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Abstract

:

Empirical studies show that autonomous vehicles can contribute to sustainability goals when rides are shared. However, sharing rides with strangers in shared autonomous mobility-on-demand systems (SAMODSs) might impede the adoption of these systems. The present study addresses the research question whether a comprehensive information provision about fellow passengers could increase acceptability of the shared rides in SAMODSs. A discrete choice experiment (N = 154) assessed the potential of different levels of information on fellow passengers: (1) no information, (2) name, (3) picture, (4) rating, (5) combination of name, picture and rating. The results show that the overall compensation demands for sharing a ride was a reduction of approximately 25% of the nonshared reference price. The provision of detailed information about fellow travelers proved beneficial for reducing the compensation demands of travelers while the provision of a name only resulted in higher compensation demands. A significant effect of the fellow passengers’ gender indicated that male gender information was related to a higher refusal rate than female gender information. This was particularly relevant when only names were presented. The study provides first empirical insights into the psychological factors concerning the emerging trend of shared mobility.
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1. Introduction


1.1. Shared Autonomous Mobility on Demand Systems


Driverless vehicles of SAE level 5 [1] that are capable of self-driving under all conditions [2] are predicted to be a promising future because they will most probably contribute to a transition towards a more efficient, safe and convenient transport system [3,4,5] and are supposed to fundamentally change the way we travel and live [6]. Studies suggest that the value of time in terms of willingness to pay for saving travel time might decrease because people can use the time in the autonomous vehicle (AV) for other purposes than driving [6]. Depending on the scenario, the penetration of AV traffic will either dramatically rise or significantly decrease [4,5,7]. Privately-owned autonomous vehicles are expected to contribute to an increase in vehicle kilometres travelled (VKT) and, consequently, higher local emissions: “If autonomous vehicles turn out to be mainly privately owned, the resulting increase in road traffic will negate the time savings” [6] (p. 9f). In contrast, shared autonomous vehicles will contribute to a decrease in VKT, parking spaces and emissions [4,5,7]. Thus, research requests to increase the occupancy rate of AV by ridesharing, which is considered as an essential prerequisite for reducing the traffic volume [8,9,10,11,12]. Lavieri and Bhat (2018) stated “there is growing evidence that ridesharing will be a key element to ensure a sustainable future to urban transportation in an AV future.” [10] (p. 29). Ridesharing in autonomous vehicles can be realized by using a demand-responsive operation scheme of so-called mobility-on-demand systems that allows for flexible and highly dynamic adoptions of the route according to the passengers’ requests [13]. The combination of autonomous driving technology and mobility-on-demand systems is considered to be a beneficial synergy for reaching sustainability goals [3]. The paper defines shared autonomous mobility-on-demand systems (SAMODSs) as autonomous, shared public transport services with flexible routing, which implies additional journey time due to the pick-up and drop-off of other passengers. See [14] for a more detailed description of different ownership and usage scenarios of shared autonomous vehicles.



The interest in SAMODSs, also called SAMS [15], is reflected in the considerable number of simulation studies assessing the economic and ecological effects of shared driverless mobility-on-demand systems [16] as well as impacts on transport systems and traffic [9,17,18,19]. From the passenger’s perspective, the ridesharing aspect of mobility-on-demand systems is likely to be a crucial point for users’ assessment of the service because the sharing of rides implies detours for passengers [20]. Furthermore, the absence of a driver in SAMODSs was shown to be related to higher safety concerns [21,22]. Accordingly, Krueger, Rashidi, and Rose (2016) state that the adoption of SAMODSs “[…] heavily relies on user acceptance, as users must be willing to spend some time with a stranger in the confined space […].” [23] (p. 345).



Giving regard to the expected benefits of SAMODSs for reaching sustainability goals in transport, the factors that affect the willingness of future users to adopt these systems must be considered in the design of these systems. The present study aims to identify facilitating factors for travellers’ willingness to share rides with strangers in SAMODSs. More specifically, the study’s objective is to assess the effectiveness of information provision about fellow travellers to improve travellers’ willingness to use the service.




1.2. Literature Review


Scientific literature on the acceptance of self-driving public busses (SDPB) sharply increased in the last years [22,24,25,26]. These studies prove the impact of attitudinal factors, such as the perceptions of safety on the acceptance of the new autonomous public bus system (e.g., [24]). The findings imply a rather controversial perception of potential users on the technology. On the one hand, studies by [22,27] report a high acceptability of self-driving vehicles for public transport use. On the other hand, several studies found considerable concerns among potential users towards the emergence of driverless vehicles and the transformation of public transport system [28,29]. The interest in autonomous vehicles for public transport is reflected by the number of pilot projects that tested autonomous public transport in naturalistic settings, like in Berlin, Germany [30] (Nordhoff et al., 2018), Espoo, Finland [22] or Lausanne, France [27]. However, it should be noted that the number of pilot studies in open and mixed traffic is quite limited, and thus, empirical evidence concerning the users’ acceptance is restricted to specific characteristics of the pilots, like slow velocity and the presence of a trained fallback driver. In contrast, the use case of SAMODSs is challenged with additional degrees of freedom because the operation scheme depends on flexible on-demand routing rather than fixed schedules. However, as a consequence to their novelty, there are only few empirical studies addressing the users’ acceptance of SAMODSs. As one of the first studies addressing the use case of SAMODSs, Fraedrich, Cyganski, Wolf, and Lenz (2016) found low acceptability of respondents for the so-called Vehicle on Demand. About two thirds of the respondents showed slight or strong unwillingness to use such shared autonomous transport systems [21]. Safety concerns and low perceived performance expectancy of SAMODSs were provided as possible explanations by the authors [21]. Accordingly, Lavieri and Bhat (2018) found the adoption of SAMODSs to be strongly associated with the increased travel time due to the access and egress of further travellers [10]. The study furthermore showed that privacy and security concerns discouraged participants to choose shared rides. The results of the study further indicated that sharing trips with strangers seems to be less aversive for commute trips than for leisure trips [10].



A stated choice survey by Krueger, Rashidi and Rose (2016) found the service attributes waiting time, travel time and costs to be important determinants of the willingness to use SAMODSs [23]. The findings are supported by a discrete choice experiment that proved a strong effect of travel time and the detour, caused by the pick-up and drop-off of passengers, on participants’ willingness to share rides in SAMODSs [31]. The authors conclude that a pricing system of SAMODSs should pay attention to ride-specific travel time and detours in order to attract travellers to choose the shared option [31].



Concerning the individual-specific determinants of acceptability, the above-mentioned stated choice survey by Krueger, Rashidi, and Rose (2016) found individuals between 24 and 29 years to be the most open to choose the shared ride in SAMODSs [23]. Thus, in line with similar studies, it can be assumed that younger generations are likely to be the first users of such services [32,33]. König and Grippenkoven (2020) found that a higher discount is needed to attract women to choose the shared ride compared to men [31]. The finding is supported by the results of Lavieri and Bhat (2018) who found a reduced likelihood of women to choose the shared option [9]. This finding might be explained by another finding, that women are supposed to have stronger safety concerns in driverless bus shuttles than men [34].



The findings of [23] were complemented by a recent study that used a stated preference experiment to assess users’ willingness to share rides with strangers in shared autonomous vehicles [35]. The study found a considerable reluctance of women to choose the shared option when sharing the ride with a male co-traveller [35]. The authors thus encourage research and policy to identify solutions for enhancing women’s experiences with shared automated transport services [35].



Drawing on studies that address ridesharing systems, like BlaBlaCar [36], can provide indications for the underlying determinants of sharing rides in SAMODSs. These studies recurrently report individuals’ unwillingness and resistance to share rides with strangers due to the need for sufficient personal space, the possibility of having a negative social interaction, distrust as well as safety and security concerns [10,37,38,39]. Morales Sarriera et al. (2017) also report on riders’ feelings of prejudice towards other passengers due to their race or socio-economic class [38]. Substantial discrimination in the context of ridesharing was also reported in a recent experimental study by [40]. They found empirical evidence for the discrimination of Turkish men in a study with German users of a ridesharing service [40]. The unwillingness to share rides with strangers is most likely associated with a lack of trust [37].



Providing information about fellow passengers might possibly enhance trust [38]. The willingness to share rides correlated with the name recognition of the fellow travellers in a study by [41]. Thus, travelling with a friend of a friend or a member of their university resulted in a higher willingness to share the trip than travelling with an unknown person. Bansal et al. (2016) comes to similar conclusions as they found that more than half of the respondents are willing to share the ride with a friend of a Facebook friend although he or she was not directly known to them [42]. Moreover, Siddiqi and Buliung (2013) suggest providing various personal information such as name, age, gender and occupation about other passengers for ridesharing service [43]. They also recommend providing a peer-reviewed reputation system [43]. However, for the use case of SAMODSs, empirical findings are lacking regarding the question whether information provided about fellow travellers might reduce feelings of insecurity and increase the willingness to share rides with strangers.




1.3. Research Objectives


The present study aims to examine the effect of four potential determinants on the willingness to share rides with fellow travellers in SAMODSs and their potential interplay: (1) travel time, (2) degree of vehicle automation, (3) quality of information on fellow passengers (e.g., picture, name or rating) and (4) gender of the fellow passenger. In particular, the study addresses the following research questions:




	
RQ1: How far does the provision of information about fellow travellers affect the willingness to share rides in mobility-on-demand systems?



	
RQ2: Which information on fellow passengers (e.g., picture, rating etc.) proves especially relevant for increasing travellers’ willingness to share rides in mobility-on-demand systems?



	
RQ3: Do the information needs of travellers increase when no driver is present in autonomous mobility-on-demand systems?



	
RQ4: Does the length of the trip influence the relevance of provided information about fellow passengers for travellers’ willingness to share the trip?



Figure 1 provides a schematic overview over the research questions and the expected relationships between the variables. The study at hand thereby focuses on a specific potential user group—Generation Y, which comprises persons born between 1981 and 1999, also called millennials [44]. This specific cohort is expected to be more likely to adopt mobility-on-demand like Uber services [32], tend to favor sharing-based service models over private ownership [33] and show greater openness towards autonomous mobility services [21].










2. Materials and Methods


2.1. Study Design


A discrete choice experiment (DCE) was used for approaching the research questions [45]. DCE are frequently used in transportation research [46] and has been applied to the assessment of acceptability of autonomous vehicles before [47,48].



The dependent variable was the amount the respondents are willing to spend for a shared ride in an autonomous mobility-on-demand system compared to a nonshared ride. The willingness to share rides was realized as the Willingness to Accept (WTA). The WTA is defined as the amount a person is willing to accept to abandon a good or to put up with something negative and thus is linked to the concept of willingness to pay (WTP) that refers to the maximum price an individual is willing to pay for a product of service [49]. The WTA was assessed by the amount respondents are willing to pay for a shared ride in an SAMODS compared to the reference of a nonshared ride.



Inspired by studies that studied the effect of the presentation of different information on the acceptance of ridesharing, like pictures [10,38], name [43] or a rating [38,39,43], the study used quality of information as the first independent variable. Quality of information had five levels: (A) bus stop sign, (B) name, (C) picture, (D) rating and E) full profile information as a combination of the levels name, picture and rating (Figure 2). Further independent variables were (1) gender: information on the gender of the further traveller, (2) travel time: the length of the ride with two levels: 14 min vs. 25 min and (3) automation: the level of vehicle automation: with driver vs. driverless (Figure 1). The profile pictures of the female and male fellow travellers were used from the CHICAGO FACE DATABASE with a medium rated attractiveness [50]. Typical German female (Michaela) and male (Andreas) names were chosen for the SP experiment. A mixed design was used, consisting of the between-subjects factor automation and the within-subject factors quality of information, travel time and gender of the fellow traveller.



Two alternative routes were presented to the study participants: (1) a direct, nonshared ride and (2) a shared ride implying a detour caused by the access of a fellow traveller (Figure 3). The shared scenarios were created based on the assumption that the respondents share about 50% of travel distance together. For each scenario, the study participants were asked to imagine a ride with only one fellow passenger. In order to assess the WTA for shared rides, the participants were asked to specify the maximal amount of money they would be willing to pay for the shared ride (right) in comparison to the nonshared ride (left). The fictional currency ð was used for avoiding anchoring effects of current prices for transportation. Respondents were further given the chance to choose the alternative “I would rather not choose option 2” as an opt-out alternative.




2.2. Procedure


The study was performed as an online survey using the software SosciSurvey [51]. The participants were recruited via social media platforms during August and September 2019. The respondents were randomly assigned to either the scenario based on a mobility-on-demand system with or without a driver. The participants were introduced to the study subject by a textual and graphical explanation regarding the vehicle concept, which was introduced as an 8-seater. Following a between-subjects design, half of the participants were introduced to the operational concept of an autonomous mobility-on-demand system whereas the other half was introduced to the concept with driver. They were then introduced to the task of determining the maximum price they are willing to pay to accept sharing rides with strangers. For this purpose, two examples were presented to the participants. Right before the start of the choice tasks the scenario was presented to the participants. The scenario was framed as a ride in an urban setting with the objective to meet a friend.



The participants were asked to respond to 16 choice tasks as presented in Figure 3. The order of the choice tasks varied between the participants. At the end of the questionnaire, the respondents were asked to answer several sociodemographic questions and questions regarding their mobility behavior. Furthermore, trust in fellow travellers was measured with the help of three items adapted from a questionnaire study concerning ridesharing: “I would trust fellow passengers”, “I believe I would have concerns regarding my safety when sharing a ride” and “For me, sharing rides with fellow passengers is not accompanied with risks” [37]. A five-point Likert scale was used for answering the items.




2.3. Data Analysis


Data were analysed with the help of the statistical software SPSS. Only those respondents of the survey were included that were aged between 18 and 39 and thus were assigned to the Generation Y [52]. Respondents were excluded from data analysis (n = 39) when they did not correctly remember the introduced scenario (Do you remember which of the following scenarios was introduced to you?).



For data analysis, the format of the dataset was restructured from wide to long format. For computing the WTA, the amount that participants were willing to pay for a shared ride (ðshared) was related to the default price of the nonshared ride (ðnonshared). The resulting percentage (WTAshared = ðshared/ðnonshared) was used for further analysis of the WTA.




2.4. Participants


The final sample (N = 154) was characterized by a mean age of 26.5 years (SD = 4.4 years). The sample consisted of more women (n = 95, 61.7%) than men (n = 57, 37.0%, rest missing). The majority of respondents were still in education (57.1%). A share of 31.8% worked full-time and another 6.5% in part-time. As shown in Table 1, the respondents were well educated, with more than 50% holding a university degree. The net household income was comparable to the general population aged 18–25 (1.779 €) and 25–35 years (2.965 €) [53]. A total of 94.8% had a driver’s license (n = 146). The bike was the most often used transport means on a regular basis for 48.7% of respondents (n = 75).





3. Results


In the following, the results of the data analysis are presented for the effects of the four independent variables: travel time, degree of vehicle automation, quality of information on fellow passengers (e.g., picture, name or rating) and gender of the fellow passenger.



3.1. Refusal Rate of Shared Rides


First, data was analyzed concerning the rate of respondents that rejected the shared rides by indicating “I would rather not choose option 2”. The refusal rate was implemented as the percentage of shared rides that were rejected by the respondents. The overall refusal rate across all levels of information provision was 2.7% (SD = 1.6%). As shown in Table 2, the mean refusal rate differed depending on the amount of information given about the other passengers. The refusal rate was the highest under the condition of 25min_name_male with a refusal rate of 7.1% (SD = 0.26%) and the lowest for the condition 14min_all_female with not a single rejection (0%). The descriptive analysis reveals that the share of rejected rides is slightly higher for longer rides (Mean refusal rate25min = 3.7%, SD = 0.19%, Mean refusal rate14 min = 1.7%, SD = 0.13%).



For modeling the effect of the independent variables on the binary dependent variable refusal rate, a Generalized Linear Mixed Model (GLMM) was computed with the statistical software R using the function glmer of the package lme4 [54]. GLMM allow for the estimation of longitudinal data—like repeated observations in the case of the study—and are applicable to non-normal data [55]. The categorial variable information degree was transformed in dummy-coded variables with the category bus stop sign as baseline.



For model 1 with main effects only, the regressors travel time, gender information and the two dummy variables for full profile information and rating revealed significance in the model (Table 3). The degree of vehicle automation and the information levels name and picture failed to reach significance within the model. The model concerning the null hypothesis revealed an intraclass correlation (ICC) of. 608, indicating that more than 60 percent of variation in the respective variables is between people and the answers given by people in the repeated measures were rather stable [56].



To test the effects of the moderator variables on the dependent variable, an interaction model was computed. For the interaction model, interaction terms were included based on the assumptions guided by the research questions (Section 1.3) if they increased model fit. Excluding the variable degree of automation from the model, increased model fit. The final interaction model (Table 3, right) had a better model fit than model 1 (−2LLog = −193.3, AIC = 404.5, BIC = 456.8). Thus, it can be concluded that the interaction model is more suitable to reflect the data.



As shown before in Model 1, travel time had a significant effect on the refusal time in a way that a one unit increase in travel time was associated with a 1.148 unit increase in the expected log odds of the refusal rate (p < 0.001). In contrast to model 1, the predictors rating, full profile and gender information become less important in the interaction model. The presentation of full profile information significantly decreased the probability of refusing a shared ride (exp(ß) = 0.407, p = 0.050). In contrast, providing information on the name of the fellow passenger increased the refusal rate (exp(ß) = 16.44, p = 0.024). The presentation of a male name increased the respondents’ unwillingness to share rides while the presentation of a female name improved the willingness to share rides and was linked to a reduced the refusal rate as shown by a marginally significant effect (exp(ß) = 0.256, p = 0.087). The model further proved the relationship between the refusal rate and the presentation of gender information in a way that male gender information was related to a higher refusal rate than female gender information, (exp(ß) = 0.394, p = 0.043).




3.2. Willingness to Accept


Disregarding the independent variables, the overall WTA was 73.73% of the nonshared reference ride. The variance of the WTA was high as shown by SD = 17.17%.



The descriptive analysis reveals that the WTA is slightly higher for shorter rides of 14 min (M = 74.17%; SD = 19.02%) than for longer rides of 25 min (M = 68.91%; SD = 24.03%). As shown in Figure 4, the mean WTA differed according to the quality of information presented about the fellow passenger. The mean WTA was the lowest under the condition of 25min_bus stop sign (M = 67.12%, SD = 25.63%) and the highest for 14min_full profile information (M = 76.14%, SD = 17.20%).



With regard to gender information, a significant effect of the gender of the fellow passenger on the WTA was shown under the condition name (t(614) = −1.859; p = 0.064, Figure 5). In more detail, it was shown that the presentation of the female name was related to a higher WTA (M = 72.40, SD = 20.38) than the presentation of a male name (M = 68.96, SD = 25.22).



A mixed-effects model was computed using the function lmer of the lme4 package of R [55]. The categorial variable information degree was transformed in dummy-coded variables with the category bus stop sign as baseline. First, a model with main effects only was computed. Then, interaction terms were added to the model.



As shown in Table 4, regression analysis proved a highly significant effect of travel time on WTA (t(9) = −0.519; p < 0.001). Respondents showed higher WTA values when trip duration was short (M = 74.17%; SD = 19.02%) than for longer rides (M = 68.91%; SD = 24.03%).



Concerning the effect of the degree of vehicle automation the regression analysis found a marginally significant effect in the model in a way that vehicle automation was linked to a lower WTA (t(148.99) = 5.093; p = 0.066), thus indicating that respondents require less compensation when the vehicle is autonomous.



Information on the gender of the fellow passenger marginal significantly predicted the WTA (t(9.00) = 1.459, p = 0.062). According, as shown by exp(ß), the WTA increased by 10.794 when female instead of male gender information were presented.



Subsequently, interaction terms were added to the interaction model. The model was chosen that reached the best model fit (−2LLog = 9921.6, AIC = 19,865, BIC = 19,929). The change in −2LL between the two models (−LLogModel1 = −9923.2, −2LLogModel2 = 9921.6) was highly significant (p < 0.05) according to the critical values of the chi-square distribution [48].



In the interaction model, the main effect of degree of automation was still marginally significant (p = 0.066). Interactions terms with degree of automation and other factors did not reach significance and did not improve model fit and thus were not included in the revised model.



Travel time revealed a highly significant negative effect on the WTA (ß = −0.519, p < 0.001). As shown by exp(ß) = 0.595, a one unit increase in travel time was associated with a 0.595 unit decrease in the expected log odds of the WTA (p < 0.001).



Quality of information revealed to be a significant predictor only for full profile information (t(2258.99) = 1.447; p = 0.041). The regression analysis thus showed that the WTA significantly increased (exp(ß) = 4.250) when full profile information was presented compared to the baseline condition bus stop sign. On the contrary, the presentation of information on the name of the fellow traveler revealed a significant and negative effect on the WTA (ß = −1.765, p = 0.005), showing that information concerning the name alone increased the compensation demands. An interaction effect with the gender of the fellow traveller with the presentation of a name was shown (t(2258.99) = 2.379; p = 0.066). In comparison to model 1, the predictor gender information became less important in presence of the interaction term name x gender information in the interaction model.



An ANOVA with repeated measures proved a significant interaction effect of gender information and gender of the respondents under the condition picture for the longer ride (F(1,142) = 5.866, p = 0.017) but not for the shorter ride of 14 min (F(1,144) = 2.035, p = 0.156). As shown in Figure 6 (top left), for the longer ride, both women and men tend to show higher WTA values confronted with a shared ride with a member of the opposite gender. Being female and confronted with a male picture resulted in a higher WTA (M = 72.70, SD = 19.36) for the 25-min ride than when being confronted with a female picture (M = 69.31, SD = 20.80, F(1,89) = 6.273, p = 0.014) whereas the effect was not significant for male respondents (F(1,53) = 1.264, p = 0.266).



Under the condition name, a marginally significant interaction effect of gender information and own gender was shown for the shorter ride (F(1,142) = 3.299, p = 0.071) as well as the longer ride (F(1,138) = 3.266, p = 0.073). In more detail, it was shown that men, who were presented to a female name, indicated a higher WTA for the shorter ride (M = 76.33, SD = 16.77) than when viewing a male name (M = 73.92, SD = 16.48, F(1,52) = 4.763, p = 0.034, Figure 6, bottom left). The same inter-relation was shown for the longer ride (F(1,52) = 4.510, p = 0.038).



For the presentation of full profile information, a significant interaction with own gender was shown for the 25-min ride (F(1,1424) = 5.306, p = 0.006) but not for the shorter ride of 14 min (F(1,150) = 0.848, p = 0.430). As shown in Figure 6 (top right), for the longer ride, women showed higher WTA values when presented to a male full profile (M = 72.98, SD = 19.80) than to a female full profile (M =71.09, SD = 20.26, F(1,91) = 4.412, p = 0.038).




3.3. Cumulative Distribution


The cumulative distribution of the WTA was used to assess the cost sensitivity of the respondents. The distribution function shows the share of respondents for a specific compensation demand (WTA). This information can be used to determine the WTA that is needed to attract a specific share of people, e.g., a critical mass of 90%. As shown in Figure 7, the distribution varied depending on travel distance (left) and automation scenario (right). As the left Figure 7 shows, a 14-min ride required a lower discount (50.00%) to attract the critical mass of 90% of respondents than a 25-min ride (62.22%).



Considering the effect of information on the cumulative distribution of respondents WTA, only slight tendencies were recognizable. As shown in Figure 8, the lowest discount needed to attract 90% of the respondents, as indicated by the highest maximum accepted costs was found under condition full female profile information. A critical mass of 90% of the respondents would share a ride if the price for the shared ride is 48.89% of the nonshared ride’s price under this condition. In order to attract a critical mass of 90% of study participants, the maximum price accepted for a shared ride should be only 35.56% of the original price under condition male name.





4. Discussion


4.1. Summary and Interpretation of Findings


It was shown that participants of the study revealed a high willingness to share rides in SAMODSs as indicated by a low overall refusal rate. The overall WTA for the shared rides as a measure of the compensation demands was nearly three quarters of the nonshared ride, indicating that regardless of the independent variables, the respondents required a reduction of approximately one quarter of the reference price.



Subsequently, the study findings are summarized by answering to the research questions concerned.



In terms of RQ1, the study found that the willingness to use SAMODSs was affected by the quality of information provided about fellow travelers. The likelihood of accepting a shared ride increases when more information is presented.



In more details, and to answer RQ2, the provision of detailed information about fellow travellers proved beneficial for reducing the compensation demands of travellers when sharing rides. Interestingly, the presentation of a name without further information on the fellow passenger decreased the willingness to share rides. The negative effect of the presentation of a name on the willingness to share rides was particularly relevant when male names were presented. The results are in line with the findings of Carol et al., (2019) who report a lower willingness to share a trip with male than female passengers for a ridesharing system [40]. They found strong indications for a discrimination of Turkish men in their study. Based on the result of the present study, the findings of [40] might be explained by the presentation of a name only. The provision of a rating proved relevant when looking at the cumulative distribution in terms of the maximum accepted costs of a shared ride (WTA) in relation to a nonshared ride. When a rating was presented, the lowest discount was needed to attract a critical mass of 90%. The beneficial effect of a rating system has been emphasized in several studies concerning ridesharing and ridehailing systems [39,57]. Concerning the information presented on the gender of the fellow passenger, the study found that male gender information was related to a higher refusal rate than female gender information. This was particularly relevant when only names were presented. A further statistical analysis revealed a correlation between the presented gender information under the condition name and full profile information and the respondents’ own gender for men but not for women. Apparently, the above-mentioned negative effect of the presentation of a male name can be traced back to an interaction with the respondent’s own gender in a way that men require higher compensation for rides with other male travelers when only name information were provided. Regarding RQ3, the effect of autonomous driving on the travelers’ willingness to share rides could not be conclusively assessed based on the presented study results. Contrary to prior expectations, the study found no clear effect of the degree of vehicle automation on the willingness to share rides in SAMODSs as proposed by [10]. The study revealed a strong tendency towards the direction that participants that envisioned a ride in the driverless vehicle required less compensation for sharing rides compared to a conventional system with driver.



With regard to RQ4, the rejection rate of shared rides in SAMODSs was higher and correspondingly the required compensation demands were higher for longer rides as has been expected based on findings of prior studies [7,31]. However, the results are in contrast to the findings of Lavieri and Bhat (2018), who found the willingness to share trips in SAMODSs to be independent of travel time [10]. They propose that the willingness to share represents a fixed cost. However, the results of our analysis of the cumulative distribution of the WTA showed that the need for a price reduction increases with an increase in travel time.




4.2. Limitations and Further Research Needs


Several limitations have to be regarded for the interpretation of the study’s findings. A first limitation of the study is related to the number of participants that requires a careful interpretation of the results. The authors thus recommend a validation of the findings based on different (e.g., other countries) and larger samples. A possible shortcoming emerges from the difficulty to create respondents’ vision of the autonomous transport system even though they have not experienced the system before. One important limitation of the applied approach to use an online survey is therefore the challenge of ensuring a sufficient degree of immersion. Studies that use online surveys often report a limited external validity due to self-selection effects, among others [21,42,58,59]. As a means to face the challenge of immersion, the study used comprehensive explanation and a figural description of the transport systems. Furthermore, participants that did not remember the presented scenario correctly were excluded from further analysis. It may be an interesting starting point for future research to design experiments that mimic the travel experience in autonomous systems in a more realistic manner, like by using virtual reality [10] and naturalistic settings.



Based on the presented study, several new research questions are emerging. Because the study revealed a positive effect of the information provision concerning fellow passengers, further research is also needed to assess travelers’ willingness to share personal data [60]. A comprehensive examination of privacy and safety concerns of existing pooled ride-hailing and ridesharing users may be a necessary step to design future autonomous mobility-on-demand-systems [10]. The guarantee of data security on the one hand, and the requirements for information provision about fellow passenger on the other hand, raises the question about registration requirements for users of SAMODSs. It might also be interesting to look at further incentive strategies to encourage sharing rides, like social nudges [61] or ecological framing [62].





5. Conclusions


A discrete choice experiment investigated the effect of providing information about the fellow passengers on the willingness to share trips in driverless autonomous mobility-on-demand systems. A discrete choice experiment assessed the potential of provided information on the participants’ compensation demands for a shared ride. The analysis revealed a beneficial effect of detailed information about fellow travellers (picture, name and rating) for reducing the compensation demands of travellers. In contrast, the provision of a name only resulted in higher compensation demands. The study results could be used to design booking apps for shared mobility-on-demand systems that consider the users’ needs concerning fellow passengers. Further research is needed to validate the results in further, more naturalistic settings and to examine travellers’ willingness to share personal data.
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Figure 1. Schematic representation of the research questions. Dependent variable is represented as a rectangle, predictors and mediators as ellipses. 
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Figure 2. Levels of the variable quality of information. 
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Figure 3. Example of a choice set consisting two alternatives: left: nonshared ride, right: shared ride with full information on fellow traveller. 
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Figure 4. Mean Willingness to Accept according to information degree and travel time. Whiskers represent confidence intervals. 
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Figure 5. Mean Willingness to Accept according to information degree and gender of fellow passenger. Whiskers represent +/− 1 SD, * p < 0.1. 
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Figure 6. Mean Willingness to Accept (WTA) according to quality of information, gender information and respondent’s gender. (Top left): 25-min ride under the condition Picture, (Top right): 25-min ride under the condition full profile information, (Bottom left): 14-min ride under the condition Name, (Bottom right): 25-min ride under the condition Name. Whiskers represent +/− 1 standard deviation, ** p < 0.05. 
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Figure 7. Cumulative distribution of the willingness to accept shared rides depending on the travel distance (left) and the degree of automation (right). The WTA of a shared rides is compared to WTA of the nonshared ride on the X-axis. Y-axis represents the distribution of the respondents. 
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Figure 8. Maximum accepted price of a shared ride compared to a nonshared ride by a critical mass of 90% of participants depending on the information degree and the gender of the fellow passenger. 
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Table 1. Sociodemographic characteristics of the sample (N = 154).
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Sociodemographic Variable

	
Characteristics

	
n (%)






	
Size of residence (number of inhabitants)

	
<5.000

	
17 (11.0)




	
5.000–50.000

	
19 (12.3)




	
50.000–500.000

	
72 (46.8)




	
> 500.000

	
45 (29.2)




	
Missing

	
1 (0.6)




	
Highest educational level

	
Secondary school certificate

	
1 (0.6)




	
High school graduation

	
42 (27.3)




	
Vocational training

	
9 (5.8)




	
University degree

	
98 (57.1)




	
PhD-degree

	
2 (1.3)




	
Missing

	
1 (0.6)




	
Job status

	
Full-Time

	
49 (31.8)




	
Part-Time

	
10 (6.5)




	
In education

	
88 (57.1)




	
Temporary out of work

	
1 (0.6)




	
Unemployed

	
1 (0.6)




	
Missing

	
5 (3.2)




	
Net household income

	
<1.000 €

	
57 (37.0)




	
1.000–1.500 €

	
25 (16.2)




	
1.500–2.000 €

	
17 (11.0)




	
2.000–3.000 €

	
32 (20.8)




	
>3.000 €

	
15 (9.7)




	
Missing

	
8 (5.2)




	
Share of transport mode (at last once a week)

	
Car

	
24 (15.6)




	
Bus

	
35 (22.7)




	
Tram/subway

	
49 (31.8)




	
Train

	
24 (15.6)




	
Bike

	
75 (48.7)











[image: Table] 





Table 2. Mean refusal rate in percent and standard deviation in parentheses according to information quality (bus stop sign, name female, name male, picture female, picture male, rating, full profile information female and full profile information male) and travel time (14 min vs. 25 min).
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Level of Quality of Information

	

	




	

	

	
BSS

	
N_F

	
N_M

	
P_F

	
P_M

	
R

	
F_F

	
F_M

	
Total






	
Share of rejected shared rides in %

	
14 min

	
1.9 (0.14)

	
1.9 (0.14)

	
4.5 (0.21)

	
1.3 (0.11)

	
2.6 (0.16)

	
0.6 (0.08)

	
0.0 (0.00)

	
0.6 (0.08)

	
1.7 (0.13)




	
25 min

	
5.2 (0.22)

	
1.3 (0.11)

	
7.1 (0.26)

	
1.9 (0.14)

	
3.2 (0.18)

	
3.9 (0.19)

	
3.2 (0.18)

	
3.2 (0.18)

	
3.7 (0.19)








Note. BBS = bus stop sign, N_F = name female, N_M = name male, P_F = picture female, P_M = picture male, R = rating, F_F = full profile information female, F_M = full profile information male.
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Table 3. Comparison of the Generalized Linear Mixed Models.
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Model 1

	

	
Model 2–Interaction Model






	
Predictors

	
ß

	
exp(ß)

	
SE

	
z-value

	
p

	
ß

	
exp(ß)

	
SE

	
z-value

	
p




	
Intercept

	
−8.895

	
<0.001

	
1.071

	
−8.307

	
<0.001 **

	
−10.304

	
<0.001

	
1.12

	
−9.167

	
<0.001 **




	
Travel time

	
0.104

	
1.109

	
0.032

	
3.204

	
0.001 **

	
0.138

	
1.148

	
0.041

	
3.393

	
<0.001 **




	
Automation (with driver = 0)

	
−0.597

	
0.550

	
0.901

	
−0.662

	
0.508

	
−

	
−

	

	
−

	
−




	
Dummy_name

	
−0.032

	
0.969

	
0.477

	
−0.067

	
0.947

	
2.800

	
16.44

	
1.242

	
2.254

	
0.024 **




	
Dummy_picture

	
−0.770

	
0.463

	
0.509

	
−1.518

	
0.129

	
−

	
−

	
−

	
−

	
−




	
Dummy_rating

	
−1.206

	
0.299

	
0.585

	
−2.062

	
0.039 **

	
−0.927

	
0.396

	
0.555

	
−1.67

	
0.095 *




	
Dummy_full profile

	
−1.222

	
0.295

	
0.537

	
−2.276

	
0.023 **

	
−0.898

	
0.407

	
0.459

	
−1.958

	
0.050 *




	
Gender information (male = 0)

	
−1.079

	
0.340

	
0.389

	
−2.776

	
0.006 **

	
−0.932

	
0.394

	
0.46

	
−2.024

	
0.043 **




	
Dummy_name × Gender information

	

	

	

	

	

	
−1.364

	
0.256

	
0.796

	
−1.714

	
0.087 *




	
Dummy_name × travel distance

	

	

	

	

	

	
−0.113

	
0.893

	
0.070

	
−1.621

	
0.105




	
−2LLog

	

	
−196.5

	
−193.3

	




	
AIC

	

	
411.0

	
404.5

	




	
BIC

	

	
463.3

	
456.8

	

	








Note. AIC = Akaike information criterion, BIC = Bayes criterion, * p < 0.1, ** p < 0.05.
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Table 4. Comparison of the Linear Mixed-Effects Models.
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Model 1

	
Model 2–Interaction Model






	
Predictors

	
ß

	
exp(ß)

	
SE

	
t

	
p

	
ß

	
exp(ß)

	
SE

	
t

	
p




	
Intercept

	
76.317

	
1.393

	
2.312

	
33.014

	
<0.001 **

	
76.777

	
2.207

	
2.177

	
35.28

	
<0.001 **




	
Travel time

	
−0.519

	
0.519

	
0.059

	
−8.756

	
<0.001 **

	
−0.519

	
0.595

	
0.054

	
−9.606

	
<0.001 **




	
Automation (with driver = 0)

	
5.093

	
162.88

	
2.751

	
1.851

	
0.066 *

	
5.093

	
162.88

	
2.751

	
1.851

	
0.066 *




	
Dummy_name

	
−0.435

	
0.647

	
1.084

	
−0.401

	
0.698

	
−1.765

	
0.171

	
0.915

	
−1.929

	
0.005 **




	
Dummy_picture

	
0.370

	
1.448

	
1.084

	
0.341

	
0.741

	
−

	

	
−

	
−

	
−




	
Dummy_rating

	
1.154

	
3.171

	
1.187

	
0.972

	
0.356

	
0.694

	
2.001

	
0.915

	
0.759

	
0.448




	
Dummy_full profile

	
1.587

	
4.889

	
1.084

	
1.464

	
0.178

	
1.447

	
4.250

	
0.709

	
2.042

	
0.041 **




	
Gender information (male = 0)

	
1.459

	
4.302

	
0.685

	
2.129

	
0.062 *

	
0.819

	
2.268

	
0.709

	
1.157

	
0.247




	
Dummy_name × Gender information

	

	

	

	

	

	
2.379

	
10.794

	
1.294

	
1.840

	
0.066 *




	
−2LLog

	
−9923.2

	
−9921.6




	
AIC

	
19,868

	
19,865




	
BIC

	
19,932

	
19,929

	








Note. AIC = Akaike information criterion, BIC = Bayes criterion, * p < 0.1, ** p < 0.05.
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