anxiety due to the driving situation, and to express doubts and lack of confidence about his or her driving skills.
	[31] feel nervous while driving

[33] feel distressed while driving

[10] driving makes me feel frustrated

[25] it worries me when driving in bad weather

[7] on a clear freeway, I usually drive at or a little below the speed limit

[4] feel I have control over driving

[40] feel comfortable while driving



	3—Risky

A person’s seeking for stimulation, sensation, and risk during driving and his or her tendency to take risky driving decisions and to engage in risky driving.
	[44] enjoy the excitement of dangerous driving

[6] enjoy the sensation of driving on the limit

[22] like to take risks while driving

[24] like the thrill of flirting with death or disaster

[20] fix my hair/ makeup while driving



	4—Angry

Tendency to be hostile towards other drivers as well as behave aggressively and feel intense anger while driving.
	[12] swear at other drivers

[3] blow my horn or “flash” the car in front as a way of expressing frustrations

[28] when someone does something on the road that annoys me, I flash them with the high beam

[43] honk my horn at others

[19] when someone tries to skirt in front of me on the road, I drive in an assertive way in order to prevent it



	5—High-Velocity

Tendency to drive fast, to display signs of time pressure while driving, and to be oriented towards high velocity driving.
	[16] in a traffic jam, I think about ways to get through the traffic faster

[9] when in a traffic jam and the lane next to me starts to move, I try to move into that lane as soon as possible

[17] when a traffic light turns green and the car in front of me doesn’t get going immediately, I try to urge the driver to move on

[2] purposely tailgate other drivers

[32] get impatient during rush hours

[5] drive through traffic lights that have just turned red



	6—Distress Reduction

Tendency to engage in relaxing activities during driving aimed at reducing distress while driving.
	[37] use muscle relaxation techniques while driving

[8] while driving, I try to relax myself

[1] do relaxing activities while driving

[26] meditate while driving



	7—Patient

Tendency to be polite towards other drivers, to feel no time pressure during driving, and to display patience while driving.
	[18] at an intersection where I have to give right-of-way to oncoming traffic, I wait patiently for cross-traffic to pass

[23] base my behavior on the motto “better safe than sorry”

[13] when a traffic light turns green and the car in front of me doesn’t get going, I just wait for a while until it moves

[38] plan long journeys in advance



	8—Careful

Tendency to be careful during driving, to effectively plan his or her driving trajectory, and to adopt a problem-solving attitude towards driving-related problems and obstacles.
	[42] tend to drive cautiously

[14] drive cautiously

[41] always ready to react to unexpected maneuvers by other drivers

[21] distracted or preoccupied, and suddenly realize the vehicle ahead has slowed down, and have to slam on the breaks to avoid a collision

[29] get a thrill out of breaking the law
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Table 3. Willingness to share information by type of information and benefit offered (lower number = higher willingness).
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	Premium Reduction
	Risk Mitigation
	Services
	No Benefits
	Mean





	Driving Behavior Before and After an Accident
	2.78
	3.18
	3.25
	4.20
	3.35



	Acceleration, Turning and Braking
	2.98
	3.38
	3.40
	4.37
	3.53



	Speed and Safety Distance
	2.97
	3.36
	3.50
	4.52
	3.59



	Time and Date of Vehicle Use
	3.32
	3.70
	3.63
	4.48
	3.79



	Vehicle Status and Location
	3.38
	3.72
	3.68
	4.52
	3.82



	Mean
	3.09
	3.47
	3.49
	4.42
	3.62
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Table 4. Willingness to share information by dimension (*** denotes α < 0.001).
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Dimension

	
N

	
Mean

	
Std. Dev.

	
Significant (α < 0.01)






	

	
Type of Information

	

	

	

	
Yes (p < 0.0002 ***)

Three groups:

(a)/(b) (c)/(d) (e)




	
(a)

	
Driving Behavior Before and After an Accident

	

	
3.35

	
1.74




	
(b)

	
Acceleration, Turning and Braking

	

	
3.53

	
1.77




	
(c)

	
Speed and Safety Distance

	

	
3.59

	
1.75




	
(d)

	
Time and Date of Vehicle Use

	

	
3.79

	
1.95




	
(e)

	
Vehicle Status and Location

	

	
3.82

	
1.81




	

	
Type of Benefit

	

	

	

	
Yes (p < 0.00025 ***)

Three groups:

(f)/(g) (h)/(i)




	
(f)

	
Premium Reduction

	

	
3.09

	
1.77




	
(g)

	
Risk Mitigation

	

	
3.47

	
1.74




	
(h)

	
Services

	

	
3.49

	
1.74




	
(i)

	
No Benefit

	

	
4.42

	
1.64




	

	
Gender

	

	

	

	
Yes (p < 0.0001 ***)




	
(j)

	
Men

	
373

	
4.00

	
1.32




	
(k)

	
Women

	
522

	
3.34

	
1.30




	

	
Age

	

	

	

	
Yes (p = 0.0023 ***)




	
(l)

	
<25 years old

	
439

	
3.48

	
1.27




	
(m)

	
25+ years old

	
456

	
3.75

	
1.40




	

	
Trust in Insurance

	

	

	

	
Yes (p < 0.00025 ***)

Among all four levels of trust




	
(n)

	
1

	
142

	
3.26

	
1.39




	
(o)

	
2

	
335

	
3.36

	
1.24




	
(p)

	
3

	
170

	
3.84

	
1.26




	
(q)

	
4-6

	
33

	
4.67

	
1.28
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Table 5. Self-assessment of driving style (the factors have been ranked by value in the graphics).
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Factor

	
Mean

	
Std. Dev.
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1—Dissociative

	
2.02

	
0.54




	
2—Anxious

	
3.46

	
0.55




	
3—Risky

	
1.61

	
0.66




	
4—Angry

	
2.22

	
0.79




	
5—High-Velocity

	
2.53

	
0.70




	
6—Distress Reduction

	
2.46

	
0.72




	
7—Patient

	
4.76

	
0.79




	
8—Careful

	
3.93

	
0.53
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Table 6. Correlation (R) among driving styles. The background indicates the level of correlation between the variables: blue is positive, ochre is negative. Color saturation indicates the magnitude of the correlation.
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	Dissociative
	Anxious
	Risky
	Angry
	High-Velocity
	Distress Reduction
	Patient
	Careful





	1—Dissociative
	-
	
	
	
	
	
	
	



	2—Anxious
	0.369
	-
	
	
	
	
	
	



	3—Risky
	0.042
	−0.287
	-
	
	
	
	
	



	4—Angry
	0.057
	−0.196
	0.541
	-
	
	
	
	



	5—High-Velocity
	0.175
	−0.061
	0.470
	0.626
	-
	
	
	



	6—Distress Reduction
	0.150
	−0.022
	0.158
	0.066
	0.081
	-
	
	



	7—Patient
	−0.010
	0.328
	−0.378
	−0.470
	−0.421
	0.038
	-
	



	8—Careful
	0.108
	0.388
	−0.188
	−0.190
	−0.062
	0.049
	0.371
	-
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Table 7. Mean values of driving styles by gender and age (*** indicates α < 0.001; ** indicates α < 0.01; * indicates α < 0.1).
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Driving Style

	
Mean

	
Male

	
Female

	
Significant

(α < 0.01)

	
<25 y.o.

	
25+ y.o.

	
Significant

(α < 0.01)




	
895

	
373

	
522

	
439

	
456






	
1—Dissociative

	
2.02

	
1.85

	
2.14

	
Yes (p < 0.001 ***)

	
2.06

	
1.97

	
No (p = 0.048 *)




	
2—Anxious

	
3.46

	
3.22

	
3.63

	
Yes (p < 0.001 ***)

	
3.50

	
3.42

	
No (p = 0.032 *)




	
3—Risky

	
1.61

	
1.80

	
1.47

	
Yes (p < 0.001 ***)

	
1.60

	
1.61

	
No (p = 0.94)




	
4—Angry

	
2.22

	
2.39

	
2.09

	
Yes (p < 0.001 ***)

	
2.19

	
2.24

	
No (p = 0.29)




	
5—High-Velocity

	
2.53

	
2.60

	
2.47

	
Yes (p = 0.009 **)

	
2.47

	
2.58

	
No (p = 0.032 *)




	
6—Distress Reduction

	
2.46

	
2.54

	
2.40

	
Yes (p = 0.006 **)

	
2.40

	
2.52

	
No (p = 0.018 *)




	
7—Patient

	
4.76

	
4.60

	
4.88

	
Yes (p < 0.001 ***)

	
4.80

	
4.71

	
No (p = 0.13)




	
8—Careful

	
3.93

	
3.82

	
4.02

	
Yes (p < 0.001 ***)

	
3.96

	
3.91

	
No (p = 0.20)
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Table 8. Correlation (R) between self-assessment of driving style and willingness to share information. The background indicates the level of correlation between the variables: blue is positive, ochre is negative. Color saturation indicates the magnitude of the correlation.






Table 8. Correlation (R) between self-assessment of driving style and willingness to share information. The background indicates the level of correlation between the variables: blue is positive, ochre is negative. Color saturation indicates the magnitude of the correlation.





	Driving Style
	Driving Behavior before and after an Accident
	Acceleration, Turning and Braking
	Speed and Safety Distance
	Time and Date of Vehicle Use
	Vehicle Status and Location





	1—Dissociative
	0.044
	0.058
	0.106
	0.030
	0.000



	2—Anxious
	0.151
	0.182
	0.219
	0.086
	0.075



	3—Risky
	−0.203
	−0.214
	−0.256
	−0.070
	−0.090



	4—Angry
	−0.183
	−0.213
	−0.237
	−0.057
	−0.087



	5—High-Velocity
	−0.166
	−0.191
	−0.199
	−0.043
	−0.084



	6—Distress Reduction
	−0.033
	−0.011
	−0.019
	−0.066
	−0.091



	7—Patient
	0.162
	0.176
	0.193
	0.073
	0.110



	8—Careful
	0.187
	0.223
	0.206
	0.115
	0.148
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Table 9. Quintile definition by factor. N in bold is the number of data points in each category.
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Driving Style

	
Range

	
Quintile 1

	
Quintile 2

	
Quintile 3

	
Quintile 4

	
Quintile 5




	
from

	
N

	
from

	
N

	
from

	
N

	
from

	
N

	
from

	
N






	
1—Dissociative

	
1.000–4.375

	
min

	
174

	
0.162

	
171

	
1.875

	
186

	
2.125

	
179

	
2.500

	
185




	
2—Anxious

	
1.000–5.143

	
min

	
135

	
3.000

	
164

	
3.286

	
197

	
3.571

	
171

	
3.857

	
228




	
3—Risky

	
1.000–4.400

	
-

	
-

	
min

	
236

	
1.200

	
253

	
1.600

	
180

	
2.000

	
226




	
4—Angry

	
1.000–5.400

	
min

	
159

	
1.600

	
195

	
2.000

	
97

	
2.200

	
238

	
2.800

	
206




	
5—High-Velocity

	
1.000–5.000

	
min

	
175

	
2.000

	
151

	
2.333

	
175

	
2.666

	
160

	
3.000

	
234




	
6—Distress Reduction

	
1.000–5.250

	
min

	
88

	
1.750

	
217

	
2.250

	
118

	
2.500

	
237

	
3.000

	
235




	
7—Patient

	
1.000–6.000

	
min

	
167

	
4.250

	
169

	
4.750

	
113

	
5.000

	
250

	
5.500

	
196




	
8—Careful

	
1.000–5.400

	
min

	
171

	
3.600

	
125

	
3.800

	
126

	
4.000

	
260

	
4.400

	
213
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Table 10. Willingness to share by type of information and driving style quintiles (1).
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Driving Style

	
Driving Behavior before and after an Accident

	
Acceleration, Turning and Braking

	
Speed and Safety Distance

	
Time and Date of Vehicle Use

	
Vehicle Status and Location




	
Q1

	
Q5

	
Q1

	
Q5

	
Q1

	
Q5

	
Q1

	
Q5

	
Q1

	
Q5






	
1—Dissociative

	
3.34

	
3.28

	
3.59

	
3.46

	
3.70

	
3.40

	
3.81

	
3.76

	
3.73

	
3.83




	
2—Anxious

	
3.73

	
3.09

	
4.01

	
3.16

	
4.11

	
3.14

	
4.01

	
3.52

	
4.08

	
3.66




	
3—Risky

	
3.18

	
3.76

	
3.31

	
4.00

	
3.30

	
4.13

	
3.73

	
3.96

	
3.73

	
4.02




	
4—Angry

	
3.04

	
3.70

	
3.13

	
4.01

	
3.18

	
4.10

	
3.64

	
3.90

	
3.67

	
4.01




	
5—High-Velocity

	
2.96

	
3.57

	
3.10

	
3.78

	
3.14

	
3.88

	
3.66

	
3.78

	
3.61

	
3.89




	
6—Distress Reduction

	
3.53

	
3.58

	
3.82

	
3.69

	
3.92

	
3.76

	
3.82

	
4.04

	
3.73

	
4.11




	
7—Patient

	
3.67

	
3.06

	
3.88

	
3.22

	
3.95

	
3.27

	
3.83

	
3.57

	
3.98

	
3.52




	
8—Careful

	
3.66

	
2.98

	
3.98

	
3.08

	
3.97

	
3.15

	
3.94

	
3.51

	
4.17

	
3.45
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Table 11. Willingness to share by type of information and driving style quintiles (2) (*** indicates α < 0.001; ** indicates α < 0.01; * indicates α < 0.1).
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Driving Style

	
Driving Behavior Before and After an Accident

	
Acceleration, Turning and Braking

	
Speed and Safety Distance

	
Time and Date of Vehicle Use

	
Vehicle Status and Location




	
Significant

(α < 0.01)

	
Significant

(α < 0.01)

	
Significant

(α < 0.01)

	
Significant

(α < 0.01)

	
Significant

(α < 0.01)






	
1—Dissociative

	
No (p = 0.96)

	
No (p = 0.85)

	
No (p = 0.32)

	
No (p = 0.99)

	
No (p = 0.85)




	
2—Anxious

	
Yes (p = 0.0005 **)

	
Yes (p < 0.0002 ***)

	
Yes (p < 0.0002 ***)

	
No (p = 0.03)

	
No (p = 0.21)




	
3—Risky

	
Yes (p < 0.0002 ***)

	
Yes (p < 0.0002 ***)

	
Yes (p < 0.0002 ***)

	
No (p = 0.47)

	
No (p = 0.24)




	
4—Angry

	
Yes (p < 0.0002 ***)

	
Yes (p < 0.0002 ***)

	
Yes (p < 0.0002 ***)

	
No (p = 0.78)

	
No (p = 0.09)




	
5—High-Velocity

	
Yes (p = 0.0008 **)

	
Yes (p < 0.0002 ***)

	
Yes (p < 0.0002 ***)

	
No (p = 0.51)

	
No (p = 0.14)




	
6—Distress Reduction

	
Yes (p < 0.0005 **)

	
Yes (p < 0.0007 **)

	
Yes (p = 0.0002 **)

	
No (p = 0.009 *)

	
No (p = 0.0027 *)




	
7—Patient

	
Yes (p = 0.0018 **)

	
Yes (p = 0.0017 **)

	
Yes (p = 0.0004 **)

	
No (p = 0.38)

	
No (p = 0.016 *)




	
8—Careful

	
Yes (p < 0.0002 ***)

	
Yes (p < 0.0002 ***)

	
Yes (p < 0.0002 ***)

	
No (p = 0.012 *)

	
Yes (p = 0.0006 **)
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Table 12. Impact by driving style (Q1 vs. Q5) and gender.






Table 12. Impact by driving style (Q1 vs. Q5) and gender.





	
Driving Style

	
All

	
Men

	
Women




	
Q1

	
Q5

	
Impact

	
Q1

	
Q5

	
Impact

	
Q1

	
Q5

	
Impact






	
1—Dissociative

	
3.63

	
3.55

	
0.09

	
4.02

	
3.79

	
0.23

	
3.12

	
3.49

	
−0.36




	
2—Anxious

	
3.99

	
3.31

	
0.67

	
4.25

	
3.91

	
0.34

	
3.37

	
3.20

	
0.16




	
3—Risky

	
3.45

	
3.97

	
−0.53

	
3.89

	
4.28

	
−0.38

	
3.27

	
3.50

	
−0.23




	
4—Angry

	
3.35

	
3.94

	
−0.59

	
3.90

	
4.32

	
−0.42

	
3.08

	
3.43

	
−0.35




	
5—High-Velocity

	
3.31

	
3.77

	
−0.47

	
3.78

	
4.19

	
−0.41

	
3.04

	
3.41

	
−0.37




	
6—Distress Reduction

	
3.80

	
3.83

	
−0.04

	
4.28

	
4.23

	
0.15

	
3.43

	
3.52

	
−0.09




	
7—Patient

	
3.88

	
3.32

	
−0.56

	
4.27

	
3.69

	
0.58

	
3.40

	
3.13

	
0.27




	
8—Careful

	
3.94

	
3.23

	
0.70

	
4.28

	
3.67

	
0.61

	
3.54

	
3.08

	
0.46
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Table 13. Summary of the impacts on willingness to share personal information. Figures in grey are not statistically significant.






Table 13. Summary of the impacts on willingness to share personal information. Figures in grey are not statistically significant.












	
	Dimension
	Impact
	Impact net of Gender
	Comments





	(a)
	Trust (full range)
	1.40
	-
	Customers are more willing to share information if they trust their insurance company



	(b)
	Trust (1 to 3)
	0.58
	-
	A range excluding the customers distrusting of the company may be more appropriate when targeting own or potential customers



	(c)
	Gender
	0.67
	-
	Women more open to sharing information than men



	(d)
	Age
	0.28
	-
	Younger people (<25 y.o.) more willing to share information than older people



	(e)
	Type of Information
	0.47
	-
	Customers are more willing to share accident-relevant information than vehicle location and usage



	
	Benefit
	
	
	



	(f)
	Premium reduction vs. no benefit
	1.33
	-
	Premium reduction has a larger impact than services of risk mitigation



	(g)
	Premium reduction vs. Services
	0.40
	-
	Premium reduction has a larger impact than services of risk mitigation



	(h)
	Services vs. no benefit
	0.94
	-
	Offering benefits significantly impacts the willingness to share information



	
	Self-Assessment
	
	
	



	(i)
	1—Dissociative
	0.09
	0.07
	Not statistically significant at α < 0.01



	(j)
	2—Anxious
	0.67
	0.25
	



	(k)
	3—Risky
	0.52
	0.31
	



	(l)
	4—Angry
	0.59
	0.38
	



	(m)
	5—High-Velocity
	0.46
	0.39
	



	(n)
	6—Distress Reduction
	0.04
	0.03
	Not statistically significant at α < 0.01. Impact improves to 0.64/0.50 (net of gender) if measured mid-range vs. extremes



	(o)
	7—Patient
	0.56
	0.43
	



	(p)
	8—Careful
	0.70
	0.53
	











© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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