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Abstract 

Free-floating carsharing systems (FFCS) are characterised by the volatile spatial-temporal distribution 

of fleet and user demand, as well as users’ heterogenous price sensitivity and spatial-temporal 

flexibility. Hence, it is possible to apply dynamic pricing-based revenue management in a FFCS 

system. By dynamically updating prices on different origin-destination pairs according to the real-

time fleet and user demand distribution, operators can redistribute user demand as well as increase 

their own revenue. In addition to dynamic pricing, advance reservation also has the potential to reduce 

the volatility of FFCS system and make the carsharing service more profitable. By having advance 

reservation, the operator has better knowledge of future user demand and can prepare in advance for 

possible demand peaks. This increase in service reliability can better serve the current FFCS user and 

attract potential new FFCS users. 

These two approaches have been investigated by some of the literature in the carsharing research, 

especially dynamic pricing. The success of both approaches requires the participation of users, 

however, and we are still unclear about users’ preferences in respect to the two approaches. Without a 

clear understanding of user behaviour, it is too early to assume that the two approaches can help the 

operator in revenue management. Dynamic pricing, especially, adds an additional dimension of 

uncertainty to the volatile free-floating carsharing system, which may raise users’ aversion and not 

help the operator increase the revenue. This thesis contributes to the wider literature by bridging user 

behaviour modelling and carsharing system operational management. We estimate users’ preference 

for/against dynamic pricing and advance reservation, and develop a decision support tool that helps 

the carsharing operator to maximise revenue while taking user behaviour into consideration. 

We design a stated choice (SC) survey to collect carsharing users’ responses to two interacting 

dimensions of uncertainties. For choice-behaviour under multiple dimensions of uncertainty, we 

propose two levels of transformation (attribute- and utility-level transformation). We estimate 

carsharing user behaviour under uncertainty through a discrete choice model (DCM). The modelling 

results demonstrate that our SC survey design approach can successfully capture carsharing user 

behaviour under two interactive dimensions of uncertainty. The modelling results from the two levels 

of transformation are consistent with each other, and help the carsharing operator understand the user 

behaviour from different angles. This demonstrates the importance of considering both levels of 

transformation in risky-choice behaviour modelling with more than one dimension of uncertainty. 

We also provide a choice-based optimisation framework that considers users’ risky-choice behaviour. 

Choice behaviour as predicted by the risky-choice models and estimated from the SC survey data 

feeds into the choice-based optimisation model. We demonstrate the importance of having a correct 

understanding of users’ risk preference in dynamic pricing-based revenue management by a numerical 

analysis. The choice-based optimisation framework can serve as a decision support tool for carsharing 

operators to generate more revenue and better serve the users. 
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1. Introduction 

1.1. Background 

Carsharing is a short-term car rental service whose objective is to provide users with short-term access 

to vehicles on an as-needed basis (Shaheen, 2016). The earliest example of carsharing was from 

Europe in the 1940s, the intention of which was to offer vehicle access to people that could not afford 

private vehicles. Following this experiment, there were some other carsharing attempts in Europe in 

the 1970s, but carsharing became more successful from the mid-1980s (Shaheen and Sperling, 1998). 

The development of IT accelerated the development of carsharing, and Shaheen et al. (2018b) show 

that carsharing membership has increased steadily since 2015, reaching approximately 5,000,000 in 

U.S. and Canada in early 2017. Many automakers have entered this market, including Daimler 

(Car2go1), BMW (DriveNow), GM (Maven) and SAIC Motor (EVCARD). 

Although the original reason for sharing vehicles was to reduce costs, carsharing brings important 

additional benefits. It has the potential to reduce users’ private car ownership, which may further 

reduce emissions, energy consumption and parking spaces needed (Cervero et al., 2007; Martin et al., 

2010; Martin and Shaheen, 2011a). Additionally, there are people who have a relatively high need for 

private space and are hence reluctant to travel by public transport (PT), but limited access to parking 

spaces or high environmental concerns constrain their willingness to keep private vehicles. Carsharing 

is ideal for this group of people since it fills the gap between private cars and PT. 

Carsharing belongs to a wider concept of shared mobility. Other than carsharing, there are bikesharing 

(i.e. Santander bikes, Citi Bike, Mobike), ridehailing (also called ridesourcing, i.e. Uber, Lyft, Didi), 

ridesharing (i.e. BlaBlaCar), scooter sharing (i.e. Bird, Jump Bikes, Lime), etc. An overview of the 

different components of shared mobility is presented in Figure 1.1. A detailed introduction to these 

types of shared mobility is presented in Shaheen et al. (2015). 

 

Figure 1.1 Composition of shared mobility (reproduced from (Shaheen et al., 2015)) 

 

 

1 DriveNow and Car2go merged to form ShareNow in February 2019. 
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Carsharing can be classified into different categories by many criteria. The most commonly used 

criteria are: (1) whether the carsharing system has, or does not have, dedicated pick-up/drop-off 

stations (station-based vs free-floating); (2) whether it does, or does not, have a requirement to pick 

up and drop off vehicles at the same location (round-trip vs one-way); and (3) whether the fleet is 

centrally owned or decentralised. In general, carsharing services nowadays belong to one of the 

following categories: 

• Round-trip carsharing: with dedicated pick-up/drop-off stations, with a requirement to pick up 

and drop off vehicles at the same station, centrally owned fleet; 

• One-way station-based carsharing: with dedicated pick-up/drop-off stations, without a 

requirement to pick up and drop off vehicles at the same station, centrally owned fleet; 

• Free-floating carsharing: without dedicated pick-up/drop-off stations, without a requirement 

to pick up and drop off vehicles at the same station, centrally-owned fleet; 

• Peer-to-peer carsharing (P2P): decentralised-owned (or partially decentralised) fleet. 

Example carsharing operators (that are still operating until October 2019) are listed in Table 1.1: 

Table 1.1 Examples of carsharing operators 

Name Features Area served 

Car2go One-way; Free-floating; Centrally-owned; 

Conventional and EV fleets 

Austria, Canada, China, France, 

Germany, Italy, Netherlands, 

Spain, USA 

 

DriveNow One-way; Free-floating; Centrally-owned; 

Conventional and EV fleets 

Austria, Belgium, Denmark, 

Finland, Germany, Hungary, 

Italy, Portugal, UK 

 

Drivy2 P2P Austria, Belgium, France, 

Germany, Spain, UK 

 

eGo P2P 

 

US 

EVCARD One-way; Station-based; Centrally-owned; EV 

fleets 

 

China 

Enjoy One-way; Free-floating; Centrally-owned; 

Conventional fleets 

 

Italy 

Flinkster Round-trip; Station-based; Centrally-owned; 

Conventional fleets 

 

Germany 

Getaround P2P 

 

US 

GoGet Round-trip; Station-based; Centrally-owned; 

Conventional fleets 

 

Australia 

 

Greenwheels Round-trip; Station-based; Centrally-owned; 

Conventional and EV fleets 

 

Germany, Netherlands 

 

 

2 Getaround acquired Drivy in April 2019. 
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Name Features Area served 

Hertz 24/7 One-way; Station-based; Centrally-owned; 

Conventional and EV fleets 

Australia, Belgium, France, 

Germany, Italy, Netherlands, 

Portugal, Spain, UK 

 

Maven Round-trip; Station-based; Centrally-owned; 

Conventional and EV fleets 

 

US 

Mobility One-way; Station-based; Centrally-owned; 

Conventional, EV fleets and scooter 

 

Switzerland 

Turo P2P Canada, US 

 

Zipcar/Zipcar 

Flex 

Round-trip/One-way; Station-based/Free-

floating; Centrally-owned; Conventional and 

EV fleets 

Canada, Costa Rica, Iceland, 

Belgium, UK, US, Taiwan, 

Turkey 

 

In addition to the three dimensions mentioned, organisational structure (whether the operator is for-

profit or non-profit) is another important dimension for classifying carsharing companies. Compared 

with for-profit operators that usually belong to privately-owned companies, non-profit operators 

usually belong to the government or non-profit organisations. Non-profit carsharing operators, 

therefore, focus more on increasing awareness of carsharing, attracting more potential users, and 

access equity of carsharing in different communities. They expect that private car ownership can be 

reduced, and parking spaces can be saved as a result. 

We focus on free-floating carsharing (FFCS) in this study. FFCS is a very flexible carsharing service 

which has no dedicated pick-up and drop-off stations, and users do not need to pick up and drop off 

vehicles at the same location. Compared with traditional round-trip carsharing users, FFCS users are 

not constrained by the requirement of picking-up and dropping-off cars at the same location, but at an 

expense of a lower degree of certitude on vehicle availability when they need a shared vehicle. There 

is evidence that FFCS and round-trip carsharing are used in different ways and attract different groups 

of people. For example, round-trip carsharing is regarded as a substitute to private cars, and FFCS is 

used as an alternative to taxi or public transport. Round-trip car sharing schemes, hence, are more 

attractive to non-car owners, and have a higher potential to reduce private car ownership compared 

with FFCS (Becker et al., 2017a; Yoon et al., 2017). 

The flexibility of FFCS in pick-up and drop-off location provides users with much convenience, but 

also makes it very challenging for the operator to keep the spatial-temporal balance of the volatile 

user demand and vehicle supply. The most common strategy for one-way carsharing operators (both 

station-based and free-floating) to achieve this is by hiring dedicated staff to move vehicles from low-

demand to high-demand areas according to the demand pattern throughout the day. This approach is 

called operator-based relocation, and has been studied by the likes of Fan (2013), Gambella et al. 

(2017), Nourinejad et al. (2015) and Weikl and Bogenberger (2015). 

The heterogeneous spatial-temporal flexibility, price sensitivity and risk preference of users also 

provide FFCS operators with opportunities to manage their fleet and demand distribution more 

efficiently. By dynamically updating the carsharing service price according to the fleet and user 

demand distribution, some user demand can be moved to less congested locations or time periods. In 

addition to dynamic pricing, guaranteed advance reservation (GAR) helps the operator to manage 

their fleet: through advance reservation, users who are more sensitive to the uncertainties in the FFCS 

system announce their demands to the operator in advance, allowing the operator to allocate vehicles 
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according to their requirements in advance. Through understanding users’ requirements operators are 

able to sell the right product to the right person in order to maximise their revenue. 

Although still rare in existing FFCS services, dynamic pricing and advance reservation are common in 

other forms of shared mobility. For example, surge pricing (pricing depend on the origin and 

departure time) has been widely employed by ridehailing operators. Advance reservation is generally 

required by round-trip carsharing operators, and some ridehailing operators have also started advance 

reservation services.3 

FFCS operators have made some attempts in dynamic pricing recently. For example, DriveNow in 

London presents a percentage (%) icon on vehicles that have been idle for some time. Users can get a 

4p/min or 8p/min discount (the original price being 33p/min) if they choose to pick up these vehicles 

(DriveNow, 2019). Car2go in Washington DC has also started to vary the rate and package price 

according to the time, location and day of rental (Car2go, 2019). As for long term GAR in FFCS, a 

rare example is Car2go's service in Chongqing (P.R. China), which operates only during specified 

major holiday periods (e.g. the Chinese New Year). The vehicle must be used for a minimum of 24 

hours, however, and the user must travel to a pre-defined location for vehicle pick-up/drop-off 

(Car2go Chongqing, 2018). This service, therefore, more closely resembles the temporary use of 

FFCS vehicles for services similar to traditional car rental, rather than the general provision of long-

term advance reservations in FFCS. 

Several characteristics limit the practicality of dynamic pricing and GAR in FFCS services. From the 

operator’s side, dynamic pricing and GAR place a much higher burden on FFCS operators’ 

operational management ability. FFCS operators need to have a good knowledge on the fleet 

distribution and an accurate prediction of the future demand distribution. They also need to have more 

information about where and when current users will drop-off their vehicles. For GAR, the operator 

may need to block the usage of some vehicles (meaning foregone revenue) or deliver the vehicles to a 

user that has been sold an advance reservation, meaning direct expenditure on staffing resources (see 

extended discussion in Molnar and Correia (2019)). Currently, however, operators have relatively 

weak control of their fleet’s minute-by-minute spatial distribution, and there is little knowledge about 

users’ responses to dynamic pricing and willingness-to-pay for GAR. 

From the users’ side, dynamic pricing and GAR add additional uncertainties to the original FFCS 

system. For GAR, the uncertainty is whether the user should put trust on the operator. It is possible 

that the previous user will not return the vehicle at the expected time or location, or that the operator 

fails to block the vehicle for use by other customers. For dynamic pricing, there is evidence that 

consumers have distinctive responses to pricing-uncertainty (as opposed to uncertainty in non-price 

attributes) when price is modulated dynamically by a supplier (Courty and Pagliero, 2008; Bolton et 

al., 2003). Dynamic pricing can also be controversial, raising questions of equity and fairness (Bolton 

et al., 2003). As a result, it is not applied universally, even in circumstances (e.g., internet retail) when 

a narrow application of economic theory would suggest efficiency gains are possible (Garbarino and 

Lee, 2003). 

 

 

 

 

3 Uber offers 30-days and Lyft offers 7-days advance reservation services. See 

https://help.uber.com/riders/article/scheduling-a-ride-in-advance?nodeId=63165ec1-0910-409e-972f-

0b8d8df1a605 and https://help.lyft.com/hc/en-us/articles/115013078668-Scheduled-rides-for-

passengers 

https://help.uber.com/riders/article/scheduling-a-ride-in-advance?nodeId=63165ec1-0910-409e-972f-0b8d8df1a605
https://help.uber.com/riders/article/scheduling-a-ride-in-advance?nodeId=63165ec1-0910-409e-972f-0b8d8df1a605
https://help.lyft.com/hc/en-us/articles/115013078668-Scheduled-rides-for-passengers
https://help.lyft.com/hc/en-us/articles/115013078668-Scheduled-rides-for-passengers
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1.2. Aims and objectives 

The aim of this study is to understand FFCS users’ responses to uncertain attributes in FFCS and 

advance reservation services and thus to help the FFCS operator determine the pricing strategy 

according to users’ behaviour. The fleet of the FFCS system in this study is human-driven, 

conventional (internal combustion engine) vehicles. We do not incorporate EV fleets in this study 

because EVs are in general have much shorter range than conventional vehicles, and hence the 

charging requirements of EVs cannot be ignored. Shared autonomous vehicles are attracting more and 

more research nowadays (Fagnant and Kockelman, 2014; Hörl et al., 2019; Krueger et al., 2016). 

Since self-driving vehicles are still being tested, however, and the majority of FFCS users do not have 

experience of using self-driving vehicles, we focus on human-driven vehicles in this study and leave 

the extension of this study to self-driving vehicles for future research. 

In order to achieve the aim of this study, we present a more flexible FFCS system in this study. This 

FFCS system is different from the current deployments of FFCS by (1) considering users’ 

heterogeneous spatial-temporal flexibility and price sensitivity and (2) allowing both spontaneous 

usage and advance reservation. To be more specific, the objectives of this study are to: 

(1) Propose a stated choice (SC) approach to capture FFCS users’ attitudes towards two 

interacting dimensions of uncertainty (vehicle location and price); 

(2) Demonstrate that the proposed survey approach can be successfully employed to estimate 

FFCS users’ risk preference for these two dimensions of uncertainty; 

(3) Implement a choice-based optimisation framework suitable for revenue management in the 

context of free-floating carsharing, capable of integrating information on users’ risk 

preferences collected by the survey method. 

1.3. Outline of the thesis 

The thesis consists of seven chapters (and six appendix chapters). The first chapter is the introduction 

of the general background on carsharing and the aims and objectives of this study. The following 

chapters are a literature review (Chapter 2 and 3), the main research work (Chapter 4, 5 and 6) and a 

conclusion (Chapter 7). In brief, the chapters cover the following material: 

Chapter 2: This chapter is the first literature review chapter, which focuses on the state-of-art of 

carsharing research. We classify the carsharing literature into five categories, which are user 

behaviour modelling and demand estimation, the impact of carsharing on the existing world (i.e. the 

car ownership, carbon emission, travel behaviour of users), the deployment of carsharing systems, and 

approaches that help carsharing operators balance the system (operator-based relocation, dynamic 

pricing, advance reservation, secondary market, etc.). In this chapter we review these topics 

individually, indicate their correlations, point out the research gap and state our contribution to the 

literature. 

Chapter 3: This chapter is the second literature review chapter, which focuses on the methodologies 

that are employed in this research. Our main research work is composed of data collection, behaviour 

modelling and optimisation. We first introduce the stated choice (SC) survey that is used for data 

collection, and then review random utility theory and risky-choice models that are employed in user 

behaviour modelling. The last methodology we review in this chapter is choice-based revenue 

management, which is employed in FFCS operator revenue management. A summary of the 

methodologies and the reason for employing them is presented at the end of Chapter 3. 

Chapter 4 (adapted from Wu et al. (2019)): This chapter introduces our data collection process. We 

collected data via a SC survey. The survey has three SC games in total, and the third game has two 

interacting uncertain attributes (walking time and price). The spatial-temporal flexibility and advance 

reservation service are introduced gradually in the three games: Game 1 is the most similar to the 
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FFCS service nowadays comparing with other two games. The only difference is that users are 

presented with two FFCS options with different time components (walking and in-vehicle travel time) 

and prices. Game 2 adds temporal flexibility, which allows users to book a vehicle that is currently in 

use. Game 3 introduces GAR, which allows users to reserve a vehicle for a journey that is not 

happening immediately. We present our considerations in the design of the SC survey and the piloting 

process. The survey administration process and the descriptive analysis of the SC survey data are 

presented at the end of this chapter. 

Chapter 5 (adapted from Wu et al. (2019)): This chapter presents the user behaviour modelling results. 

For Game 1 and Game 2 data without choice under uncertainty, we employ traditional multinomial 

logit models with linear utility functions. For Game 3 with choice under uncertainty, we employ both 

riskless- and risky-choice models. We employ three types of risky-choice models and indicate there 

are two possible ways of transforming the uncertain parameters. Findings from the models are 

summarised at the end of this chapter. 

Chapter 6 (adapted from Wu et al. (2020)): In this chapter we analyses the impact of users’ risk 

preference on the usage of carsharing and on operators’ revenue. We first present an overview on the 

FFCS system that considers users’ spatial-temporal flexibility and compare this FFCS system with the 

existing practice. We then introduce the choice-based optimisation framework whose objective is 

maximising FFCS operators’ revenue, where the choice behaviour models presented in Chapter 5 

serve as constraints in the optimisation. We compare the influence of users’ risk preference on the 

usage of carsharing and the operator’s revenue, investigate the revenue loss of the FFCS operator due 

to the misunderstanding of users’ risk preference, and different operational strategies (maximising 

operator’s revenue only vs. maximising operator’s revenue with the consideration of consumer 

surplus). We demonstrate the choice-based optimisation framework is applicable to different user risk 

preference and FFCS demand patterns. 

Chapter 7: We conclude the main findings of the thesis, summarises the main contributions of this 

work, and discusses the potential future research extensions from this work in this chapter. 

1.4. List of publications 

The following journal articles and conference papers were prepared as part of this research: 

Journal paper: 

(1) Wu, C., Le Vine, S., Sivakumar, A., Polak, J. (2019) Traveller preferences for free-floating 

carsharing vehicle allocation mechanisms. Transportation Research Part C, 102, 1-19. doi: 

10.1016/j.trc.2019.02.019. 

Conference paper: 

(1) Wu, C., Le Vine, S., Sivakumar, A., Polak, J. (2020) Impact of incorporating users’ choice-

making under uncertainty on carsharing usage and operator revenue. TRB 

(2) Wu, C., Le Vine, S., Sivakumar, A., Polak, J. (2019) Traveller preferences for novel free-

floating carsharing vehicle allocation mechanisms. TRB 

(3) Wu, C., Le Vine, S., Polak, J. (2018) User Response to the Dynamic Pricing of Carsharing 

Services: A Stated-Choice Approach. European Association for Research in Transportation 

(hEART) 

Other related journal and articles published during this PhD study are: 

(1) Wu, C., Le Vine, S., Clark, M., Gifford, K., Polak, J. (2019) Factors associated with round-trip 

carsharing frequency and driving-mileage impacts in London. International Journal of 

Sustainable Transportation.  

doi: 10.1080/15568318.2018.1538401. 

https://doi.org/10.1016/j.trc.2019.02.019
https://doi.org/10.1080/15568318.2018.1538401
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(2) Le Vine, S., Wu, C., Polak, J. (2018) A nationwide study of factors associated with household 

car ownership in China. IATSS Research, 42(3), 128-137.  

doi: 10.1016/j.iatssr.2017.10.001. 

(3) Wu, C., Le Vine, S., Philips, S., Tang, W., Polak, J. (2019) Free-floating carsharing users’ 

willingness-to-pay/accept for logistics management mechanisms. TRB 

(4) Le Vine, S., Wu, C., Polak, J. (2017) A Nationwide Study of Factors Associated with 

Household Car Ownership in China. TRB 

  

https://doi.org/10.1016/j.iatssr.2017.10.001
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2. Background in carsharing research 

This chapter discusses the state-of-art of carsharing research. Carsharing is a component of shared 

mobility, and hence studies on other types of shared mobility and studies on carsharing have very 

similar objectives and employ similar methodologies. Our discussion of the literature therefore 

includes some studies on other types of shared mobility when they are very relevant, but our focus is 

still on carsharing research. 

According to the author’s understanding of the literature, carsharing research can be classified into 

five categories, which are: 

(1) Carsharing user behaviour (how the adoption or usage of carsharing is affected by attributes 

of the carsharing service and the socio-demographic features of carsharing users, Section 2.1); 

(2) Carsharing demand prediction (long-term and short-term) (Section 2.1); 

(3) The impact of carsharing on existing modes of transport, environment, traffic congestion, land 

use, etc. (Section 2.2); 

(4) The deployment of carsharing systems (i.e. number of stations, location and capacity; fleet 

size and composition, see Section 2.3); 

(5)  The operational management (system rebalancing) of carsharing systems (Section 2.4). 

The relationship between these topics is illustrated below: 

 

Figure 2.1 The relationship between carsharing research topics 

Figure 2.1 shows that the five topics are interrelated. The result of one study can serve as an input for 

another study. For example, research on carsharing user behaviour helps operators understand their 

users better, and they can therefore use the results of such research to predict the potential market 

share they can achieve in a region (long-term, strategic demand prediction). This long-term demand 

prediction can be used as a guideline for the operator to deploy their fleet and stations within that 

region. Carsharing user behaviour also helps the operator understand the usage pattern exhibited by 

carsharing users, which can inform short-term demand forecasts. An accurate short-term demand 

forecast result, meanwhile, is essential to enable the carsharing operator to determine how to balance 

the vehicle supply with customer demand. 

All five topics have been studied extensively in the past few years. The general trends are: (1) Factors 

other than socio-demographic features (i.e. social influence, attitudes and personalities) have been 

considered in carsharing user behaviour modelling, as these factors can have strong influence on niche 

market like carsharing; (2) More advanced mathematical modelling approaches have been 

incorporated in carsharing research, such as machine learning and deep learning in carsharing demand 
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prediction, and price bidding in carsharing operational management; (3) The interest of researchers is 

shifting from conventional fleets to EV and shared autonomous fleets. Most studies only focus on one 

topic, however, and the dependencies between different topics are not well studied. For example, 

dynamic pricing in carsharing requires knowledge of users’ price sensitivity, yet many studies treat 

the price sensitivity as a known parameter and do not further investigate the price sensitivity via real-

world data. If dynamic pricing control is applied to a real-world FFCS system, its effectiveness may 

therefore be different from the results estimated in these studies. 

2.1. Carsharing: User behaviour and demand prediction 

We review carsharing user behaviour and demand prediction together because these two topics are 

closely related, and the data collection and methodologies used are very similar. A full summary of 

the literature on these topics is presented in Table A.1 in Appendix A. We present a shorter version in 

this section (Table 2.1) and classify the studies by their objective, data source and fitted model. 

 

Table 2.1 Summary of carsharing user behaviour and demand prediction studies 

Objective Data source Fitted model Studies 

Carsharing 

user 

behaviour 

SC Multinomial logit 

model 

Webb et al. (2019); Yoon et al. (2017);  

Cartenì et al. (2016); Zoepf and Keith 

(2016); de Luca and Di Pace (2015); de 

Luca and Di Pace (2014); Le Vine et al. 

(2014b); Hironori et al. (2013); Catalano et 

al. (2008) 

 

Mixed logit model Rotaris et al. (2019); Jung and Koo (2018); 

Ströhle et al. (2018); Krueger et al. (2016); 

Zoepf and Keith (2016); de Luca and Di 

Pace (2015); de Luca and Di Pace (2014) 

 

 

Hybrid choice model Kim et al. (2017a); Kim et al. (2017b); Kim 

et al. (2017c) 

 

Nested logit model Winter et al. (2018); Catalano et al. (2008) 

 

Probit model Efthymiou et al. (2013) 
 

Other Asgari et al. (2018); Liao et al. (2018); 

Shaheen et al. (2016); Wang et al. (2011); 

Zheng et al. (2009) 

 

Revealed 

preference or 

operational 

data 

Multinomial logit 

model 

Ye et al. (2019); Bulteau et al. (2019); 

Becker et al. (2017a); Juschten et al. (2017); 

Ciari et al. (2016); Ciari and Weis (2013); 

Cervero et al. (2007); Cervero and Tsai 

(2003) 

 

Probit model Becker et al. (2017c) 

 

Other statistical 

analysis 

Meelen et al. (2019); K. Zhang et al. (2018); 

Habib et al. (2012); Morency et al. (2009); 

Millard-Ball et al. (2005) 
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Objective Data source Fitted model Studies 

Long-term 

demand 

prediction 

SC Multinomial logit 

model 

Yoon et al. (2019); Le Vine et al. (2014b); 

Other statistical 

regression 

Zheng et al. (2009) 

 

Revealed 

preference or 

operational 

data 

Multinomial logit 

model 

Juschten et al. (2017); Ciari et al. (2016); 

Kortum and Machemehl (2012) 

 

Other statistical 

regression 

Cheng et al. (2019); Becker et al. (2017b); 

Willing et al. (2017); Wagner et al. (2015a); 

Kortum and Machemehl (2012); Hu et al. 

(2018); Kang et al. (2016); de Lorimier and 

El-Geneidy (2013); Stillwater et al. (2009) 

 

Simulation Balac et al. (2018); Balac et al. (2017); 

Balac et al. (2015); Ciari et al. (2015); Ciari 

et al. (2014); Ciari and Weis (2013); Ciari et 

al. (2012) 

 

Descriptive Zhou (2014); Millard-Ball et al. (2005) 

 

Short-term 

demand 

prediction 

Revealed 

preference or 

operational 

data 

Statistical Boldrini et al. (2019); Song and Murata 

(2018); Müller and Bogenberger (2015); 

 

Machine learning 

and deep learning 

Boldrini et al. (2019); Alfian et al. (2017); 

Schulte and Voß (2015); Cheu et al. (2006) 

 

The objective of studies on carsharing user behaviour is to understand the characteristics of carsharing 

users and how carsharing service attributes influence the usage of carsharing. Many studies have 

collected data using stated choice (SC) surveys because carsharing is still an emerging mode of 

transport, and data from actually observing carsharing users’ choice behaviour in the real world is still 

rare. Discrete choice models (DCM) are the most common modelling methodology in the context of 

carsharing user behaviour research. It has been found that carsharing users are usually young (under 

45 years old), employed, well-educated, having a higher income, having no private cars, and living in 

small-sized households. These features are valid for both round-trip and FFCS users , and for other 

shared mobility modes, such as bikesharing, shared autonomous vehicles and ridehailing (Alemi et al., 

2018; Fishman et al., 2015; Zhang and Zhang, 2018). 

Although similar, there are still differences in users that are attracted to round-trip and FFCS. Kortum 

and Machemehl (2012) and Becker et al. (2017b) find FFCS users are in general younger than round-

trip carsharing users. Yoon et al. (2017) find that weather has a greater impact on FFCS users’ 

decision of using shared vehicles compared with round-trip carsharing, which might be caused by the 

additional access/egress time associated with free-floating car sharing. The car ownership levels of 

round-trip and FFCS users are also different. Round-trip carsharing users in general have a lower 

private car ownership level than FFCS users (Becker et al., 2017b; Yoon et al., 2017). More 

importantly, round-trip carsharing vehicles are mainly used to replace private cars and supposedly 

encourage the use of PT and non-motorised mode of transport, whereas FFCS competes with not only 

private cars but also PT and non-motorised modes (Becker et al., 2017a, 2017b; Namazu and 

Dowlatabadi, 2018). Round-trip carsharing is hence considered to be more effective in reducing 

private car ownership compared with FFCS (Becker et al., 2017a, 2017b; Le Vine et al., 2014b; 

Namazu and Dowlatabadi, 2018). 
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Furthermore, with regards to SC surveys, the design variables for the SC surveys are usually cost and 

time. Common cost attributes include carsharing membership fee, carsharing rates, private car 

purchase cost, parking fees, etc. The time attributes are usually composed of carsharing access/egress 

time, in-vehicle travel time, waiting time (for PT or ridehailing services), and the time spent searching 

for a parking place. Respondents are usually asked to make trade-offs between the various cost and 

time attributes and to decide whether to join carsharing or whether to use carsharing on a particular 

trip. Noteworthy studies that extend from the “time and costs” paradigm include Kim et al. (2017a, 

2017b, 2017c): Kim et al. (2017a) and Kim et al. (2017b) analyse the influence of the lack of 

availability of shared vehicles on respondents’ decision to join a carsharing program. Kim et al. 

(2017c) focuses on the impact of activity duration and travel time uncertainty on respondents’ mode 

choice behaviour. All these studies employ a hybrid choice model in the behaviour analysis, which 

incorporates the influence of latent attitudes. 

Other than studies based on SC surveys, there are also studies based on revealed preference (RP) data 

or aggregated data (i.e. census and geographic information). Data analysis techniques based on RP 

data are similar to those for SC data studies. The difference between RP data and SC survey data is 

that RP data is collected by users’ self-reported choices, not the choices under the hypothetical SC 

survey situations (a more detailed introduction to SC and RP data is provided in Section 3.1). Studies 

based on aggregated data usually regress the carsharing demand in a particular place against the local 

population characteristics and the land use information. For example, Cheng et al. (2019), Willing et 

al. (2017) and Wagner et al. (2015a) find that the POI (point of interest, i.e. transit hub, college, 

shopping centre) information can be predictors of carsharing demand in a particular region. Zhu et al. 

(2015) also focus on the influence of POI on carsharing demand. They investigate the relationship 

between taxi demand and POI density and make predictions on the carsharing demand using deep 

learning. Hu et al. (2018) analyse factors affecting carsharing demand at both the carsharing station 

and regional levels. They find that stations with high capacity, longer business hours, fewer nearby 

stations, and shorter distance to POIs attract more demand. As for the regional level, they find that 

regions with high carsharing demand usually have high population density, a high percentage of 

adults, a high percentage of males, high road density and a mixed land use. Becker et al. (2017a) 

employed spatial regression and a conditional logit model to study carsharing demand and carsharing 

user mode choice behaviour, respectively. They found that FFCS does not rely on well-served PT 

access but bridges gaps in the existing PT network. 

There are a series of studies using agent-based simulation to investigate how carsharing demand is 

influenced by various factors. Balac et al. (2016) and Balac et al. (2017) focus on the impact of 

parking on carsharing system. Balac et al. (2016) focus on the influence of parking space supply, and 

Balac et al. (2017) investigate the influence of parking price policy on the demand of FFCS. Balac et 

al. (2018), meanwhile, simulate two competing FFCS operators. They find that the pricing strategy is 

essential when the levels of the other services of the two competing companies are very similar, and 

vehicle relocation is unprofitable in this competitive environment. Ciari et al. (2015) simulate 

scenarios with different pricing strategies and find that pricing policy affects not only the demand but 

also the user profile and the usage pattern of carsharing. 

Knowledge of the characteristics of carsharing users and their mode choice behaviour can be used to 

predict the potential market share of carsharing in an area (Le Vine et al., 2014b; Zheng et al., 2009), 

while the demand prediction results can be used to optimise the deployment of carsharing systems. 

Example studies include Cheng et al. (2019) and Ciari et al. (2016), which optimise the location of 

carsharing stations based on the carsharing demand prediction results. 

The analysis of carsharing users’ daily usage patterns and short-term carsharing demand forecasts is 

important for the operational management of carsharing. These studies usually integrate historical 

carsharing operational data with other data (i.e. weather and geographical information). Demand 
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forecasts are usually performed by time series analysis or machine learning techniques. Example 

studies that integrate short-term demand forecasts and carsharing operational management are Alfian 

et al. (2017) and Schulte and Voß (2015). The difference is that Alfian et al. (2017) focus on static 

rebalancing, which does not perform during the business hours of the carsharing service but at the end 

of the day. 

In summary, there are extensive studies from the literature exploring the characteristics (especially 

socio-demographic features) of potential carsharing users and factors that influence users’ demand for 

carsharing. There are well-established survey design examples and demand modelling methods that 

serve as good reference for future analysis. Further research is required to analyse how carsharing 

users behave under various dimensions of uncertainty in the carsharing system, such as vehicle 

availability, dynamic pricing, vehicle location, etc. Although some studies indicate that the vehicle 

availability and pricing strategies have an important influence on carsharing demand (Ciari et al., 

2015; Garbarino and Lee, 2003; Kim et al., 2017b, 2017a), there is still a lack of detailed estimation 

on how carsharing users behave differently under uncertain environments comparing with certain 

environments. The ubiquity of smartphones nowadays provides us with the possibility of tracking 

carsharing users’ behaviours via a smartphone app (see Becker et al. (2018b)). More research is 

needed on applying GPS-tracking data to carsharing user behaviour modelling. 

2.2. Carsharing: Impact on user behaviour, the existing modes of transport, 

and the environment 

A full list of the literature is presented in Table A.2. Comparing Table A.2 with Table A.1, the data 

collection and statistical analysis approaches for research into carsharing behaviour and impacts are 

similar: Surveys (including SC and RP survey) are widely used in data collection, and DCMs and 

simulation are widely employed for statistical analysis. A noteworthy study is that of Becker et al. 

(2018b), which collects user travel diary data through a smartphone-based GPS tracking app and then 

uses that GPS-tracked data to analyse the use of FFCS. 

We review this topic according to the objectives of the studies. These research objectives range from 

car ownership, environmental impact, land use, the existing traffic system and modes of transport, and 

user activity patterns. We classify the literature by their research objectives, data sources and 

geographical area of focus in Table 2.2. In general, the impact of carsharing is found to be positive: it 

can reduce users’ private vehicle ownership and promote the use of public transport and non-

motorised modes. As a result, the emission and energy consumption of carsharing users are reduced, 

and traffic congestion and the requirement for parking spaces are also reduced. 

The most popular topic in carsharing impact analysis is car ownership. It has been found that all types 

of carsharing are capable of reducing private car ownership. Martin et al. (2010) show that carsharing 

members reduce their household vehicle holdings from an average of 0.47 to 0.24 vehicles in North 

America, and a carsharing vehicle can remove 9 to 13 vehicles from the road. Cervero et al. (2007) 

show that City CarShare members in the San Francisco Bay Area are 12% more likely to shed a 

vehicle than non-members. Becker et al. (2018b) did two waves of surveys and collected travel diary 

data through a smartphone-based GPS-tracking app. They found that FFCS reduces users’ car 

ownership and promotes the modal shift towards PT. 

The potential of station-based carsharing and FFCS in respect to reductions in private car ownership is 

different, however. Becker et al. (2017b) found that station-based carsharing is used in a more 

planned way, usually to replace private car journeys. FFCS is used more spontaneously, usually to 

save travel time compared with alternative modes (PT, bike, etc.). Since station-based carsharing is 

mainly used to replace private vehicle journeys, it has more potential than FFCS to reduce users’ 

private car ownership (Becker et al., 2017b; Giesel and Nobis, 2016; Le Vine et al., 2014b; Martin 

and Shaheen, 2016; Namazu and Dowlatabadi, 2018). 
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Table 2.2 Summary of carsharing impact studies (by data source and research objectives) 

Objective Data source Geography Studies 

Private car 

ownership and 

car trips 

SC Europe Liao et al. (2018) (Netherlands); 

Le Vine et al. (2014b) (UK) 

 

Australia Zhou (2018) 

 

Revealed preference North America Namazu and Dowlatabadi (2018) 

(Canada); 

Martin and Shaheen (2011a, 2011b) 

(US and Canada); 

Martin et al. (2010) (US and Canada); 

Cervero et al. (2007) (US); 

Millard-Ball et al. (2005) (US and 

Canada); 

Lane (2005) (US) 

Shaheen and Rodier (2005) (US) 

Cervero and Tsai (2003) (US) 

Cervero (2003) (US) 

 

Europe Le Vine and Polak (2019) (UK); 

Becker et al. (2018b), Becker et al. 

(2017b) (Switzerland); 

Ceccato and Diana (2018) (Italy); 

Giesel and Nobis (2016) (Germany); 

Firnkorn and Müller (2015) 

(Germany); 

Firnkorn and Müller (2011) 

(Germany); 

 

Australia Jain et al. (2018) 

 

Asia Ding et al. (2019) (China) 

 

From the 

government, operator 

or other agencies 

 

Europe Tchervenkov et al. (2018) 

(Switzerland) 

From the literature N/A Luan et al. (2018) 

 

N/A N/A Ke et al. 2019) 

 

Emission From survey North America Martin and Shaheen (2011a) (US and 

Canada); 

Millard-Ball et al. (2005) (US and 

Canada); 

Cervero and Tsai (2003) (US) 

 

 Europe Firnkorn and Müller (2011) 

(Germany) 

 

 Asia Jung and Koo (2018) (South Korea) 

Ding et al. (2019) (China) 
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Objective Data source Geography Studies 

 From the 

government, operator 

or other agencies 

 

Europe Doka and Ziegler (2001) 

(Switzerland) 

 Not stated North America 

 

Chen and Kockelman (2015) (US) 

 

 Not stated Santos (2018) 

 

 From the literature N/A Luan et al. (2018) 

 

Energy 

consumption 

From survey North America Martin et al. (2010) (US and Canada) 

Cervero et al. (2007) (US) 

Cervero and Tsai (2003) (US) 

 

 Asia Ding et al. (2019) (China) 

 

 Not stated North America 

 

Chen and Kockelman (2015) (US) 

 

Public transport 

and no-

motorised 

modes of 

transport 

From survey North America 

 

Martin and Shaheen (2011b) (US and 

Canada) 

 

 Europe Ceccato and Diana (2018) (Italy) 

Becker et al. (2017b) (Switzerland) 

Le Vine et al. (2014b) (UK) 

 

 From the 

government, operator 

or other agencies 

 

North America 

and Europe 

 

Engdahl et al. (2017) (US, Netherland, 

Germany, and Spain) 

Parking spaces From the 

government, operator 

or other agencies 

Europe Tchervenkov et al. (2018) 

(Switzerland) 

 

 Asia Kondor et al. (2017) (Singapore) 

 

 From the literature N/A Luan et al. (2018) 

 

Traffic system 

efficiency 

From survey Europe Becker et al. (2018a) (Switzerland) 

 

 Not stated N/A Santos (2018) 

 

VKT/VMT From survey North America Martin and Shaheen (2011a, 2011b) 

(US and Canada); 

Martin et al. (2010) (US and Canada) 

Cervero et al. (2007) (US) 

Lane (2005) (US) 

Millard-Ball et al. (2005) (US and 

Canada) 

Shaheen and Rodier (2005) (US) 

Cervero and Tsai (2003) (US) 

Cervero (2003) (US) 

 

 Europe Le Vine et al. (2014b) (UK) 
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Objective Data source Geography Studies 

 From the 

government, operator 

or other agencies 

 

North America Fagnant and Kockelman (2014) (US) 

 

Activity pattern From survey Europe Le Vine et al. (2014a) (UK) 

 

A reduction in private car ownership also leads to a reduction in the need for parking spaces. 

Tchervenkov et al. (2018) analysed the impact of FFCS on parking spaces. They simulated the 

parking space requirement under different FFCS adoption rates and found that the parking space 

requirements can be reduced by 22% when all eligible agents switch to FFCS. Kondor et al. (2017) 

simulated a shared autonomous vehicle system based on data from Singapore. The reduction in the 

need for parking spaces was as high as 50% in the simulation. Balac et al. (2017) found that 

carsharing vehicles were used 1.7 to 2.9 times more than private vehicles at the trip level, so FFCS 

vehicles use parking spaces more efficiently than private vehicles. 

The impact of carsharing on the overall VKT/VMT (Vehicle kilometres/miles travelled) is discussed 

more by earlier studies but less so in recent studies. Example studies report a longitudinal study 

following the development and effects of a carsharing service in San Francisco from the first year of 

its introduction to four years later (Cervero, 2003; Cervero and Tsai, 2003; Cervero et al., 2007). 

Results show that, although the VKT/VMT of carsharing users increases at the beginning (because 

carsharing induces car travel among some otherwise carless users), the long-term VKT/VMT of 

carsharing users reduces more comparing with non-users. The reduction of VKT/VMT is also found 

by Martin and Shaheen (2011a). They conducted a survey in North America involving 9635 

respondents (6895 in the US and 2740 in Canada) in 2008 and prove that the average VKT drops 27% 

(from 6468 km/year to 4729 km/year) among carsharing members. Le Vine et al. (2014b) investigated 

the impact of both round-trip and one-way carsharing and found that although one-way carsharing has 

a larger market potential in London, round-trip carsharing contributes most to the reduction of 

VKT/VMT. 

The impact of carsharing on public transport and active modes is usually found to be positive (Martin 

and Shaheen, 2011b; Millard-Ball et al., 2005; Shaheen and Rodier, 2005). Since FFCS and station-

based carsharing are used in different ways, however, their impact on PT and active modes are 

different. Station-based carsharing is usually used for trips previously served by private vehicles, 

whereas FFCS serves both as a substitute and complement for PT. Hence, station-based carsharing in 

general encourages users’ mode shift toward PT and active modes, whereas the impact of FFCS on 

the use of PT and active modes is less clear (Becker et al., 2017b; Le Vine et al., 2014b; Martin and 

Shaheen, 2016; Namazu and Dowlatabadi, 2018). 

Research on the environmental impact is primarily focused on the GHG emissions and energy saving, 

with many studies demonstrating that carsharing reduces the negative effect of private vehicles on the 

environment: Ding et al. (2019) performed a life-cycle analysis to estimate the global warming 

potential of four carsharing modes (two-node sharing (only used at two sites), one-way station-based 

carsharing, FFCS, and carpooling)) in Beijing. They found that when carsharing replaces ~10% and 

~50% of private vehicles, the potentials of carsharing to reduce global warming are ~4% and ~20, 

respectively. Martin and Shaheen (2011a) found that, in North America, the observed impact of 

carsharing on GHG emissions reduction was 0.58 t GHG/year per household, and the full impact was 

0.84 t GHG/year per household (including the increase of carless households). Jung and Koo (2018), 

however, found that carsharing may not necessarily lead to a reduction in GHG emissions, since 

users’ shift from PT to carsharing may increase GHG emissions. 
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Since the differences in travel behaviour between carsharing users and non-users have been 

demonstrated by the literature discussed above, Le Vine et al. (2014a) use an SC survey to focus on 

one common activity: grocery shopping. Respondents were asked about the number of shops they 

regularly visit, the frequency of their visits, the access/egress mode, and the duration of the 

access/egress journeys. They found that one-way carsharing results in non-car owners shopping less 

frequently, visiting fewer distinct food shops and spending less time travelling for food shopping 

trips. 

To sum up, there are well-established statistical analysis approaches (descriptive analysis, regression, 

etc.) and survey design examples to estimate the influence of carsharing on user behaviour, existing 

modes of transport, and society. There is general agreement in the literature that carsharing has the 

potential to reduce car ownership and hence has a positive impact on the environment. Most studies 

we reviewed in this section, however, are based in North America and Europe, and were published in 

the early 2010s. As carsharing has developed rapidly since the early 2010s and has expanded to other 

parts of the world (Asia, South America, etc.), research that is based on more recent data or based on 

carsharing operators operating outside of North America and Europe is needed. Additionally, the 

positive impact of carsharing on the environment is mainly based on cross-sectional survey data. 

Longitudinal or life-cycle analysis on the influence of carsharing is sparse. To the author’s best 

knowledge, the only longitudinal studies are conducted by Cervero (2003), Cervero et al. (2007), 

Cervero and Tsai, (2004) and Becker et al. (2018b), and the only life cycle analysis of carsharing 

impacts have been by Ding et al. (2019), Chen and Kockelman (2015) and Doka and Ziegler (2001). 

The GPS-tracking data mentioned at the end of Section 2.1 can also be used to estimate the influence 

of carsharing on the user behaviour, which requires more extensive studies. 

2.3. Carsharing: System design 

The purpose of carsharing system design research is to help carsharing operators find the right place 

to expand their business and determine the best deployment of their carsharing stations and vehicle 

fleet. Boyacı et al. (2013) classify carsharing operators’ decisions into strategic (location, number and 

size of stations), tactical (fleet size) and operational (vehicle relocation and pricing) levels. We are in 

general agreement with this classification. In this section, we review studies focusing on the 

deployment of stations and fleet size (with a summary of studies in Table A.3), while we review the 

operational levels of decision studies in the next section. We take the view, however, that the design 

of station deployment and fleet size are both tactical decisions, whereas the strategic-level decision for 

carsharing operators lies in how to expand their business and what type of service they should offer. 

Research on the places in which to establish carsharing businesses largely overlaps with research on 

the prediction of long-term demand that we reviewed in Section 2.1, because long-term demand is the 

most important guideline for carsharing operators in business expansion. The decision as to whether 

to expand current carsharing systems is studied by El Fassi et al. (2012), who develop a decision-

support system based on discrete event simulation to help carsharing operators compare different 

expansion strategies. The ‘type of service to offer’ studies include what types of carsharing to offer 

and whether to integrate carsharing services with other modes of transport. Jorge et al. (2015a) 

investigate the possibility of accepting one-way carsharing service requests in a round-trip carsharing 

system. They demonstrate that providing a one-way carsharing service in a round-trip system can be 

profitable, but that appropriate relocation strategies are essential if the operator is to increase profit 

and reduce the costs of system deployment. Canitez and Deveci (2017) and Huwer (2004) discuss the 

integration of carsharing with traditional PT modes and show the potential benefit of integrating 

carsharing with public transport. 

Tactical decisions relate to the deployment and capacity of stations and fleet size. Most studies 

optimise stations together with the fleet size. Mixed integer programming is widely employed by 



29 

 

studies on this topic, with the carsharing operator’s budget as a constraint (Nair and Miller-Hooks, 

2014). Apart from optimisation, simulation is also widely adopted by researchers, such as Barrios and 

Godier (2014), Cocca et al. (2018), Fanti et al. (2017) and Orbe et al. (2015). Since a suitable design 

of one-way carsharing system can avoid complicated vehicle rebalancing needs, many studies 

consider vehicle relocation cost in their optimisation (Boyacı et al., 2015; Correia and Antunes, 2012; 

Deng and Cardin, 2018; Jorge et al., 2012). Additional to the elements that need to be considered in 

the design of a conventional vehicle carsharing system, studies on the deployment of EV sharing 

fleets consider the deployment of charging facilities (Calik and Fortz, 2019; Deza et al., 2018; Du et 

al., 2018; Jiao et al., 2016). Other studies focus only on the design of the fleet. Lemme et al. (2019) 

develop an integer programming model to determine the optimal fleet composition in respect to 

conventional, pure EV and hybrid vehicles. Morency et al. (2015), meanwhile, simulate a city where 

all vehicles can be shared. They find that 48% to 59% of the current vehicles would fulfil all car trip 

requirements in Montreal. 

Some studies go beyond the questions of ‘station location optimisation’ and ‘fleet size design’. Cardin 

et al. (2017) focus on the medium- to long-term development of one-way carsharing systems. This 

study employs real option analysis models to evaluate and optimise flexible strategies for both station-

based and free-floating carsharing systems. A simulation-based approach is developed for the station-

based system. This approach can explicitly model the vehicle relocation so that the operational-level 

decisions can be integrated with strategical- and tactical-level decisions. A stochastic mixed integer 

programming model is developed for FFCS operators, which can help the FFCS operator decide the 

size of the service area, the fleet size and how to rebalance the fleet distribution. Hu and Liu (2016) 

consider road congestion in the design of carsharing systems. Reservation is required in the proposed 

one-way station-based carsharing system, and the system is modelled by a mixed queuing network 

model. They find that the neglect of road congestion leads to an overestimation of the operator profit 

and carsharing system performance, and that the net revenue of the operator is maximised when the 

traffic congestion is moderate. The one-way carsharing system in Fricker and Bourdais (2015) 

reserves a parking space at the destination station when a user picks a vehicle up at the origin station. 

Stochastic queueing theory is employed in this study to find the optimal design of station capacity and 

fleet distribution. 

The interaction of user behaviour and system design is in general not investigated by many studies. 

One example that takes users’ spatial-temporal flexibility into consideration is Ströhle et al. (2018). 

This study used a mixed integer programming model to optimise the fleet sizing of a round-trip 

carsharing system. Users of this system have flexibility in terms of choosing the location and time of 

vehicle pick-up, and their willingness to pay for the spatial-temporal flexibility is obtained from a SC 

survey among 1,529 respondents. To reduce the complexity of the optimisation, the researchers did 

not apply discrete choice models in the optimisation. Instead, the objective function was minimising 

the cost that the operator spends on incentivising users, while the willingness to pay value for each 

individual is sampled from the willingness to pay distribution. They found that the spatial flexibility 

of users contributes most to the ability of operators to reduce fleet size. Four hours’ temporal 

flexibility of users can only achieve a 4% reduction in the fleet size, whereas only 1 km’s worth of 

spatial flexibility can lead to a 12% reduction in fleet size. 

To sum up, studies on the design of carsharing systems mainly focus on tactical level decisions (the 

site and size of stations). Most of the studies focused on car sharing systems employed mixed integer 

programming and propose algorithms to solve the optimisation problems. Higher level decisions 

determining where and when the carsharing operator should extend the business are less extensively 

studied. A decision support system that helps a real-world operator with both strategic and tactical 

decisions is necessary. Additionally, although there are studies considering the influence of operator-

based relocation in carsharing system design, the influence of other system rebalancing approaches 

has not been well studied yet. 
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2.4. Carsharing: System rebalancing 

Carsharing system rebalancing is one of the most extensively studied topics in carsharing research, 

especially one-way station-based carsharing. We present a summary of the literature on this topic in 

Table A.4, while detailed reviews of system rebalancing problem in carsharing can be found in 

Cepolina and Farina (2012), Jorge and Correia (2013) and Brendel and Kolbe (2017). 

In most of these studies, the system rebalancing work is done by staff who move vehicles from low-

demand to high-demand areas (operator-based system rebalancing). Typical studies include Nair & 

Miller-Hooks (2011), Fan (2013) and Jorge et al. (2012). All these studies employ mixed integer 

programming (MIP) to formulate the mathematical framework. The objectives of the MIP models are, 

for the first two studies, minimising relocation cost and, for Jorge et al. (2012) maximising profit. 

Demand uncertainty is considered in all three studies, with the first two employing stochastic MIP and 

the third random simulation of service requests. 

A typical challenge that researchers working on this topic are faced with is long computation times. 

This increases rapidly when the size of the carsharing system increases. A variety of heuristics are 

proposed to reduce the size of the problem, such as reducing the number of stations by clustering 

(Boyacı et al., 2017; Caggiani et al., 2017), decomposing the original problem into multiple 

intercorrelated sub-problems (Angeloudis et al., 2014; Nourinejad et al., 2015; Santos and Correia, 

2015), and setting upper and lower thresholds of vehicle stock for each station and only performing 

relocation when the vehicle stock is outside of these thresholds (Cao et al., 2016; Kek et al., 2006). 

Comparing the three heuristics, station clustering and setting relocation thresholds are more applicable 

to large-scale systems, because the sub-problems can still be very large when the size of the 

carsharing system is large. Reducing the size of the carsharing system and number of time steps are 

fundamentally reducing the size of the optimisation, hence station clustering and setting relocation 

thresholds are more scalable than the sub-problem heuristics. 

The diffusion of electric vehicles (EV) stimulates studies in EV carsharing fleet redistribution. 

Example studies include Bruglieri et al. (2018a), Zhao et al. (2018) and D. Zhang et al. (2018). The 

methodologies that are employed by studies on EV carsharing relocation are similar to those in studies 

focusing on conventional vehicle carsharing fleets, except that the charging requirement of EVs needs 

to be considered. The driving range limit of EVs, as well as the minimum level of charge that is 

allowed at pick up, serve as important constraints in the mathematical framework. 

The relocation of FFCS vehicles has been less extensively studied than it has with one-way station-

based carsharing. FFCS systems do not have dedicated stations for shared vehicles, so researchers 

usually divide the entire business area of FFCS into smaller zones and consider these to approximate 

to the ‘stations’ in one-way station-based carsharing. A typical study is Weikl and Bogenberger 

(2015). There are two levels of relocation in this study: macroscopic inter zone relocation (a higher-

level vehicle relocation between zones) and microscopic intra zone relocation (a lower-level vehicle 

relocation within each zone). They first generate a vehicle relocation plan for the macroscopic zones 

according to the optimisation result, and then divide each macroscopic-level zone to smaller zones 

and relocate vehicles among the microscopic zones. 

Users’ spatial-temporal flexibility and heterogeneous sensitivity to price can potentially be used to 

change demand patterns such that demand better matches with the current vehicle distribution. 

Although not currently widely applied in real-world carsharing systems, dynamic pricing has been 

widely adopted by other types of shared mobility, like ridehailing. We therefore summarise the 

literature on dynamic pricing across all types of shared mobility together in Table A.5. The 

methodologies employed by studies in Table A.5 are very similar to those in operator-based relocation 

studies: although a few studies employed agent-based modelling (Ciari et al., 2015; Giorgione et al., 

2019), most studies employ optimisation to determine the price levels. The objectives of this 
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optimisation are maximising operators’ profit or users’ benefit (i.e. number of customers served), 

while the constraints include vehicle flow conservation, fleet size and capacity of stations. The major 

difference is that dynamic pricing involves the participation of users, hence studies in Table A.5 have 

some assumptions on users’ responses to the dynamic price, whereas user behaviour is generally 

ignored in operator-based studies. 

We summarise user behaviour assumptions in shared mobility dynamic pricing studies in Table 2.3. 

Apart from those studies that did not specifically present user behaviour modelling, the behaviour 

assumptions can be classified into three categories: as a deterministic function of price (linear or 

nonlinear), a probabilistic function of price (including DCM), and an inherent function of incentive 

and additional inconvenience (i.e. additional walking distance). Both deterministic and probabilistic 

functions assume users’ demand for a product is a monotonically decreasing function of price. The 

difference is that DCM has an unobservable error term in the utility function whereas the 

deterministic function does not. The third assumption assumes that each user inherently trade-off 

additional inconvenience and monetary incentive. If the operator wants to encourage a user to change 

his/her vehicle pick-up location to an alternative location, the operator needs to provide an incentive 

greater than the inherent incentive that the user thinks he/she needs to be reimbursed for the additional 

walking distance. 

Table 2.3 indicates that the most popular user behaviour assumption is the ‘demand as a deterministic 

function of price’ assumption. The probabilistic function assumption is employed by far fewer 

researchers. Pfrommer et al. (2014) assume that the acceptance ratio of a user dropping the shared 

bike to a different station is proportional to the amount of incentive provided. Febbraro et al. (2018), 

Qiu et al. (2018), and Qiu (2017) employ MNL in their optimisation model. Qiu et al. (2018) and Qiu 

(2017) focus on the dynamic pricing in ridehailing services, and assume that the utility is a linear 

function of the price. Febbraro et al. (2018) focus on one-way carsharing systems, and hence the 

utility is a linear function of price and additional walking distance due to parking the vehicle at an 

alternative place. The DCM models in all three of these studies, however, are based on purely 

synthetical parameters. In fact, most of the literature in Table 2.3 uses synthetic user behaviour 

models. There are also a few car rental studies (Madden and Russell, 2012; Oliveira et al., 2019, 

2018; Oliveira, 2018) and a ridehailing study (Zha et al., 2018) that estimate users’ price elasticity 

according to real-world data. The demand-price model estimated by Brendel et al. (2016) is in the 

context of one-way station-based carsharing, but it was only based on 26 observations. 
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Table 2.3 User behaviour assumption in shared mobility dynamic pricing studies 

User behaviour 

assumption 

User behaviour model 

estimated from: 

Example studies 

Deterministic function 

of price 

SC or RP data Oliveira et al. (2019) 

Oliveira (2018) 

Oliveira et al. (2018) 

Zha et al. (2018) 

Brendel et al. (2016) 

Madden and Russell (2012) 
 

Synthetic Giorgione et al. (2019) 

Lei et al. (2019) 

Allahviranloo and Chow (2018) 

Asghari and Shahabi (2018) 

Sayarshad and Gao (2018) 

Silva (2018); Xu et al. (2018) 

Banerjee et al. (2017);Drwal et al. 

(2017) 

Banerjee et al. (2016);Qian and 

Ukkusuri (2016) 

Ciari et al. (2015);Jorge et al. (2015b) 

Waserhole and Jost (2014) 

Chemla et al. (2013) 

 

Probabilistic function of 

price 

Synthetic Karamanis et al. (2018) (NL) 

Febbraro et al. (2018) (MNL) 

Qiu et al. (2018); Qiu (2017) (MNL) 

Pfrommer et al. (2014) (acceptance 

ratio as a function of incentive) 

 

Inherent function of 

incentive and additional 

inconvenience 

Synthetic Al-Kanj et al. (2018) 

Angelopoulos et al. (2018) 

Bian and Liu (2019) 

Lv et al. (2018); Pan et al. (2018) 

Banerjee et al. (2017) 

Chen et al. (2017) 

Riquelme et al. (2015) 

 

 Survey Singla et al. (2015) 

 

Pre-assumed acceptance 

ratio 

N/A Ghosh and Varakantham (2017) 

Aeschbach et al. (2015) 

Schulte and Voß (2015) 

Herrmann et al. (2014) 

Saade and Doig (2014) 

Di Febbraro et al. (2012) 

Barth et al. (2004) 
 

Not stated N/A L. Wang et al. (2019) 

Chung et al. (2018) 

Hara and Hato (2017) 

Ruch et al. (2014) 



33 

 

We found some other studies in carsharing with a DCM in their optimisation framework, but their 

objectives were not price level setting. The objective of Huang et al. (2018) is the deployment of a 

one-way station-based carsharing system considering vehicle rebalancing needs. The decision 

variables are the station location and capacity, and the relocation is done by the operator. Users in this 

study can make choices between carsharing and private vehicles. Their choice behaviour is modelled 

by an MNL model whose parameters are synthetic, and the utility is a linear function of the cost of 

carsharing. The mathematical model is a mixed integer nonlinear programming (MINLP). They 

propose a gradient algorithm to solve the MINLP problem, since it cannot be easily solved by mature 

commercial solvers, and they demonstrate that their algorithm can achieve a higher profit than an 

existing nonlinear solver, MINOS. Jian and Dixit (2018) focus on designing an operator-based 

relocation plan considering users’ choice behaviour among one-way carsharing, round-trip carsharing, 

and other transport services. The optimisation model is MINLP, and they introduce an auxiliary 

binary variable to linearise the nonlinear MNL constraints. The parameters for the MNL models are 

from a stated preference survey conducted in Italy (Catalano et al., 2008). The numerical study, 

meanwhile, is based on GoGet in Sydney. As far as we know, Ströhle et al. (2018) is the only study 

that obtains user behaviour via an SC survey and then applies the estimated user behaviour to the 

optimisation framework. The objective of that study was to utilise users’ spatial-temporal flexibility to 

optimise the round-trip fleet size. The distribution of willingness-to-pay for the spatial-temporal 

flexibility is estimated from SC survey data. 

In addition to operator-based carsharing, other system rebalancing mechanisms, like the secondary 

market (see Le Vine (2014), which allows users who have made a reservation but who then cannot 

make their planned trip to sell the reservation to other users), integrated operator/user-based system 

rebalancing (Xu et al. 2018), and integrated operator-based vehicle rebalancing and ridesharing (Wen 

et al. 2017) are also investigated. One noteworthy system rebalancing mechanism is reservation. 

Previous studies discussing reservation in one-way carsharing include Alfian et al. (2015), Boyacı et 

al. (2017), Kaspi et al. (2014), Molnar and Correia (2019) and Repoux et al. (2018). Boyacı et al. 

(2017) investigate a model that compares ‘book in advance’ versus use on-demand configurations 

using a simulation-based approach on empirical operational data from a station-based one-way 

carsharing operator in Nice (France). They find that the ‘reserve in-advance’ configuration 

outperforms the on-demand configuration in terms of system robustness and number of requests 

served. Similarly, Alfian et al. (2015) simulated both a reservation-based and an on-demand one-way 

carsharing system and show that the reservation-based system outperforms the on-demand system 

when the carsharing vehicle supply is relatively smaller than the user demand. Kaspi et al. (2014) 

propose a parking reservation policy which requires users to declare their destination and the system 

reserves a parking space for them at their destination, and then apply discrete event simulation and 

optimisation techniques to compare the parking space reservation policy with the no-reservation 

policy. In Repoux et al. (2018), the operator accepts a reservation only if a vehicle is available at the 

origin, and parking is available at the destination. Once the reservation is accepted, both (vehicle and 

space) are reserved for the user. Relocation policies using the reservation information are compared 

with other relocation mechanisms by simulation. Molnar and Correia (2019) propose a relocation-

based reservation enforcement method to an FFCS system, which locks a vehicle only a short time 

before a trip departure. If there are no available vehicles nearby at the advance reservation users’ 

leaving time, the operator relocates a vehicle from a different place. Simulation-based optimisation is 

used in this study to optimise the performance of the reservation-relocation approach, and the case 

study demonstrates that the proposed approach performs better than the simple vehicle-locking 

approach in which the vehicle is locked for the advance reservation user until he/she picks it up. 

In summary, operator-based relocation is the most extensively studied carsharing system rebalancing 

approach. Most studies employed mixed integer programming and proposed various algorithms to 

accelerate the computational time. Compared with studies on operator-based relocation, other vehicle 

relocation approaches like dynamic pricing and advance reservation are less extensively studies. 
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Further studies on non-operator-based relocation approaches are required. Especially, these non-

operator-based relocation approaches involve the participants of users. Analysing users’ response to 

these approaches and considering users’ response in the system management is important. 

2.5. Summary and research gaps 

We reviewed important branches of research in carsharing, specifically carsharing user behaviour 

modelling and demand prediction, carsharing impact analysis, carsharing system design and 

carsharing system rebalancing. 

A general finding of this review is that interdependency between different topics is not well 

addressed, especially the influence of user behaviour on the fleet management of carsharing systems. 

For vehicle relocation studies, although there is evidence from the literature on both carsharing and 

other topics  that the pricing policies can greatly affect user behaviour (Ciari et al., 2015; Garbarino 

and Lee, 2003), studies on shared vehicle fleet management are still primarily based on synthetic user 

behaviour rather than empirical user behaviour. This is highly relevant because neglecting systematic 

patterns in empirical user behaviour when setting carsharing pricing strategy may reduce the 

economic welfare of both the carsharing operator and users. 

Another important research gap is the very limited body of literature that addresses users’ response to 

the uncertain attributes in carsharing systems. While Kim et al. (2017a, 2017b, 2017c) analysed users’ 

responses to some uncertainties in carsharing systems, their studies address different aspects of the 

multi-dimensional uncertainties of shared-mobility systems, some of which are not relevant to free-

floating fleets. To the author’s best knowledge, there remains a substantial gap in the literature 

regarding user response to the unique uncertainties associated with dynamic pricing and vehicle 

location in FFCS fleets, and how this response can be optimally taken into account by FFCS 

operators. The remainder of this thesis outlines the proposed approach to address these challenges. 
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3. Review of methodologies 

In this chapter we review the methodologies that are used in this study and reasons for choosing them, 

including the stated choice survey design (Section 3.1), random utility theory and discrete choice 

models (Section 3.2), risky-choice modelling (Section 3.3) and choice-based optimisation (Section 

3.4). We summarise each of these methodologies at the end of the chapter. 

3.1. Stated choice survey 

It is very desirable if the analyst can observe individuals’ choices and use the observed choice data in 

the behaviour modelling, rather than assuming or simulating these choices. Although it is not easy to 

directly observe choices, it is still practical to ask respondents to report the choices they made in the 

past. This data is called revealed preference (RP) data, which is clearly suitable for behaviour 

modelling. RP data also has limitations in terms of behaviour modelling, however. As summarised by 

Louviere et al. (2000) and Ortúzar and Willumsen (2011), these limitations are: 

• The attributes of options in RP may lack sufficient variation so that respondents’ trade-off 

between alternatives is not obvious. This would mean that the attribute level combinations in 

RP data would be insufficient for an efficient statistical analysis; 

• Explanatory variables affecting choice behaviour are highly correlated in the real world, so it 

is not easy to identify their independent impact on user behaviour from the RP data; 

• When new services/products/features are introduced there are no suitable RP data available; 

• RP data collection is time-consuming and expensive. 

Stated preference (SP) is more suitable for data collection in these situations. Contingent valuation, 

conjoint analysis and stated choice (SC) are three common SP methods. The features of these three 

types of survey are: 

• Contingent valuation: The analyst presents policy or product options to respondents and 

respondents indicate how much they are willing to pay for those policies or products; 

• Conjoint analysis: The analyst presents several options to the respondents and asks the 

respondents to rank them; 

• Stated choice: The analyst presents respondents with several hypothetical options and asks 

respondents to select their most preferred option. 

Contingent valuation survey data cannot be used to disentangle the willingness to pay information 

with respondents’ characteristics or product attributes. The ranking mechanism of conjoint analysis is 

also criticised by researchers, since different respondents have different scales on the ranking 

psychologically (Louviere and Lancsar, 2009). SC survey does not have these drawbacks, and hence 

SC survey dominants the other two approaches in transport research. 

Compared with RP, SC survey respondents report what they would do in hypothetical situations. A 

limitation SC survey is the degree of similarity between reported choice in the hypothetical situation 

and their actual choices in real life. A way of reducing the hypothetical bias is to make the 

hypothetical situations of the SC survey relevant to the respondents’ everyday life, so the choice 

situations are reasonable and understandable by the respondents. 

Ortúzar and Willumsen (2011) summarise the main features of SC surveys as: 

• The survey is based on the elicitation of respondents’ choices under different hypothetical 

situations; 

• Each option is described by several attributes, like travel time and cost; 

• The levels of attributes are constructed by experimental design techniques which ensure that 

the parameters for the attributes are estimated with the smallest standard errors; 
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The design of a SC survey is composed of five stages (Ortúzar and Willumsen, 2011): (1) clarifying 

survey objectives, (2) determining survey assumptions; (3) experiment design and survey pilot; (4) 

sampling framework and (5) survey administration. The first and second stage is to determine the 

objective, the options, attributes, and levels of attributes of the survey. The third stage is to determine 

the attribute level combinations in each choice situation. There are in general two experimental design 

approaches, which are: 

• Orthogonal designs: The orthogonal design makes sure the attribute levels for different 

attributes are uncorrelated. The main reason of using orthogonal designs is to estimate the 

influence of each attribute independently. There are full factorial designs and fractional 

factorial designs. The full factorial design incorporates all possible combinations of the 

attribute levels. This design approach is only practical for surveys with a small number of 

attributes and levels of attributes. When the total number of combinations is very large, 

however, it is more practical to use a fractional factorial design that incorporates only a 

subset of the full factorial design situations. 

• Efficient designs: The aim of efficient design is to minimise the standard errors of the 

estimated parameters in the behaviour modelling. Efficient design requires some prior 

knowledge of the DCM model and parameters to be estimated. An AVC matrix 

(asymptotic variance-covariance matrix, where the roots of the diagonal of this matrix are 

the asymptotic standard errors) of the parameters can be generated based on the prior 

information, and then the efficiency of the design can be computed from that matrix. The 

most widely used efficient design is called D-efficient design, which minimises the 

determinant of the AVC matrix (Rose and Bliemer, 2009). 

The SC survey should be piloted among a small group of respondents in order to test if the estimation 

resulting from the collected data is consistent with the analysts’ expectations. The parameters 

estimated from the pilot data can also be used to update the prior information in respect to those 

parameters in the D-efficient design. In addition to this task, the analyst needs to debrief the pilot 

respondents in respect to their understanding of the survey and to attain their suggestions and 

comments on the survey design. 

The last step before the data collection is sampling. The analyst needs to determine the sampling 

framework, sampling strategy and sample size. The sampling framework defines the full set of 

potential respondents, and the actual respondents are sampled from this set. Two common sampling 

strategies are simple random samples and exogenously stratified random samples. The first strategy 

assigns equal probabilities for the selection of all individuals in the sampling framework, while the 

second one divides the sampling framework into several mutually exclusive groups and individuals 

within the same group then have the same probability of being chosen. A large sample size is usually 

important in the model estimation, but the recruitment of respondents can be difficult and expensive. 

Louviere et al. (2000) provide formulas to compute the minimum sample size based on the desired 

level of accuracy and the number of choice situations in the SC survey, which can serve as a reference 

for the target sample size. 

3.2. Riskless choice theory and discrete choice models 

We introduce riskless choice theory (especially random utility theory, RUT) and discrete choice 

models (DCM) in this section. We focus on the situations where a single choice is associated with a 

single outcome in this section, and review the situation where multiple outcomes are associated with a 

single choice in the next section. Research on this domain consists of deterministic choice and 

probabilistic choice, where the former is the starting point of the latter. 
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Deterministic choice theory derives from consumer choice theory in microeconomics. It assumes that 

each decision maker has a choice set and he/she has a ranking on the choices based on the attributes of 

the choices (such as price) and the characteristics of the decision makers (such as income). 

Deterministic choice theory is characterised by three properties. If there are three options 𝑛, 𝑛′ and 𝑛′′ 

in the choice set 𝒞, the three properties can be described as: 

• Reflexivity: 𝑛 ≥ 𝑛 (‘≥’ means the decision maker prefers the former option or is indifferent 

to the two options), which indicates option 𝑛 is at least as good as itself; 

• Transitivity: if 𝑛 ≥ 𝑛′ and 𝑛′ ≥ 𝑛′′, then 𝑛 ≥ 𝑛′′; 

• Comparability: 𝑛 ≥ 𝑛′ or 𝑛 ≤ 𝑛′, which means any two options can be compared. 

Under the assumptions of reflexivity, transitivity and comparability, there exists a function 𝑈: 𝒞 → ℝ 

such that 𝑛 ≥ 𝑛′ ⟺ 𝑈𝑛 ≥ 𝑈𝑛′
, where 𝑈 is called utility function. The most preferred option 𝑛∗ for 

this decision maker is the option that has the largest utility, which is denoted as 𝑛∗ = arg max
𝑛∈𝐶

𝑈𝑛. 

The utility discussed so far is based on the assumptions that (1) the analysts have perfect knowledge 

of the decision makers’ choice behaviour, and (2) the decision makers have perfect information about 

the options in the choice set. Random utility theory is one way of generalising deterministic choice 

theory, which focuses on relaxing the first assumption. It introduces an error term in the utility 

function to represent the analyst’s imperfect knowledge of the decision makers, the utility can hence 

be written as: 

𝑈𝑛 = 𝑉𝑛 + 𝜖𝑛 (3.1) 

 

where 𝑉𝑛 is the observable part of the utility function (that can be described as a function of the 

attributes of options and characteristics of decision makers) and 𝜖𝑛 is the error term. 

Since the utilities are now random variables, the product/service provider can only predict the 

probabilities of a product/service being chosen. If the choice set of users is 𝒞, the probability of option 

𝑛 being chosen is: 

Pr(𝑛|𝒞) = Pr(𝑈𝑛 ≥ 𝑈𝑛′
, ∀𝑛′ ∈ 𝒞, 𝑛′ ≠ 𝑛) (3.2) 

 

or 

Pr(𝑛|𝒞) = Pr(𝜖𝑛′
− 𝜖𝑛 ≥ 𝑈𝑛 − 𝑈𝑛′

, ∀𝑛′ ∈ 𝒞, 𝑛′ ≠ 𝑛) (3.3) 

 

Eq. (3.3) indicates that the probability of selecting option 𝑛 depends on the joint distribution of 𝜖𝑛 and 

𝜖𝑛′
. Different assumptions on the joint distribution lead to different discrete choice models (DCM). 

Most assumptions on the joint distribution do not lead to closed-formed DCMs. For example, it is 

natural to assume that the error terms follow a normal distribution. This DCM is called probit model, 

which is employed by studies like Alemi et al. (2019) and Becker et al. (2017c). However, probit 

models do not have a closed-form expression. 

The assumption of Gumbel distribution on the other hand leads to a closed-form DCM. When the 

error terms of all options in the choice set are independently and identically distributed (IID) 

according to the Gumbel distribution, we obtain the multinomial logit model (MNL). The probability 

of option 𝑛 being chosen is expressed by MNL as: 
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Pr(𝑛|𝒞) =
exp(𝑉𝑛)

∑ exp(𝑉𝑛′
)𝑛′∈𝒞

 
(3.4) 

 

The clear and closed-form expression of MNL means that it is widely used in behaviour modelling. 

MNL cannot, however, address more complex cases where some alternatives are relevant and 

dependent, or where there are random variations in the tastes for attributes among decision makers. 

There are other forms of DCM that can be used in cases where MNL is not applicable, such as nested 

logit models (NL, which is applicable when some alternatives in the choice set are more correlated 

than others), mixed logit models (ML, which is applicable when the heterogeneity of users’ 

sensitivities to the parameters are considered) and hybrid choice models (HCM, when latent class or 

latent variables are considered). A detailed review of these DCMs is presented in Ben-Akiva and 

Lerman (1985). 

3.3. Risky-choice theory 

Risky-choice theory deals with situations where several possible outcomes are associated with a 

single choice, typically due to uncertainty. These types of risky choices are common in everyday life, 

such as gambling, investment and route choice. A typical approach to address decision making under 

uncertainty is expected utility theory (EUT), which assumes decision makers choose the option with 

the highest expected utility. This assumption is originated from Daniel Bernoulli in 1738 who 

indicated that decision makers make a choice based on their subjective value (utility) not the objective 

monetary payoff of gambling. EUT was then further developed by studies like those of Von Neumann 

and Morgenstern (1944) and Leonard (1972). As summarised by Von Neumann and Morgenstern 

(1944), EUT has four axioms to define rational decision makers under this theory. They are: 

• Completeness: For any two outcomes 𝑜1
𝑛 and 𝑜2

𝑛 of option 𝑛, there is 𝑜1
𝑛 ≤ 𝑜2

𝑛 or 𝑜1
𝑛 ≥ 𝑜2

𝑛; 

• Transitivity: For any three outcomes 𝑜1
𝑛, 𝑜2

𝑛 and 𝑜3
𝑛 of option 𝑛, if 𝑜1

𝑛 ≤ 𝑜2
𝑛 and 𝑜2

𝑛 ≤ 𝑜3
𝑛, 

then 𝑜1
𝑛 ≤ 𝑜3

𝑛; 

• Independence: For any two outcomes 𝑜1
𝑛, 𝑜2

𝑛 of option 𝑛 with 𝑜1
𝑛 ≤ 𝑜2

𝑛, for any 𝑜3
𝑛 and Pr ∈

[0,1], there is 𝑝 ∙ 𝑜1
𝑛 + (1 − Pr)𝑜3

𝑛 ≤ 𝑝 ∙ 𝑜2
𝑛 + (1 − Pr)𝑜3

𝑛; 

• Continuity: For any three outcomes 𝑜1
𝑛, 𝑜2

𝑛 and 𝑜3
𝑛 of option 𝑛 with 𝑜1

𝑛 ≤ 𝑜2
𝑛 ≤ 𝑜3

𝑛, there 

exists a probability Pr ∈ [0,1] such that Pr ∙ 𝑜1
𝑛 + (1 − Pr)𝑜3

𝑛~𝑜2
𝑛 (~ denotes equivalence). 

The EUT utility function can be expressed as: 

𝑈𝑛 = ∑ Pr𝑜
𝑛𝑣𝑜

𝑛 
(3.5) 

where Pr𝑜
𝑛 is the probability associated with the 𝑜th outcome, and 𝑣𝑜

𝑛 is the utility of the 𝑜th outcome 

of option 𝑛. 

A more general form of EUT considers users’ risk preference, which can be categorised as risk-

aversion, risk-seeking and risk-neutral (Starmer, 2000). To be specific, given a gamble having two 

possible results with the same expected payoff but different uncertainty, risk-averse individuals prefer 

the less uncertain result, risk-seeking individuals prefer the more uncertain result, and risk-neutral 

individuals are indifferent between the two results. 

Figure 3.1 presents examples of utility functions with different risk preferences. Suppose 𝑥 is the 

payoff of the gambling, and 𝑈(𝑥) is the utility associated with payoff 𝑥. Given two possible payoff 

values 𝑥′, 𝑥′′ and their average value �̅�, the risk preference can be expressed as: 

 

• Risk aversion [Figure 3.1, panel (a)]: 𝑈(�̅�) > 𝐸[𝑈(𝑥)]; 
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• Risk neutral [Figure 3.1, panel (b)]: 𝑈(�̅�) = 𝐸[𝑈(𝑥)]; 

• Risk seeking [Figure 3.1, panel (c)]: 𝑈(�̅�) < 𝐸[𝑈(𝑥)]; 

where 𝐸[𝑈(𝑥)] is the expected utility of outcome 𝑥′ and 𝑥′′. CE (certain equivalent) in Figure 3.1 is 

the payoff whose utility equals 𝐸[𝑈(𝑥)] (𝑈(𝐶𝐸) = 𝐸[𝑈(𝑥)]), and |�̅� − 𝐶𝐸| is called the risk 

premium. 

The relationship between 𝑈(�̅�) and 𝐸[𝑈(𝑥)] makes the convexity/concavity of the nonlinear utility 

functions reflect users’ risk preference, with concave utility functions for risk-averse, convex utility 

functions for risk-seeking, and linear utility functions for risk-neutral. 

 
(a) 

 
(b) 

 
(c) 

Figure 3.1 Risk preference. 

Panel: (a) Risk aversion, (b) Risk neutral, (c) Risk seeking 

A substantial amount of research on the nonlinear transformation of the utility function is evoked by 

risk preference studies. Popular nonlinear utility formulations include: 

• Negative exponential utility function, also referred to as Constant Average Risk Aversion 

(CARA; see discussion below): 𝑢(𝑥) =
1−𝑒−𝛼𝑥

𝛼
 

• Power utility function, also referred to as Constant Relative Risk Aversion (CRRA; see 

discussion below): 𝑢(𝑥) = 𝛽
𝑥1−𝑟

1−𝑟
 

• Quadratic utility function: 𝑢(𝑥) = 𝑎𝑥 − 𝑏𝑥2 

Arrow (1965) and Pratt (1964) define coefficients of absolute (𝐴𝑎) and relative risk aversion (𝐴𝑟), 

which can be defined by: 

𝐴𝑎 = −
𝑢′′(𝑥)

𝑢′(𝑥)
 (3.6) 

𝐴𝑟 = −
𝑥 ∙ 𝑢′′(𝑥)

𝑢′(𝑥)
 (3.7) 

where the power utility function has constant relative risk aversion (CRRA) and negative exponential 

utility function has constant absolute risk aversion (CARA). 

Risky-choice theory, as discussed above, does not consider the imperfect knowledge of analysts in 

respect to decision makers that we discussed in Section 3.2. Batley and Daly (2004) propose a way of 

combining RUT and EUT theory, which can be written as: 

𝑈𝑛 = ∑ Pr𝑜
𝑛(𝑣𝑜

𝑛 + 𝜖𝑜
𝑛) 

(3.8) 
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The nature of the choice model in Eq. (3.8) is unclear because the error structure of this model can be 

very complex. de Palma and Picard (2005) and Liu and Polak (2014) assume the expectation only 

operates on the deterministic part of the outcome so that the utility function is expressed as: 

𝑈𝑛 = ∑ Pr𝑜
𝑛𝑣𝑜

𝑛 + 𝜖𝑛 = 𝔼(𝑣𝑜
𝑛) + 𝜖𝑛 

(3.9) 

 

A more generalised model of Eq. (3.9) takes the risk attitude into consideration, which is presented by 

de Palma and Picard (2005) and Liu and Polak (2014) as: 

𝑈𝑛 = 𝔼(𝑔(𝑣𝑜
𝑛, 𝜙)) + 𝜖𝑛 (3.10) 

 

where 𝑔(𝑣𝑜
𝑛, 𝜙) is the nonlinear transformation of 𝑣𝑜

𝑛, and 𝜙 is the additional parameters of the 

nonlinear transformation. 

Experimental studies have revealed that EUT has systematic violations of its predictions due to the 

constraints of the four axioms (completeness, transitivity, independence and continuity). The most 

important challenge is from Allais and Hagen (1979), which challenges the independence axiom. A 

large number of non-EUT models have then been created in which some of the EUT axioms are 

relaxed. Examples of non-EUT models include subjected expected utility theory, which reflects 

decision makers’ distortion in respect to the objective probability 𝑝𝑜
𝑛 [Edwards (1962) and Handa 

(1977)], rank-dependent expected utility theory (Quiggin, 1982), and prospect utility theory 

(Kahneman and Tversky, 1979). A more detailed review of non-EUT models is presented in Machina 

(1989). 

We employ only EUT models in the data analysis of this study. The reasons for not applying non-

EUT models are: (1) the EUT models for continuous distributed uncertain attributes (we employ 

triangular distributions in this study) are already complex, and having transformations on the 

probabilities in non-EUT models makes the behaviour models even more complex; and (2) it is not 

clear what the reference point (which separates the ‘loss’ domain and ‘gain’ domain) is in the context 

of dynamic pricing in carsharing. This can either be the mean value of the price distribution, or users’ 

inherent estimation of the price. Further research is required to compare different assumptions in 

respect to the reference point, and estimating the risky-choice behaviour via non-EUT models is hence 

left for future research. 

3.4. Choice-based revenue management 

Revenue management is a field of research whose objective is maximising companies’ revenue by 

having a good understanding of consumer behaviour. To be more specific, it helps companies decide 

when to sell, what to sell, the target consumer segment, and the right price. Revenue management 

originated from the airline industry when the US Civil Aviation Board loosened control of airline 

prices in 1978, meaning that established carriers had more freedom to determine prices, schedules and 

services without the approval of the US Civil Aviation Board. A further consequence of the loosening, 

however, was that new low-cost airlines entered the market and attracted a large segment of price-

sensitive leisure travellers. To recapture the leisure travellers back to the established carriers, 

American Airlines proposed purchase restrictions and capacity-controlled fare strategies: There are 

discounted and full-price tickets for the same flight (the number of discounted tickets is limited). The 

tickets with discounts had to be purchased 30 days before departure and were non-refundable, and the 

duration of staying in the destination had to be more than seven days. In this way American Airlines 

both prevented business travellers from purchasing the discounted tickets by means of the restrictions 

while protecting their access to the flight by limiting the number of discounted tickets. This new 

pricing strategy, together with the updated version of the pricing policy (Dynamic inventory 
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allocation and maintenance optimiser system), helped American Airlines win a battle with low-cost 

airlines. After 40 years of development, revenue management has been employed by a wider range of 

industries than airlines, such as hotels and car rental. In general, revenue management is applicable to 

industries with the following features (Talluri and van Ryzin, 2006), and these features exist in FFCS 

systems: 

• Customer heterogeneity: customers should have heterogeneous price sensitivity, variations in 

the preference for different products, and variations in purchase behaviour over time; 

• Demand variability and uncertainty: customer demand should exhibit variations by the time-

of-day/week/year; 

• Production inflexibility: it is very difficult for the company to add additional supply when the 

capacity is reached; 

• Price is not a symbol of status or a signal of value; 

• Data and information systems infrastructure: Revenue management requires accurate demand 

modelling. It is hence suitable for industries where data and information systems 

infrastructure are widely adopted; 

• Management culture: Successful application of revenue management requires sufficient 

understanding and familiarity of it. 

Revenue management can be classified by  

• Quantity vs dynamic pricing control: If customer demand is managed by the availability of 

products, it is quantity-based control. If customer demand is managed by dynamic pricing, it 

is dynamic pricing control; 

• Single-leg vs network problem: If all products provided by the company consume the same 

resource (i.e. the airline tickets for a single flight with different fare classes), it is single-leg 

revenue management. If the products consume more than one resource (i.e. connecting flights 

in a hub-and-spoke airline network), it is called network revenue management; 

• Static vs dynamic control: In static control, the capacity limit or price for each product is 

computed once and the quantity-control or pricing strategy is for the entire selling horizon. In 

dynamic control, meanwhile, the company can adjust its decision on the capacity or price 

based on the current stock and future demand forecast. 

The decision in respect to quantity or dynamic pricing control varies by industry and company. A 

general criterion is which signal (quantity or price) is easier for the company to control in response to 

changes in market conditions. For FFCS, it makes more sense to use price instead of quantity control, 

because FFCS operators have less control on the resources (the vehicle fleet for FFCS) compared with 

(e.g.) the airline and hotel industry. We therefore choose dynamic pricing control in this study. 

The simplistic revenue management is called static single-leg problem having only one resource to 

consume, with Littlewood (1972) being an example. There are two fare classes in Littlewood (1972), 

and the aim is to find the optimal protection level for the high-fare class. A more general formulation 

with more than two classes can be expressed by the Bellman equation: 

𝑉𝑡(𝑥) = 𝔼 [ max
0≤𝑢≤min{𝐷𝑡,𝑥}

{𝑝𝑡𝑢 + 𝑉𝑡−1(𝑥 − 𝑢)}] 
(3.11) 

 

Where 𝑥 is the remaining inventory of the resource; 𝑉𝑡(𝑥) is the expected value when the remaining 

amount of source is 𝑥 at time 𝑡;  𝑝𝑡 is the price charged at time 𝑡; 𝑢 is the decision variable, which is 

the quantity of demand to accept; 𝐷𝑡 is the demand at time 𝑡. The boundary condition for Eq. (3.11) is 

𝑉0(𝑥) = 0 for any 𝑥 and 𝑉𝑡(0) = 0 for any 𝑡, which means that the resources left until the last time 
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step cannot generate revenue anymore, and the company cannot generate any revenue when there is 

no remaining resource (since there is no possibility for the company to replenish its resource). 

For the network revenue management problem, there are 𝑀 resources, and the capacities of these 𝑀 

resources can be denoted by vector 𝒙 = (𝑥1, … , 𝑥𝑚, … 𝑥𝑀). There are 𝐽 products, and we use matrix 

𝑨 = [𝑎𝑚𝑗] to denote how the resources are consumed by the products. If 𝑎𝑚𝑗 = 1, resource 𝑚 is 

consumed by product 𝑗. If we use 𝑨𝑗 to denote the set of resources used by product 𝑗, the state of 

resources is 𝒙 − 𝑨𝑗 when a unit of product 𝑗 is sold. The formulation that maximises the revenue can 

be expressed by: 

𝑉𝑡(𝒙) = 𝔼 [ max
𝒖∈𝒰(𝒙)

{𝒑𝑡
T𝒖 + 𝑉𝑡−1(𝒙 − 𝑨𝒖)}] 

(3.12) 

 

where 𝒖 = (𝑢1, … 𝑢𝑗, … 𝑢𝐽) is the vector of decision variables, and 𝒑𝑡 = (𝑝1, … , 𝑝𝑗 , … , 𝑝𝐽) is the 

vector of prices charged on different products at time 𝑡. 𝒰(𝒙) = {𝒖 ∈ {0,1}𝑛: 𝑨𝒖 ≤ 𝒙}, which is the 

constraint that indicates all elements in 𝒖 are binary, and the resource consumption cannot go beyond 

the resource limits. The boundary condition for Eq. (3.12) is 𝑉0(𝒙) = 0 for any 𝒙 and 𝑉𝑡(𝟎) = 0 for 

any 𝑡. 

A key criterion for applying revenue management successfully is a good understanding of user 

behaviour. Early studies in revenue management usually over-simplified user behaviour: believing 

that the probability of a customer choosing a product is independent from the availability and prices 

of other products, so the company’s task is just determining which exogenously arriving request to 

accept or reject. In reality, however, it is very likely that the probability of a customer selecting a 

product depends on other products. For example, the probability of selling a full-priced airline ticket 

to a customer depends on the availability of discount tickets. If there are discount tickets available, the 

probability of customers choosing full price tickets decreases. 

Discrete choice models were introduced to revenue management by Talluri and van Ryzin (2004) in 

order to have a better insight into how customers’ choice behaviour affects the company’s decision. 

Talluri and van Ryzin (2004) propose a choice-based revenue management formulation for single-leg 

quantity-based control problem, which is expressed as: 

𝑉𝑡(𝑥) = max
𝑆⊆𝐽

{∑ 𝜆Pr𝑗(𝑆) (𝑝𝑗 + 𝑉𝑡−1(𝑥 − 1))

𝑗∈𝑆

+ (𝜆Pr0(𝑆) + 1 − 𝜆)𝑉𝑡−1(𝑥)} 

= max
𝑆⊆𝐽

{∑ 𝜆Pr𝑗(𝑆) (𝑝𝑗 − Δ𝑉𝑡−1(𝑥))

𝑗∈𝑆

} + 𝑉𝑡−1(𝑥) 

(3.13) 

s.t.  

Δ𝑉𝑡−1(𝑥) = 𝑉𝑡−1(𝑥) − 𝑉𝑡−1(𝑥 − 1) (3.14) 

∑ Pr𝑗(𝑆)

𝑗∈𝑆

+ Pr0(𝑆) = 1 (3.15) 

𝑉0(𝑥) = 0 (3.16) 

𝑉𝑡(0) = 0 (3.17) 

 

where 𝑆 is a subset of products of the entire 𝐽 products that the company makes available to the 

customers; 𝑥 is the decision variable, which is the remaining inventory of the resource; 𝜆 is the 

probability of a customer arriving at time 𝑡 (supposing that the time duration from 𝑡 to 𝑡 − 1 is short 

enough to make it impossible for more than one customer to arrive); Pr𝑗(𝑆) is the probability of the 
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customer choosing product 𝑗 from the choice set 𝑆; Pr0(𝑆) is the probability of the customer choosing 

nothing; and Δ𝑉𝑡−1(𝑥) is the marginal cost of the capacity in the next time step. 

Studies like those of Zhang and Cooper (2005), Kunnumkal and Topaloglu (2008) and Zhang and 

Adelman (2009) expand on Talluri and van Ryzin's (2004) approach to network revenue management 

by using the following formulation: 

𝑉𝑡(𝒙) = max
𝑆⊆𝐽

{∑ 𝜆Pr𝑗(𝑆) (𝑝𝑗 + 𝑉𝑡−1(𝒙 − 𝑨𝑗))

𝑗∈𝑆

+ (𝜆Pr0(𝑆) + 1 − 𝜆)𝑉𝑡−1(𝒙)} 

= max
𝑆⊆𝐽

{∑ 𝜆Pr𝑗(𝑆)(𝑝𝑗 − [𝑉𝑡−1(𝒙) − 𝑉𝑡−1(𝒙 − 𝑨𝑗)])

𝑗∈𝑆

} + 𝑉𝑡−1(𝒙) 

(3.18) 

s.t.  

∑ Pr𝑗(𝑆)

𝑗∈𝑆

+ Pr0(𝑆) = 1 (3.19) 

𝒙 − 𝑨𝑗 > 𝟎 (3.20) 

𝑉0(𝒙) = 0 (3.21) 

𝑉𝑡(𝟎) = 0 (3.22) 

where 𝒙 = (𝑥1, … , 𝑥𝑚, … 𝑥𝑀) denotes the remaining inventory of the 𝑀 resources; 𝑨 = [𝑎𝑚𝑗] to 

denote how the 𝑀 resources are consumed by the 𝐽 products; 𝑆 is a subset of products of the entire 𝐽 

products that the company makes available to the customers; 𝜆 is the probability of a customer 

arriving at time 𝑡 (supposing that the time duration from 𝑡 to 𝑡 − 1 is short enough to make it 

impossible for more than one customer to arrive); Pr𝑗(𝑆) is the probability of the customer choosing 

product 𝑗 from the choice set 𝑆; Pr0(𝑆) is the probability of the customer choosing nothing; and 

Δ𝑉𝑡−1(𝑥) is the marginal cost of the capacity in the next time step. 

Unfortunately, the network revenue management formulation presented in Eq. (3.18)-Eq. (3.22) is not 

solvable for most real-world networks because of the large dimensionality of the state space. Gallego 

et al. (2004) therefore propose a choice-based deterministic linear programming (CDLP) 

approximation to the dynamic programming. The formulation of CDLP is: 

𝑉𝑡
𝐶𝐷𝐿𝑃(𝑥) = max ∑ ∑ 𝜆𝑝𝑗Pr𝑗(𝑆)

𝑗∈𝑆

𝑡(𝑆)

𝑆⊆𝐽

 
 

(3.23) 

s.t.   

∑ ∑ 𝜆𝑨𝑗

𝑗∈𝑆

𝑡(𝑆)

𝑆⊆𝐽

≤ 𝒙 
 

(3.24) 

∑ 𝑡(𝑆)

𝑆⊆𝐽

≤ 𝑡 
 

(3.25) 

𝑡(𝑆) ≥ 0  (3.26) 

 

where 𝑡(𝑆) is the duration for which the product subset 𝑆 is offered by the company. Eq. (3.23) 

maximises the revenue when the remaining resource capacity is 𝒙 and the remaining time is 𝑡. Eq. 

(3.24) is the resource capacity constraint, and Eq. (3.25) and Eq. (3.26) make sure the decision 

variable 𝑡(𝑆) is non-negative but less than the remaining time. 

Although much simpler than the original dynamic programming problem, CDLP has been proved to 

be asymptotically optimal for the stochastic case when the demand and supply increase proportionally 

by Gallego et al. (2004). On the basis of CDLP, other approximation approaches that better 

approximate the stochasticity of the original dynamic programming problem have been proposed. One 

example is stochastic linear programming approximation (Büke et al., 2008; Chen and Homem-de-
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Mello, 2010), which replaces the deterministic value of customer demand [𝐷𝑡 in Eq. (3.11) or 𝜆 in Eq. 

(3.23)] by the random demand value itself. The objective of the stochastic linear programming hence 

becomes maximising the expected revenue of possible demand scenarios. 

Another strategy for simplifying the network revenue management problem is to decompose the 

original network problem with 𝑀 resources to 𝑀 single-leg problems. Instead of working on 𝑉𝑡(𝒙) 

with large state space, it works on the approximation value of 𝑉𝑡(𝒙), which is the summation of the 

value function of each leg [∑ 𝑉𝑡
𝑚(𝑥𝑚)𝑀

𝑚=1 ]. Example studies include Zhang and Adelman (2009), 

Kunnumkal and Topaloglu (2010) and Zhang and Lu (2013). 

We choose stochastic programming approximation (network-level approximation) instead of 

decomposing the original choice-based revenue management problem into single legs because the 

correlation between resources in the FFCS system (the number of vehicles at each zone) is much 

stronger than in the networks discussed frequently in revenue management (i.e. the airline network): 

pick up and drop off occurs in different zones in the case of FFCS, whereas for airlines and hotels, 

there is no case of ‘take a seat/room from a flight and return the seat/room to another flight/hotel’. 

Compared to decomposition approximation, there are two drawbacks of network-level approximation. 

First, network-level approximation cannot automatically determine the price according to the demand, 

remaining capacity and time. We address this limitation by resolving the stochastic approximation 

periodically according to the most updated fleet distribution and demand information. Another 

drawback of the network-level approximation is that the network-level approximation is nonlinear and 

non-concave. Zhang and Lu (2013) propose a concave approximation strategy, but this is only for the 

case where different segments of customers have disjointed choice sets. We therefore employ the 

linearisation approach proposed by Paneque et al. (2016), which simulates a large number of error 

terms in the utility functions and maximises the expected revenue of all the error-term scenarios. In 

this way, the nonlinear DCM constraints are linearised and the optimisation can be solved by existing 

commercial solvers like CPLEX. This approach will introduce a large number of additional decision 

variables and constraints, however, that make the size of the optimisation problem very large. We will 

discuss this in more detail in Chapter 6. 

Compared with quantity-based control, the number of papers on dynamic pricing control is relatively 

small, especially studies using DCM to represent customers’ choice behaviour. Possible explanations 

are: (1) the service/product providers may not have full pricing power, especially in markets that are 

close to perfectly competitive markets; (2) dynamic pricing can be controversial amongst customers; 

and (3) implementing dynamic pricing is much more complex than quantity-based control (Zhang and 

Lu, 2013). We summarise the choice-based revenue management literature with dynamic pricing 

control in Table 3.1 and characterise these studies by the type of optimisation model, type of DCM, 

algorithm and heuristic to solve the problem, and the application context. We can see that these 

studies employ both approximation on the network-level (deterministic or stochastic programming 

approximation) and approximation based on decomposition. The DCM model employed by these 

studies is primarily MNL, but research on more complex DCM models is emerging i.e. NL in Davis et 

al. (2017) and GEV in Zhang et al. (2016)]. 
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Table 3.1 Summary of choice-based revenue management with dynamic pricing control 

 Optimisation 

Model 

Choice 

model 

Algorithm and 

heuristic 

Application 

Bi (2017) DP MNL Value function 

approximation 

 

Theoretical 

Chen and Jiang (2017) DP MNL Self-designed 

algorithm 

 

Theoretical 

Davis et al. (2017) Nonlinear 

combinatorial 

optimisation 

 

MNL, NL Self-designed 

algorithm 

Theoretical 

Du (2017) Nonlinear 

optimisation 

 

MNL Self-designed 

algorithm 

Theoretical 

Yang and Strauss (2017) DP MNL Value function 

approximation 

 

Delivery 

Zhang and Weatherford 

(2017) 

DP Not stated Dynamic 

programming 

decomposition 

 

hotel 

Clough (2016) DP MNL Deterministic 

optimisation 

approximation 

 

Airlines 

Paneque et al. (2016) Nonlinear 

programming 

ML Stochastic 

programming 

approximation 

 

Parking 

Zhang et al. (2016) DP GEV Deterministic 

optimisation 

approximation 

 

Theoretical 

Li et al. (2015) Nonlinear 

optimisation 

NL Self-designed 

algorithm 

 

Theoretical 

Rayfield et al. (2015) Nonlinear 

optimisation 

NL Linear program 

approximation 

 

Theoretical 

Gallego and Wang (2014) Nonlinear 

optimisation 

 

NL  Theoretical 

Zhang and Lu (2013) DP MNL Dynamic 

programming 

decomposition 

 

Airlines 

Li and Graves (2012) DP MNL Analytical 

expression by 

differentiation 

Theoretical 

Wang (2012) Constraint 

optimisation 

 

MNL  Theoretical 
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 Optimisation 

Model 

Choice 

model 

Algorithm and 

heuristic 

Application 

Li and Huh (2011) Nonlinear 

optimisation 

 

NL  Theoretical 

Suh and Aydin (2011) DP MNL 

 

 Theoretical 

Akçay et al. (2010) DP MNL An exact and 

polynomial-time 

algorithm for 

vertically 

differentiated 

products; 

For horizontally 

differentiated 

assortment, 

profit function is 

unimodal in 

prices 

 

Theoretical 

Dong et al. (2009) DP MNL 

 

 Theoretical 

Zhang and Cooper (2009) DP Not stated Value function 

approximation 

Airlines 

 

Choice-based optimisation is only employed by a few papers in the context of carsharing research (Di 

Febbraro et al., 2019; Huang et al., 2018; Jian et al., 2019). To the best of the author’s knowledge, 

Febbraro et al. (2018) is the only one of the three studies that uses dynamic pricing control. Both Jian 

and Dixit (2018) and Huang et al. (2018) use MNL to describe the choice behaviour of single users, 

but the decision variable for Jian and Dixit (2018) is the optimal vehicle distribution of a station-based 

carsharing system while for Huang et al. (2018) it is the deployment of stations in the business area. 

Other papers either describe user demand as a function of price (Jorge et al., 2015b; Oliveira, 2018; 

Xu et al., 2018), or assume that users have an inherent cost-additional walking distance function. A 

user only accepts the alternate vehicle pick-up/drop-off location requirement when the incentive 

provided by the operator is greater than the reimbursement that the user has in mind (Angelopoulos et 

al., 2018; Singla et al., 2015). 

3.5. Summary 

In this chapter, we have reviewed the theory and application of the various methodologies employed 

in this study, encompassing stated choice surveying, riskless and risky-choice theory and choice-

based revenue management. 

The aim of the proposed data collection approach is to develop a method capable of establishing 

FFCS users’ responses to dynamic pricing and the ability to make advance reservations. Since 

dynamic pricing and advance reservation are poorly developed in real-world FFCS systems at the 

time of writing, it is not generally possible to obtain RP data and hence we propose an SC approach. 

A detailed description of the survey design and data collection strategy is presented in Chapter 4. 

We reviewed the behaviour models in Section 3.2 and 3.3, with riskless and risky choice models 

discussed in Sections 3.2 and 3.3, respectively. We reviewed random utility theory and discrete choice 

model in Section 3.2. In Section 3.3, we reviewed expected utility theory and non-expected utility 

theory, and three risk preferences (risk aversion, risk neutral and risk seeking). We presented the ways 
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of combining random utility theory and expected utility theory. The behaviour models we employ in 

the statistical analysis in this study are presented in Chapter 5. 

We reviewed choice-based revenue management in Section 3.4, because the idea of revenue 

management is applicable to FFCS systems. We chose dynamic pricing rather than quantity-based 

control because FFCS operators have more control of the price rather than they do of the fleet. We 

identify the difficulties of solving choice-based optimisation, and present the way we propose to solve 

the optimisation problem in this study. A detailed description of the choice-based optimisation model 

and the algorithm are presented in Chapter 6. 
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4. Stated choice survey design and data collection 

In this chapter, we introduce the design of the stated-choice (SC) survey. The purpose of the SC 

survey is to collect data that can be used for behaviour modelling (Chapter 5), whose purpose is to 

understand users’ heterogeneous spatial-temporal flexibility and their risk attitude towards the 

uncertainties in the FFCS system. We use data collected only from the SC survey in this study, 

because dynamic pricing is seldomly employed by real-world FFCS operators, and it is unlikely for us 

to obtain RP data for behaviour modelling or integrated the RP data with the SC survey data. 

We design three SC games that serve to introduce the spatial-temporal flexibility and reservation 

options gradually to the respondents. In addition to these three SC games, we also collect data on 

respondents’ socio-demographic features, their Big Five personality traits, and frequency of use of 

FFCS services. The flow of the survey instrument is as follows (Figure 4.1): 

 

Figure 4.1 Structure of the SC survey 

We have two specific travel habit questions at the beginning of the survey, which are: 

(1) Does your household have a car that you drive regularly (at least once a month)? 

(2) Have you ever used an app-based taxi (like Uber) that you book using an app on a 

smartphone? This is different from DriveNow, because a driver picks you up. 

These two questions are intended to categorise respondents into three blocks according to their 

ownership of household vehicles and experience of using app-based taxis. The relationship between 

respondents’ answers to the two questions and the block they are assigned to is presented in Table 4.1. 

The block essentially decides the ‘other mode of transport’ option in Games 1 and 2, and the reason 

for designing these blocks is that we want the ‘other mode of transport’ to be as close as possible to 

the respondents’ current levels of experience with private cars, bus and app-based taxi. We assume 

that bus is a widely used mode of transport, and respondents have no private car ownership and app-

based taxi should have experience of using bus. This is a relatively crude approach of blocking 

respondents, because these respondents can be further divided into pay-as-you-go oyster card holders, 

weekly/monthly/annually travel card holders, etc. Future research is necessary to investigate the 

impact of travel card types on the respondents’ decision of using FFCS. 

Table 4.1 The relationship between travel habit questions and blocks 

Regular drive with 

private car ownership 

Experience of using 

app-based taxi 

Block 

Yes Yes Car or App-based taxi (with 50/50 chance) 

 

Yes No Car or Bus (with 50/50 chance) 

 

No Yes App-based taxi or Bus (with 50/50 chance) 

 

No No Bus 

 

Travel habit 
questions

Introduction of 
Game 1

Game 1
Introduction of 

Game 2
Game 2

Introduction of 
Game 3

Game 3

Socio-
demographic, 
attitudinal and 

Big Five 
personality 
questions
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Once respondents finish the travel habit questions, they will see the main content of the survey, which 

is composed of choice games and additional questions on their socio-demographics, personalities and 

attitudes. We will introduce the design of the stated choice games in the following sections, with 

Section 4.1 for Games 1 and 2, Section 4.2 for Game 3, Section 4.3 and Section 4.4 for Big Five 

personality traits and socio-demographic questions, respectively. Section 4.5 presents experiment 

design. Section 4.6 introduces survey pilot process. Section 4.7 for survey administration and data 

collection. Section 4.8 summarises this entire chapter. 

This chapter is adapted from Wu et al. (2019), which was published in Transportation Research Part 

C in May 2019. 

4.1. Games 1 and 2: Existing FFCS and virtual queueing (VQ) 

The first stated choice game (Game 1) presents respondents with a mode choice between two FFCS 

options and other modes of transport. The two FFCS are similar to FFCS services today, but the 

respondents can select between two FFCS options with different walking times and prices (spatial 

flexibility). Game 2 is similar to Game 1, with the difference being that one of the FFCS options has a 

non-zero waiting time. We call the FFCS option with waiting time virtual queuing (VQ), and the 

intention of having VQ options is to estimate respondents’ temporal flexibility. This VQ information 

is introduced to respondents at the beginning of Game 2 [see Figure 4.2 (b)]. We did not label VQ 

options specifically in the choice situations. The VQ option can be either FFCS option A or B in the 

choice situations. 

 

(a) 

 

(b) 

Figure 4.2 Introduction and example game boards of the SC games. 

Panel (a): Game 1; (b): Game 2 
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Example game boards for Game 1 and 2 are shown in Figure 4.2 (a) and Figure 4.2 (b), respectively. 

At the beginning of the games, respondents were asked to imagine that they are planning shortly to 

leave home to visit a friend, and they need to indicate which transport mode to take. The options 

include two FFCS options and another mode. The third mode varied between private car, bus or app-

based taxi, in accordance with the respondent’s block (see Table 4.1). 

In the design employed for the main fieldwork, each game was composed of six choice situations 

whose orders are randomised before they are presented to the respondents. The attributes that were 

used to describe the modes and their levels are listed in Table 4.2. We did not introduce bespoke 

constraints to the combinations of driving/riding travel times of different modes presented to 

respondents. This design strategy could therefore result in a respondent being presented a choice 

between, say, a “private car” that would incur 30 minutes of travel time and an FFCS vehicle that 

would incur only 15 minutes. If all automobiles have the same access to the road network this could 

be a rather large difference between one automobile-based mode and another, however there are 

plausible reasons that travel times could vary across different auto-based modes. For instance, priority 

access to managed lanes,4 differential knowledge of road network conditions by an expert (e.g. taxi) 

driver, or differentials in parking search times would be plausible mechanisms to yield non-trivial 

differences in travel times for different automobile-based modes. This approach also has the effect of 

maximising the variation in attribute levels used in model estimation, and hence maximising statistical 

efficiency. 

Table 4.2 Attributes and levels 

Attributes Game # Option Attribute levels 

Waiting time 1 and 2 Bus and app-based taxi 3, 5, and 10 mins 

2 FFCS 0, 3 and 10 mins 

Walking time 1 and 2 FFCS, private car and bus 3, 5, and 10 mins 

3 Use on-demand 

 

3, 5, and 10 mins 

In-vehicle travel time 1 and 2 FFCS, private car and app-based 

taxi 

15, 20 and 30 mins 

1 and 2 Bus 

 

20, 30 and 45 mins 

Price 1 and 2 FFCS and private vehicle £5, £8 and £10 

3 Use on-demand £5, £8 and £10 

1 and 2 Bus £1.50, £2.40 and 

£3.30 

1 and 2 App-based taxi 

 

£8, £10 and £15 

Walking time (lowest 

bound) 

3 Reserve in-advance 

 

1 min 

Walking time (most likely 

value) 

3 Reserve in-advance 

 

3, 5, and 8 mins 

Walking time (highest 

bound) 

3 Reserve in-advance 

 

10, 12, and 15 mins 

Price (lowest bound) 3 Reserve in-advance £1 

Price (most likely value) 3 Reserve in-advance £3, £5, and £8 

Price (highest bound) 3 Reserve in-advance £10, £12, and £15 

 

 

4e.g. taxis are allowed in bus lanes in London https://tfl.gov.uk/modes/driving/red-routes/rules-of-red-

routes/bus-lanes 

https://tfl.gov.uk/modes/driving/red-routes/rules-of-red-routes/bus-lanes
https://tfl.gov.uk/modes/driving/red-routes/rules-of-red-routes/bus-lanes
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4.2. Game 3: GAR 

Game 3 is the most complex of the three games; respondents are tasked with selecting between 

reserving a vehicle for a journey to begin several hours into the future or to wait and then book on 

demand as the journey’s planned departure time approaches. 

As in Games 1 and 2, respondents are asked to imagine that they will need to visit a friend, however 

in Game 3 they are also asked to imagine that they plan to leave several hours later to meet their 

friends (Figure 4.3). Unlike in Games 1 and 2, respondents choose only between the existing 

(spontaneous usage) and GAR service model; no other modes are presented. Additionally, driving 

time for either option is fixed to be 20 minutes. Figure 4.3 presents an example Game 3 game board. 

Both GAR and spontaneous usage are described by combinations of walking time and price. Each 

respondent is presented with six choice situations with randomised order. We did not block 

respondents in this game since Game 3 does not contain the third alternative (a non-FFCS mode of 

travel, tailored for each respondent), as in the case of Games 1 and 2. The attributes that were used to 

describe the two services and their levels are listed in Table 4.2. 

 

 

Figure 4.3 Introduction and example game boards of the Game 3 

Presenting uncertain attributes in SC surveys in ways that are readily understandable by respondents 

presents unique challenges (Bates et al., 2001). A variety of techniques have been developed to 

convey probability distributions, including the ‘clock-face’ in Bates et al. (2001), the ‘two mass point’ 

distribution in Latinopoulos et al. (2017), the ‘three mass point’ distribution in Li et al. (2016) and Li 

et al. (2010), the ‘range of variation’ in Li et al. (2016) and Li et al. (2010), and the ‘list of possible 

travel times’ in Small et al. (1999). In the context of FFCS, the expected range of uncertainty in price 

and walking time are relatively small (i.e. measured in a small number of minutes or GBP), since 

accessibility to FFCS vehicles will increase with the square of walking distance, which will tend to 

reduce the occurrence of a very large walking time being required to access the nearest vehicle, and it 

is unlikely that the FFCS would charge users a large amount of money for a journey. This is a quite 

different phenomenon than, for instance, the distribution of travel times on a freeway (another widely 

studied context of attribute uncertainty), in which typical day-to-day variation is moderate but with a 

small probability of serious disruptions leading to much larger travel times. In all the SC games 

described above, therefore, we choose to present uncertainty of price and walking time to respondents 

in the form of triangular distributions via a definite lower bound (because neither price nor walking 
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time can be negative), the modal value of the distribution (presented to respondents as the “most 

likely” value), and a definite upper bound (i.e. neither of these quantities can be arbitrarily large) (see 

Figure 4.3). 

4.3. Big Five personality traits 

Following Game 3, survey respondents were presented with a set of questions to uncover their Big 

Five personality traits. The “Big Five” personality traits (aka “Five-factor model”) is the most widely 

used taxonomy of personality (Barrick et al. 2001). It collapses personality traits into five standard 

dimensions, yielding a comprehensive yet parsimonious theoretical framework: Openness, 

Conscientiousness, Extraversion, Agreeableness, and Neuroticism [abbreviated ‘OCEAN’ or 

‘CANOE’ (Devaraj et al. 2008)]. Before the establishment of Big Five personality traits, the 

dimensions and scales to measure personalities were diverse and subjective, which made systematic 

accumulation of findings and the communication among researchers difficult (John and Srivastava, 

1999). 

Big Five personality traits are derived from the analysis of natural language terms that people use to 

describe themselves and others. An example early study is that of Allport and Odbert (1936), which 

includes all the terms within an unabridged English dictionary that can be used to distinguish the 

behaviour of a person from other people. This work to collapse this large number of terms into five 

dimensions was long and tedious, and took researchers more than 60 years (John and Srivastava, 

1999). 

The Big Five dimensions have been summarised by McCrae and John (1990) as Table 4.3. It has been 

found that the Big Five personality traits correlate with many aspects of human life, such as job 

performance (Judge et al., 1999; Leutner et al., 2014), social media use (Ryan and Xenos, 2011), new 

technology adoption (Barnett et al. 2015; Devaraj et al. 2008), risk-taking attitude (Oehler and 

Wedlich, 2018) and driving behaviour (Gadbois and Dugan, 2015). For example, Neuroticism has 

been found to associate negatively with perceived usefulness of new technology (Barnett et al., 2015; 

Devaraj et al., 2008). Risk-averse behaviour has been found to correlate positively with 

Conscientiousness and Neuroticism, with the opposite for Extraversion (Oehler and Wedlich, 2018). 

Agreeableness, Conscientiousness and Openness have been found to correlate positively with 

environmental engagement (Milfont and Sibley, 2012; Gifford and Nilsson, 2014). 

There is a range of studies in the context of carsharing that have investigated user attitudes and 

personality traits. Example studies include Kim et al. (2017c) for the intrinsic preference for driving, 

Kim et al. (2017c), Millard-Ball et al. (2005) and Zheng et al. (2009) for environmental concern and 

valuation of car ownership, and Kim et al. (2017c) for privacy-seeking. To the author’s knowledge, 

however, the standard Big Five approach has not previously been employed in respect to this research 

question. Given that FFCS is a new technological application, and the fact that there is inherent risk of 

unavailability in the current ‘spontaneous’ usage model, and that car use affects emissions and other 

environmental issues, we hypothesise that Extraversion, Openness and Agreeableness are positively 

associated with the existing on-demand FFCS service, whereas Neuroticism is negatively associated 

with the on-demand FFCS service and VQ. We hypothesis respondents that are attracted by GAR 

have very different personality comparing with respondents who prefer the on-demand FFCS service 

and VQ, as GAR reduces the uncertainties in FFCS system, and respondents who score highly on 

Conscientiousness and Neuroticism should prefer GAR. 
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Table 4.3 Examples of adjectives, Q-sort items, and questionnaire scales defining the five factors 

(reproduced from McCrae and John (1990)) 

Factor  Factor definers   

Name Number Adjectives Q-sort items* Scales 

Extraversion (E) I Active Talkative Warmth 

  Assertive Skilled in play, humour Gregariousness 

  Energetic Rapid personal tempo Assertiveness 

  Enthusiastic Facially, gesturally 

expressive 

Activity 

  Outgoing Behaves assertively Excitement seeking 

  Talkative Gregarious Positive emotions 

Agreeableness (A) II Appreciative Not critical, sceptical Trust 

  Forgiving Behaves in giving way Straightforwardness 

  Generous Sympathetic, 

considerable 

Altruism 

  Kind Arouse liking Compliance 

  Sympathetic Warm, compassionate Modesty 

  Trusting Basically trustful Tender-mindedness 

Conscientiousness 

(C) 

III Efficient Dependable, responsible Competence 

  Organised Productive Order 

  Planful Able to delay 

gratification 

Dutifulness 

  Reliable Not self-indulgent Achievement 

striving 

  Responsible Behaves ethically Self-discipline 

  Thorough Has high aspiration level Deliberation 

Neuroticism (N) IV Anxious Thin-skinned Anxiety 

  Self-pitying Brittle ego defences Hostility 

  Tense Self-defeating Depression 

  Touchy Basically anxious Self-Consciousness 

  Unstable Concerned with 

adequacy 

Impulsiveness 

  Worrying Fluctuating moods Vulnerability 

Openness (O) V Artistic Wide range of interests Fantasy 

  Curious Introspective Aesthetics 

  Imaginative Unusual thought process Feelings 

  Insightful Values intellectual 

matters 

Actions 

  Original Judges in unconventional 

terms 

Ideas 

  Wide interests Aesthetically reactive Values 

* Q-sort method is used to test reliability and construct validity of questionnaire items at a pretesting 

stage (see Nahm et al. (2002) and McCrae et al. (1986)). 

A body of literature exists regarding various techniques to elicit measurements of individuals’ Big 

Five traits (Donnellan et al. 2006; Gosling et al. 2003; Rammstedt and John 2007), with different 

approaches to managing the trade-off between information content and time-efficiency; examples are 

the BFI-44 (Big Five inventory with 44 items to answer), NEO-PI-R (revised Neuroticism-

Extraversion-Openness inventory with 240 items to answer), and BFI-10 [Big Five inventory with ten 

items to answer, see Rammstedt and John (2007)]. 

We employ BFI-10 in our survey because the response burden of the stated choice module of the 

survey is already high, and BFI-10 represents a relatively low response burden to measure the Big 
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Five personality traits. BFI-10 is composed of ten questions and each dimension of the Big Five 

personality traits is measured by two questions. The questions are presented as in Table 4.4 

(Rammstedt and John, 2007): 

Table 4.4 Questions used to determine the ‘Big Five’ personality traits 

How well do the following statements describe your personality? 

I see myself as someone who… Disagree 

strongly 

Disagree 

a little 

Neither agree 

nor disagree 

Agree 

a little 

Agree 

strongly 

… is reserved (Q1) (1) (2) (3) (4) (5) 

… is generally trusting (Q2) (1) (2) (3) (4) (5) 

… tends to be lazy (Q3) (1) (2) (3) (4) (5) 

… is relaxed, handles stress well 

(Q4) 

(1) (2) (3) (4) (5) 

… has few artistic interests (Q5) (1) (2) (3) (4) (5) 

… is outgoing, sociable (Q6) (1) (2) (3) (4) (5) 

… tends to find fault with others 

(Q7) 

(1) (2) (3) (4) (5) 

… does a thorough job (Q8) (1) (2) (3) (4) (5) 

… gets nervous easily (Q9) (1) (2) (3) (4) (5) 

… has an active imagination 

(Q10) 

(1) (2) (3) (4) (5) 

 

To calculate the score of a personality, we take the simple average of scores of the relevant questions: 

Each question is scored from 1 to 5, as presented in Table 4.4. For calculating the personalities, some 

questions are true-scored and some are reversed-scored (i.e. with ‘5’ in Table 4.4 recoded to ‘1’, ‘4’ to 

‘2’, etc.). The way of scoring the BFI-10 scales is 

• Extraversion: 1R, 6; 

• Agreeableness: 2, 7R; 

• Conscientiousness: 3R, 8; 

• Neuroticism: 4R, 9; 

• Openness: 5R, 10 

After each respondent’s score for each of the Big Five traits were computed, the results were entered 

into the utility function via a standard linear-in-the-parameters approach alongside other socio-

demographic variables. A descriptive analysis of respondents’ Big Five personality traits is presented 

in Table 4.5. 

4.4. Decision process under uncertainties 

We examined the decision processes of respondents’ when given choices with uncertain attributes in 

the survey. We asked respondents about the information they considered when they encountered 

uncertain attributes, the information they considered first, and if they think there is a correlation 

between an uncertain walking time and an uncertain price. Questions are presented in Table 4.5. The 

interface of these questions in the survey, together with other general socio-demographic questions, 

are presented in Appendix B. 
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Table 4.5 Questions on the decision process and correlations between uncertain variables 

Questions Options 

Which information did you consider 

when walking time was uncertain? 

 

The lower 

bound 

The most 

likely value 

The upper 

bound 

None of 

them 

Which information did you consider 

first when walking time was 

uncertain? 

 

The lower 

bound 

The most 

likely value 

The upper 

bound 

I don’t 

recall 

Which information did you consider 

when price was uncertain? 

 

The lower 

bound 

The most 

likely value 

The upper 

bound 

None of 

them 

Which information did you consider 

first when price was uncertain? 

 

The lower 

bound 

The most 

likely value 

The upper 

bound 

I don’t 

recall 

Do you think there is a correlation 

between an uncertain walking time and 

an uncertain price? 

Positively 

correlated 

Negatively 

correlated 

Independent  

 

We found that decision heuristics were used by respondents when we debriefed the pilot respondents 

on their decision process. For example, some respondents said they did not consider the uncertain 

walking time (attribute non-attendance), whilst some respondents said they would not consider 

opitons with a very high price upper bound (EBA, see Leung and Hensher (2012)). Other respondents 

said they first limit the upper bounds of walking time and price for the ‘wait and use on-demand’ 

option, and then compare the mean price against the certain price of the GAR option (mixed strategy 

of satisficing and lexicography, see Leung and Hensher (2012)). Investigating the influence of 

decision processes on users’ risky-choice behaviour can lead to interesting research, but we have 

decided not to include this decision process information in the behaviour modelling analysis. There 

are two main reasons for not including this information in the behavioural models. First, extensive 

analyses are needed using different types of models that can capture the decision process of users; and 

the analyses can be costly. For example, Hensher et al. (2013) spent hours to have the latent class 

model considering attribute non-attendance and aggregation of common-metric attributes effects. 

Given that the risky-choice models we propose to analyse in Chapter 5 are already complex and that 

the modelling of decision processes is not the main objective of this research, we decide to leave this 

for future research. Second, it was assumed that the uncertain walking time and price distributions to 

be independently distributed. Although it was evident that some of the respondents thought that there 

were correlations between these two uncertainties, we could not compute the joint distribution of 

walking time and price because respondents’ inherent conditional distribution of walking time and 

price was not collected. To investigate this problem in more detail, questions targeting the inherent 

conditional distribution would need to be added to in the survey. Since both weighting triangular 

distributions and collecting inherent conditional distributions are difficult and divert from our main 

objective, we exclude these two perceptual questions from the behaviour modelling and leave them 

for further research. 

4.5. Experimental design 

All three SC games were developed through a D-efficient design process (Rose and Bliemer, 2009). 

Our prior assumption with respect to the behaviour models is MNL, because MNL is the DCM we 

plan to use in behaviour modelling. The priors on the parameters were sourced from the literature and 

updated using the results from the second round of piloting (n=11) (there were three rounds of 

piloting before the main field work, see Section 4.6 for details). 
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There exists specialist software for SC survey experimental design such as Ngene. In this study, 

however, we chose to use the spreadsheet designed by Rose and Bliemer (2010) instead because the 

uncertain attributes of Game 3 require more flexible experimental design tools. An example design 

spreadsheet interface is as presented in Figure 4.4. The spreadsheet requires that the analysts decide 

the number of attributes, the number of choice situations and the number of alternatives. For example, 

the SC survey in Figure 4.4 has seven attributes (and the priors are cells C2 to I2), eight choice 

situations (see cells A4 to A27), and three alternatives in each choice situation (see column B4 to 

B27). The attribute levels for each alternative are inputs into the ‘attribute level’ region in Figure 4.4 

(cells D31-D38, F31-F38, H31-H38 for alterative 1, cells D41-D48, F41-F48, H41-H48 for alterative 

2, and cells D51-D58, F51-F58, H51-H58 for alterative 3 in this example). Column J computes the 

observable part of the utility functions, which are computed by the priors of the DCM model and the 

prior parameters. The prior MNL models we employed in the SC survey design were [Eq. (4.1) -Eq. 

(4.10)]: 

Game 1: Existing FFCS vs other modes: 

𝑈1
𝐹𝐹𝐶𝑆 = 𝐴𝑆𝐶1

𝐹𝐹𝐶𝑆 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝐹𝐹𝐶𝑆 + 𝛽𝑝 ∙ 𝑝𝐹𝐹𝐶𝑆 + 𝜖𝐹𝐹𝐶𝑆 (4.1) 

𝑈1
𝑐𝑎𝑟 = 𝐴𝑆𝐶1

𝑐𝑎𝑟 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝑐𝑎𝑟 + 𝛽𝑝 ∙ 𝑝𝑐𝑎𝑟 + 𝜖𝑐𝑎𝑟 (4.2) 

𝑈1
𝑏𝑢𝑠 = 𝐴𝑆𝐶1

𝑏𝑢𝑠 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝑏𝑢𝑠 + 𝛽𝑤𝑡 ∙ 𝑤𝑡𝑏𝑢𝑠 + 𝛽𝑝 ∙ 𝑝𝑏𝑢𝑠 + 𝜖𝑏𝑢𝑠 (4.3) 

𝑈1
𝑎𝑝𝑝−𝑡𝑎𝑥𝑖

= 𝐴𝑆𝐶1
𝑎𝑝𝑝−𝑡𝑎𝑥𝑖

+ 𝛽𝑤𝑡 ∙ 𝑤𝑡𝑎𝑝𝑝−𝑡𝑎𝑥𝑖 + 𝛽𝑝 ∙ 𝑝𝑎𝑝𝑝−𝑡𝑎𝑥𝑖 + 𝜖𝑎𝑝𝑝−𝑡𝑎𝑥𝑖 (4.4) 

 

Game 2: Existing FFCS vs VQ vs other modes 

𝑈2
𝐹𝐹𝐶𝑆 = 𝐴𝑆𝐶2

𝐹𝐹𝐶𝑆 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝐹𝐹𝐶𝑆 + 𝛽𝑤𝑡 ∙ 𝑤𝑡𝐹𝐹𝐶𝑆 + 𝛽𝑝 ∙ 𝑝𝐹𝐹𝐶𝑆 + 𝜖𝐹𝐹𝐶𝑆 (4.5) 

𝑈2
𝑐𝑎𝑟 = 𝐴𝑆𝐶2

𝑐𝑎𝑟 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝑐𝑎𝑟 + 𝛽𝑝 ∙ 𝑝𝑐𝑎𝑟 + 𝜖𝑐𝑎𝑟 (4.6) 

𝑈2
𝑏𝑢𝑠 = 𝐴𝑆𝐶2

𝑏𝑢𝑠 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝑏𝑢𝑠 + 𝛽𝑤𝑡 ∙ 𝑤𝑡𝑏𝑢𝑠 + 𝛽𝑝 ∙ 𝑝𝑏𝑢𝑠 + 𝜖𝑏𝑢𝑠 (4.7) 

𝑈2
𝑎𝑝𝑝−𝑡𝑎𝑥𝑖

= 𝐴𝑆𝐶2
𝑎𝑝𝑝−𝑡𝑎𝑥𝑖

+ 𝛽𝑤𝑡 ∙ 𝑤𝑡𝑎𝑝𝑝−𝑡𝑎𝑥𝑖 + 𝛽𝑝 ∙ 𝑝𝑎𝑝𝑝−𝑡𝑎𝑥𝑖 + 𝜖𝑎𝑝𝑝−𝑡𝑎𝑥𝑖 (4.8) 

 

Game 3: GAR vs wait and use on-demand: 

𝑈3
𝐺𝐴𝑅 = 𝐴𝑆𝐶3

𝐺𝐴𝑅 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝐺𝐴𝑅 + 𝛽𝑝 ∙ 𝑝𝐺𝐴𝑅 + 𝜖𝐺𝐴𝑅 (4.9) 

𝑈3,𝑢
𝑤𝑎𝑖𝑡 = 𝐴𝑆𝐶3,𝑢

𝑤𝑎𝑖𝑡 + 𝛽𝑤𝑘 ∙ 𝔼(𝑤𝑘𝑜
𝑤𝑎𝑖𝑡) + 𝛽𝑝 ∙ 𝔼(𝑝𝑜

𝑤𝑎𝑖𝑡) + 𝛽𝑤𝑘,𝑠𝑡𝑑 ∙ 𝑠𝑡𝑑(𝑤𝑘𝑜
𝑤𝑎𝑖𝑡) + 𝛽𝑝,𝑠𝑡𝑑

∙ 𝑠𝑡𝑑(𝑝𝑜
𝑤𝑎𝑖𝑡) + 𝜖𝑤𝑎𝑖𝑡 

(4.10) 

 

Eq. (4.1)-Eq. (4.8) are identical to the utility functions we estimated in Chapter 5 [Eq. (5.1)-Eq. (5.8) 

and Eq. (5.13)]. We used a mean-variance utility function to design Game 3 [Eq. (4.10)], but mean-

variance utility functions are not used in the behaviour model estimation shown in Chapter 5. 

Although the behaviour modelling results in Chapter 5 are reasonable for both riskless and risk-

seeking models, it is likely the survey design based on the mean-variance model is not the most 

efficient design for these riskless and risk-seeking models. Further analysis is required to estimate the 

influence of differences between prior utility functions and estimated utility functions on the 

modelling results. 

Cells N3 to AH 27 are intermediate computations, whose objective is to compute the Fisher 

information matrix. The Fisher information matrix is calculated by Eq. (4.11)-Eq. (4.12): 

𝐹𝐼𝑆𝐻𝐸𝑅 = 𝑀𝐴𝑇𝑇 ∙ 𝑀𝐴𝑇 (4.11) 

𝑀𝐴𝑇𝑗𝑘𝑠 = (𝑥𝑗𝑘𝑠 − ∑ 𝑥𝑖𝑘𝑠𝑃𝑖𝑠

𝐽

𝑖=1

) 𝑃𝑗𝑠 (4.12) 
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where 𝑠 is the number of choice situation, 𝑗 is the number of alternative in the 𝑠th choice situation, 𝑘 

is the number of attribute, 𝑥𝑗𝑘𝑠 is the attribute level of the 𝑘th attribute of the 𝑗th alternative in the 𝑠th 

choice situation, and 𝑃𝑗𝑠 is the probability of the 𝑗th alternative in the 𝑠th choice situation being 

chosen. AVC matrix is inverse matrix of the Fisher information matrix (𝐴𝑉𝐶 = 𝐹𝐼𝑆𝐻𝐸𝑅−1), and D-

error is computed by: 

𝐷 − 𝑒𝑟𝑟𝑜𝑟 = 𝐷𝐸𝑇(𝐴𝑉𝐶)
1
𝐾 (4.13) 

 

where 𝐷𝐸𝑇 denotes the determinant of a matrix, and 𝐾 is the total number of parameters. 

 

Figure 4.4 Example D-efficient design 

(reproduced from Rose and Bliemer (2010)) 

The basic idea of the spreadsheet is similar to simulation-based optimisation. The analyst determines 

the attributes, the levels of attributes and the number of choice situations needed for the SC survey. 

Based on the prior information of the discrete choice model, the spreadsheet randomly generates 

attribute level combinations and computes the determinants of the AVC matrices of these 

combinations (see the discussion in Section 3.1 of the design process for D-efficient design). 

We took the attribute level combination with the lowest determinant of the AVC matrix as the final 

SC survey design, and we checked if there were dominant choice situations. The only one we found 

was the second replication of Game 1 for car block respondents. The game board for this replication is 

presented as Figure 4.5: 
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Figure 4.5 Dominant choice situation 

The ‘Free-Floating carsharing vehicle A’ option dominates the other two options with regards to total 

travel time and price. However, the options for this choice situation are labelled, and respondents may 

have inherent preference for FFCS or private cars. The ‘Free-Floating carsharing vehicle A’ option 

hence is not the strictly dominant private car option. 

We also checked the trade-off between time components and price to make sure the trade-off values 

are not clustered around a single value and there is sufficient variation. The histograms of the trade-

off values are presented in Figure 4.6-Figure 4.9. These figures show that the trade-off values in 

general have enough variation. The price vs walking time (Figure 4.6 panel (b)) is skewed towards 0 

for bus, because the price for bus is much lower than other modes. Similarly, the price vs waiting time 

for bus is skewed towards 0 (Figure 4.7 panel (b)). The price vs waiting time has only a few data 

points for respondents in the car block, as there are only six alternatives (VQ alternatives in Game 2) 

with waiting time in their choice games. Other trade-off values are more evenly distributed. 

We present the price attribute by the cost per journey in this survey, because we want to remove 

burden of calculating the total price from the per minute price for respondents. However, FFCS 

operators nowadays usually present their price to consumers using the per minute price. For example, 

the per minute price for DriveNow London is £0.33/min. We checked the per minute price previously 

encountered by respondents in this study to make sure the per minute price presented was not too 

unrealistic. Figure 4.10 shows that the per minute price is around 15%-200% of the current DriveNow 

rate. We compared our surge pricing multiplier (maximum 2.27) with the Uber surge pricing in 

Austin, Texas (Jiao, 2018) and Pittsburgh (Battifarano and Qian, 2019), which is capped at 6.1 in Jiao 

(2018) and 4.9 in Battifarano and Qian (2019). The surge pricing multiplier in this study (1-2.27) 

seems reasonable. Around 25% of the alternatives have a low per minute price (less than £0.2/min). 

This is not too unrealistic, because the peak time in London is 6:30-9:30 and 16:00 and 19:00, and the 

peak hours comprise 25% of the entire day (6 of 24 hours). 

 



59 

 

 

(a) 

 

(b) 

 

(c) 

Figure 4.6 Histograms of price vs walking time. 

(a): price vs walking time for respondents in car block; (b) price vs walking time for respondents in 

bus block;(c) price vs walking time for respondents in app-based taxi block; 
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(a) 

 

(b) 

 

(c) 

Figure 4.7 Histograms of price vs waiting time. 

(a) price vs waiting time for respondents in car block; (b): price vs waiting time for respondents in 

bus block; (c): price vs waiting time for respondents in app-based taxi block 
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(a) 

 

(b) 

 

(c) 

Figure 4.8 Histograms of price vs in-vehicle travel time. 

(a): price vs in-vehicle travel time for respondents in car block; (b): price vs in-vehicle travel time for 

respondents in bus block; (c): price vs in-vehicle travel time for respondents in app-based block; 
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Figure 4.9 Histograms of price vs total travel time. 

(a): price vs total travel time for respondents in car block; (b): price vs total travel time for 

respondents in bus block; (c) price vs total travel time for respondents in app-based taxi block 
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(a) 

 

(b) 

 

(c) 

Figure 4.10 Per minute price 

(a): per minute price for respondents in car block; (b): per minute price for respondents in bus block; 

(c): per minute price for respondents in uber block 

We used simulated responses by the prior MNL models, and then used Biogeme to recover the 

parameters of the prior MNL models. We simulated 200, 300, 500, and 1000 responses, and all of 

them could recover the priors of the parameters. It suggested the MNL models can be estimated and 

the SC survey was ready for pilot. 
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4.6. Survey pilot 

We pilot-tested the SC survey three times, with the first two pilots conducted only among Imperial 

College PhD students (Pilot 1 with ten respondents in July 2017, Pilot 2 with eleven respondents in 

October 2017) and Pilot 3 among five DriveNow staff in December 2017. We made a major change 

on our survey after Pilot 1, and only minor changes after Pilot 2 and 3. 

Specifically, we pilot-tested a much more complex version of the survey in the Pilot 1, in which 

respondents were presented with different activity purposes in each choice situation, with purposes 

intended to convey ‘strict’ time constraints (e.g. a doctor’s appointment) versus less-rigid scheduling 

requirements (e.g. visiting a friend). Example game boards are presented in Figure 4.11: 

 

 

(a) 

 

(b) 

Figure 4.11 Game 1 (earlier version) with activity types. 

Panel: (a) Activity with a strict time constraint (doctor’s appointment), (b) Activity with a soft time 

constraint (meeting a friend) 
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Feedback during piloting indicated that having two dimensions of uncertainties was burdensome 

already, because they needed to compute the mean, range, skewness and the probability of having a 

large walking time/price for the two uncertain variables. Varying activity purpose across choice 

situations introduced additional response burden to the respondents. We therefore removed activity 

purpose from the design of the SC choice situations for the main fieldwork because we did not want 

the respondents focus too much on less important attributes and ignore the uncertain walking time and 

price. 

We considered the fact that FFCS operators have little control over the location of their fleets, so in 

Game 3 of Pilot 1, we have uncertain walking time for GAR. In addition to the walking time and 

price, we considered the cancellation policy and refund of GAR options. Example game boards are 

shown as Figure 4.12: 

 

(a) 

 

(b) 
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(c) 

Figure 4.12 Game 3 (earlier version) with activity types and cancellation. 

Panel (a): Activity with a strict time constraint (doctor’s appointment) and full refund; (b): Activity 

with a strict time constraint (doctor’s appointment) and partial refund; (c): Activity with a soft time 

constraint (meeting a friend) and zero refund 

We decided to remove the cancellation policy in the final version because of the same reason as we 

mentioned earlier. We found that by having the cancellation policy, pilot respondents focused too 

much attention on the refund and ignored uncertain walking time and price, especially walking time. 

We hence we removed the last two rows in Figure 4.12, and simplified the walking time attribute by 

keeping the uncertainties only in the ‘wait and use spontaneously’ options. 

We also considered including the possibility of vehicle unavailability as a third component of 

uncertainty associated with the spontaneous usage alternative in the survey design, however we 

decided against this, and we did not pilot the version with the vehicle availability uncertainty. Our 

reasons were: (1) in the context of a free-floating shared fleet, there is no clear distinction between 

service unavailability and long walk times to the nearest vehicle, with the exception of the limiting 

case of all vehicles in the shared fleet being currently used by other users and hence unavailable to the 

user making a request-for-service; (2) prior SC studies of choice-under-uncertainty in the context of 

mode choice ask respondents to consider a single dimension of uncertainty in each choice situation. 

We decided that it was therefore prudent to introduce one additional dimension of uncertainty in this 

study, rather than two. Adding a third dimension of uncertainty (alongside the walking-time and price 

dimensions) would introduce a more demanding requirement for simultaneous information processing 

by respondents; we decided to leave the issues raised by the inclusion of additional dimensions of 

uncertainty as an issue for future research. This limitation leads to the assumption in the numerical 

study of optimisation that the vehicle supply is always greater than carsharing demand, which we 

discuss in more detail at the beginning of Chapter 6. 

4.7. Survey administration, data collection and descriptive analysis 

The web-based SC survey was administered to a population of approximately 7,000 existing users of 

the DriveNow FFCS service in London in January 2018. 453 responses were received, with 289 

complete responses (for a full-completion response rate of 4%). Respondents were presented an 

incentive of being entered into a draw for a £100 Amazon voucher. This is a widely-used way of 

incentivising respondents [see Table 1 in Menegaki et al. (2016)]. This incentive by lottery, however, 
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may be more attractive to risk-seeking people. The risk-seeking behaviour may therefore be biased in 

the SC data relative to the overall population of FFCS users. 

A summary of the sample socio-demographics is shown in Table 4.6, along with a comparison of the 

socio-demographic features of the sample with London adults at large (sourced from the 2015 

National Travel Survey (NTS) dataset). Males, young adults, employed, mid- to high-income, and 

households with zero vehicles are over-represented in our dataset. These features are consistent with 

the literature on carsharing users’ socio-demographic characteristics (Burkhardt and Millard-Ball 

2006; Carplus 2017; Kopp et al. 2015). 

Table 4.6: Socio-demographics of the sample (n=289) and 2015 NTS (London adults only, n=2286) 

Items  Distribution Distribution (from NTS 

2015) 

Gender Male 77.2% 48.2% 

Female 21.1% 51.8% 

Prefer not to answer 

 

1.7%  

Age 20-29 21.5% 16.9% 

30-39 43.6% 20.5% 

40-49 24.2% 17.9% 

50-59 9.0% 15.7% 

60-69 1.0% 23.2% 

Prefer not to answer 

 

0.7%  

Place of 

residence 

Inner London 66.4% (fare 

zones 1 and 2) 

39.5% 

Outer London 31.5%  60.5% 

Outside London 

 

2.1% N/A 

Employment 

status 

Full-time 81.0% 50.4% 

Part-time 6.2% 12.7% 

Seeking work 1.0% 2.4% 

Retired 0.7% 19.9% 

Student 2.8% 6.2% 

Other 6.9% 8.5% 

Prefer not to answer 

 

1.4%  

Annual 

individual 

income 

< £5,000 1.0% 4.2% 

£5,000 - £24,999 12.8% 30.1% 

£25,000 - £49,999 33.6% 25.6% 

£50,000 - £74,999 17.0% 18.7% 

> £75,000 26.3% 21.3% 

Prefer not to answer 

 

9.3%  

Living with 

partner 

Yes 63.7% 59.5% 

No 30.8% 40.5% 

Prefer not to answer 

 

5.5%  

# of other adults 

(excluding your 

partner) living 

with 

0 58.8% 53.5% 

1 20.1% 14.3% 

2+ 17.3% 32.2% 

Prefer not to answer 

 

3.8%  
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Items  Distribution Distribution (from NTS 

2015) 

# of children 

living with 

0 64.4% 65.8% 

1 13.5% 16.1% 

2 14.5% 12.7% 

3+ 3.5% 5.4% 

Prefer not to answer 

 

4.2%  

# of vehicles in 

the household 

0 60.9% 29.4% 

1 30.1% 45.1% 

2+ 6.6% 25.5% 

Prefer not to answer 

 

2.4%  

Frequency of 

using FFCS (only 

for CS members) 

3 or more times a week 9.7% 2.9% 

Once or twice a week 17.6% 0.0% 

Less than that but more than 

twice a month 

17.0% 0.0% 

Once or twice a month 24.2% 2.9% 

Less than that but more than 

twice a year 

24.6% 38.2% 

Once or twice a year 6.6% 32.4% 

Less than that or never 0.0% 23.5% 

Prefer not to answer 0.3%  

Big Five 

personality traits 

Extraversion  3.52 (0.95) N/A 

Agreeableness 3.58 (0.88) N/A 

Conscientiousness 3.95 (0.84) N/A 

Neuroticism 2.20 (1.03) N/A 

Openness 3.61 (0.87) N/A 

 

4.8. Summary 

We introduced the details of the SC survey design and data collection in this chapter. The survey is 

composed of three games with the purpose of exploring FFCS users’ spatial-temporal flexibility and 

introducing guaranteed advance reservation (GAR) in FFCS to the respondents. Game 1 in the SC 

survey resembles the current FFCS service, with the only difference being that users’ spatial 

flexibility is considered. Game 2 takes respondents’ temporal flexibility into consideration. It 

introduces virtual queueing (VQ) options that allow users to reserve a vehicle that is currently in use 

by others but will be available shortly. Game 3 introduces GAR, which allows users to reserve a 

vehicle for a journey that will begin in several hours’ time. 

For Games 1 and 2 respondents are blocked according to their car ownership and experience of using 

app-based taxis. Respondents need to evaluate time components (walking time for both games and 

waiting time for VQ options in Game 2) and price and then make a selection. The choice experiments 

in Game 3 do not have the third mode. Instead, respondents need to compare and select between GAR 

(with certain price and walking time) and ‘wait and use FFCS spontaneously’ options (with triangular 

distributed price and walking time). After completing the choice experiments, respondents are asked 

about their socio-demographic features and Big Five personality traits. 

This survey was administered among DriveNow users in January-February 2018. Approximately 

7000 users were invited, 453 of whom accepted the invitation with 289 finishing the survey. Before 

the survey was formally distributed, it was pilot tested for three times among Imperial College PhD 

students and DriveNow staff. We compared the data collected from the survey sample with that for 

the general population in London and found that males, young adults, employed, mid- to high-income, 
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and household with zero vehicles were over-represented, which is consistent with the typical 

carsharing user profile. Data collected from this SC survey are used for behaviour modelling in the 

next chapter. 
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5. Behaviour modelling 

In this chapter, we present behaviour modelling results estimated from the SC survey data introduced 

in Chapter 4. The first two games are modelled using multinomial logit models (MNL) that are based 

on random utility theory (RUT). For Game 3, we model users’ behaviour under the uncertain walking 

time and price in the SC survey. We present the results with and without consideration of users’ risk-

taking behaviour. 

We run three analyses for each game: The first analysis incorporated only the design variables (time 

components and price). The second analysis incorporated the design variables and socio-demographic 

features. The third analysis incorporated design variables, socio-demographic features, and Big Five 

personality traits. All socio-demographic features and Big Five personality traits entered into the 

utility function via a standard linear-in-the-parameters approach. All discrete choice models are 

estimated by Biogeme version 2.0 (Bierlaire, 2018). 

In all three games, we include a panel effect parameter, which captures correlation across multiple 

responses from the same individual (Louviere et al., 2000). Respondents that selected “prefer not to 

answer” for any socio-demographic or attitudinal question were excluded from the analyses shown in 

Table 5.1-Table 5.7, yielding an effective sample size of n=232 for these analyses. Other than 

removing partial responses from the dataset, it is also possible to impute the missing socio-

demographic or attitudinal question answers. Further analysis is required to evaluate whether these 

two strategies (imputing or removing partial responses) have significantly influence on the results. 

In the discussion that follows, we employ speculative language (“could”, “may”, etc.) to discuss 

possible explanations for findings that the results suggest but which cannot be unambiguously 

concluded by statistical analysis alone. 

This chapter is adapted from Wu et al. (2019), which was published in Transportation Research Part 

C in May 2019. In Section 5.1 we present the behaviour model structure. Section 5.2 and 5.3 presents 

the modelling results for Game 1 and Game 2, respectively. In Section 5.4, we present the modelling 

results for Game 3; the results in Section 5.4.1 do not consider risky-choice behaviour while those in 

Section 5.4.2 do consider it. Section 5.5 summarises the findings in this chapter. 

5.1. Model structure 

5.1.1. Game 1 and Game 2 

Game 1 and Game 2 do not have uncertain attributes, and the utility of a user choosing an option is 

described by a linear combination of service attributes and the characteristics of the user. If we only 

consider the service attributes (or the design variables of the SC) survey, the utility of a user choosing 

each alternative are described by Eq. (5.1)-Eq. (5.8): 

Game 1: Existing FFCS vs other modes 

𝑈1
𝐹𝐹𝐶𝑆 = 𝐴𝑆𝐶1

𝐹𝐹𝐶𝑆 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝐹𝐹𝐶𝑆 + 𝛽𝑝 ∙ 𝑝𝐹𝐹𝐶𝑆 + 𝜖𝐹𝐹𝐶𝑆 (5.1) 

𝑈1
𝑐𝑎𝑟 = 𝐴𝑆𝐶1

𝑐𝑎𝑟 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝑐𝑎𝑟 + 𝛽𝑝 ∙ 𝑝𝑐𝑎𝑟 + 𝜖𝑐𝑎𝑟 (5.2) 

𝑈1
𝑏𝑢𝑠 = 𝐴𝑆𝐶1

𝑏𝑢𝑠 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝑏𝑢𝑠 + 𝛽𝑤𝑡 ∙ 𝑤𝑡𝑏𝑢𝑠 + 𝛽𝑝 ∙ 𝑝𝑏𝑢𝑠 + 𝜖𝑏𝑢𝑠 (5.3) 

𝑈1
𝑎𝑝𝑝−𝑡𝑎𝑥𝑖

= 𝐴𝑆𝐶1
𝑎𝑝𝑝−𝑡𝑎𝑥𝑖

+ 𝛽𝑤𝑡 ∙ 𝑤𝑡𝑎𝑝𝑝−𝑡𝑎𝑥𝑖 + 𝛽𝑝 ∙ 𝑝𝑎𝑝𝑝−𝑡𝑎𝑥𝑖 + 𝜖𝑎𝑝𝑝−𝑡𝑎𝑥𝑖 (5.4) 

 

Game 2: Existing FFCS vs VQ vs other modes 

𝑈2
𝐹𝐹𝐶𝑆 = 𝐴𝑆𝐶2

𝐹𝐹𝐶𝑆 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝐹𝐹𝐶𝑆 + 𝛽𝑤𝑡 ∙ 𝑤𝑡𝐹𝐹𝐶𝑆 + 𝛽𝑝 ∙ 𝑝𝐹𝐹𝐶𝑆 + 𝜖𝐹𝐹𝐶𝑆 (5.5) 

𝑈2
𝑐𝑎𝑟 = 𝐴𝑆𝐶2

𝑐𝑎𝑟 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝑐𝑎𝑟 + 𝛽𝑝 ∙ 𝑝𝑐𝑎𝑟 + 𝜖𝑐𝑎𝑟 (5.6) 
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𝑈2
𝑏𝑢𝑠 = 𝐴𝑆𝐶2

𝑏𝑢𝑠 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝑏𝑢𝑠 + 𝛽𝑤𝑡 ∙ 𝑤𝑡𝑏𝑢𝑠 + 𝛽𝑝 ∙ 𝑝𝑏𝑢𝑠 + 𝜖𝑏𝑢𝑠 (5.7) 

𝑈2
𝑎𝑝𝑝−𝑡𝑎𝑥𝑖

= 𝐴𝑆𝐶2
𝑎𝑝𝑝−𝑡𝑎𝑥𝑖

+ 𝛽𝑤𝑡 ∙ 𝑤𝑡𝑎𝑝𝑝−𝑡𝑎𝑥𝑖 + 𝛽𝑝 ∙ 𝑝𝑎𝑝𝑝−𝑡𝑎𝑥𝑖 + 𝜖𝑎𝑝𝑝−𝑡𝑎𝑥𝑖 (5.8) 

 

where 𝑤𝑘 denotes the walking time, 𝑤𝑡 denotes the waiting time, 𝑝 denotes the price, 𝛽 denotes 

users’ sensitivity to an attribute, and 𝐴𝑆𝐶 denotes the alternative specific constant. We use subscript 1 

and 2 to denote which game we model. Comparing the utility functions for Game 1 and Game 2, the 

utility functions for other modes (car, bus and app-based taxi) are the same for the two games. The 

only difference is that the VQ option in Game 2 has a non-zero waiting time, so Eq. (5.5) has a 

waiting time attribute whereas Eq. (5.1) does not. 

If we add the socio-demographic features and Big Five personality traits, the utility models for Game 

1 and Game 2 are presented as Eq. (5.9)-Eq. (5.10). We use subscript ‘socio’ to denote utility 

functions that only consider socio-demographic features, and subscript ‘socio5’ denotes utility 

functions that consider the impact of both socio-demographic features and Big Five personality traits. 

Game 1: Existing FFCS vs other modes, considering socio-demographic features: 

𝑈1,𝑠𝑜𝑐𝑖𝑜
𝐹𝐹𝐶𝑆 = 𝐴𝑆𝐶1,𝑠𝑜𝑐𝑖𝑜

𝐹𝐹𝐶𝑆 + 𝛽𝑎𝑔𝑒20−29 ∙ 𝐴𝑔𝑒20−29 + 𝛽𝑎𝑔𝑒40−49 ∙ 𝐴𝑔𝑒40−49 + 𝛽𝑎𝑔𝑒50+ ∙ 𝐴𝑔𝑒50+

+ 𝛽𝑔𝑒𝑛𝑑𝑒𝑟 ∙ 𝐹𝑒𝑚𝑎𝑙𝑒 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦 ∙ 𝑈𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑑 + 𝛽𝑖𝑛𝑐𝑜𝑚𝑒 ∙ 𝐻𝑖𝑔ℎ𝑖𝑛𝑐𝑜𝑚𝑒

+ 𝛽𝑝𝑎𝑟𝑡𝑛𝑒𝑟 ∙ 𝑃𝑎𝑟𝑡𝑛𝑒𝑟 + 𝛽𝑎𝑑𝑢𝑙𝑡 ∙ 𝐴𝑑𝑢𝑙𝑡𝑠 + 𝛽𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛 ∙ 𝐶ℎ𝑖𝑙𝑑𝑟𝑒𝑛 + 𝛽𝑙𝑖𝑣𝑒

∙ 𝑂𝑢𝑡𝑒𝑟 + 𝛽𝑓𝑟𝑒𝑞 ∙ 𝐻𝑖𝑔ℎ𝑓𝑟𝑒𝑞 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝐹𝐹𝐶𝑆 + 𝛽𝑝 ∙ 𝑝𝐹𝐹𝐶𝑆 + 𝜖𝐹𝐹𝐶𝑆 

(5.9) 

Eq. (5.2)-Eq. (5.4)  

 

Game 1: Existing FFCS vs other modes, considering socio-demographic features and Big Five 

personality traits: 

𝑈1,𝑠𝑜𝑐𝑖𝑜5
𝐹𝐹𝐶𝑆 = 𝐴𝑆𝐶1,𝑠𝑜𝑐𝑖𝑜

𝐹𝐹𝐶𝑆 + 𝛽𝑎𝑔𝑒20−29 ∙ 𝐴𝑔𝑒20−29 + 𝛽𝑎𝑔𝑒40−49 ∙ 𝐴𝑔𝑒40−49 + 𝛽𝑎𝑔𝑒50+

∙ 𝐴𝑔𝑒50+ + 𝛽𝑔𝑒𝑛𝑑𝑒𝑟 ∙ 𝐹𝑒𝑚𝑎𝑙𝑒 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦 ∙ 𝑈𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑑 + 𝛽𝑖𝑛𝑐𝑜𝑚𝑒

∙ 𝐻𝑖𝑔ℎ𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽𝑝𝑎𝑟𝑡𝑛𝑒𝑟 ∙ 𝑃𝑎𝑟𝑡𝑛𝑒𝑟 + 𝛽𝑎𝑑𝑢𝑙𝑡 ∙ 𝐴𝑑𝑢𝑙𝑡𝑠 + 𝛽𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛

∙ 𝐶ℎ𝑖𝑙𝑑𝑟𝑒𝑛 + 𝛽𝑙𝑖𝑣𝑒 ∙ 𝑂𝑢𝑡𝑒𝑟 + 𝛽𝑓𝑟𝑒𝑞 ∙ 𝐻𝑖𝑔ℎ𝑓𝑟𝑒𝑞 + 𝛽𝑂𝑝𝑒𝑛𝑛𝑒𝑠𝑠 ∙ 𝑂𝑝𝑒𝑛𝑛𝑒𝑠𝑠

+ 𝛽𝐶𝑜𝑛𝑠𝑐𝑖𝑒𝑛𝑡𝑖𝑜𝑢𝑠𝑛𝑒𝑠𝑠 ∙ 𝐶𝑜𝑛𝑠𝑐𝑖𝑒𝑛𝑡𝑖𝑜𝑢𝑠𝑛𝑒𝑠𝑠 + 𝛽𝐸𝑥𝑡𝑟𝑎𝑣𝑒𝑟𝑠𝑖𝑜𝑛

∙ 𝐸𝑥𝑡𝑟𝑎𝑣𝑒𝑟𝑠𝑖𝑜𝑛 + 𝛽𝐴𝑔𝑟𝑒𝑒𝑎𝑏𝑙𝑒𝑛𝑒𝑠𝑠 ∙ 𝐴𝑔𝑟𝑒𝑒𝑎𝑏𝑙𝑒𝑛𝑒𝑠𝑠 + 𝛽𝑁𝑒𝑢𝑟𝑜𝑡𝑖𝑐𝑖𝑠𝑚

∙ 𝑁𝑒𝑢𝑟𝑜𝑡𝑖𝑐𝑖𝑠𝑚 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝐹𝐹𝐶𝑆 + 𝛽𝑝 ∙ 𝑝𝐹𝐹𝐶𝑆 + 𝜖𝐹𝐹𝐶𝑆 

(5.10) 

Eq. (5.2)-Eq. (5.4)  

 

Game 2: Existing FFCS vs VQ vs other modes, considering socio-demographic features: 

𝑈2,𝑠𝑜𝑐𝑖𝑜
𝐹𝐹𝐶𝑆 = 𝐴𝑆𝐶2

𝐹𝐹𝐶𝑆 + 𝛽𝑎𝑔𝑒20−29 ∙ 𝐴𝑔𝑒20−29 + 𝛽𝑎𝑔𝑒40−49 ∙ 𝐴𝑔𝑒40−49 + 𝛽𝑎𝑔𝑒50+ ∙ 𝐴𝑔𝑒50+

+ 𝛽𝑔𝑒𝑛𝑑𝑒𝑟 ∙ 𝐹𝑒𝑚𝑎𝑙𝑒 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦 ∙ 𝑈𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑑 + 𝛽𝑖𝑛𝑐𝑜𝑚𝑒 ∙ 𝐻𝑖𝑔ℎ𝑖𝑛𝑐𝑜𝑚𝑒

+ 𝛽𝑝𝑎𝑟𝑡𝑛𝑒𝑟 ∙ 𝑃𝑎𝑟𝑡𝑛𝑒𝑟 + 𝛽𝑎𝑑𝑢𝑙𝑡 ∙ 𝐴𝑑𝑢𝑙𝑡𝑠 + 𝛽𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛 ∙ 𝐶ℎ𝑖𝑙𝑑𝑟𝑒𝑛 + 𝛽𝑙𝑖𝑣𝑒

∙ 𝑂𝑢𝑡𝑒𝑟 + 𝛽𝑓𝑟𝑒𝑞 ∙ 𝐻𝑖𝑔ℎ𝑓𝑟𝑒𝑞 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝐹𝐹𝐶𝑆 + 𝛽𝑤𝑡 ∙ 𝑤𝑡𝐹𝐹𝐶𝑆 + 𝛽𝑝 ∙ 𝑝𝐹𝐹𝐶𝑆

+ 𝜖𝐹𝐹𝐶𝑆 

(5.11) 

Eq. (5.6)-Eq. (5.8)  

 

Game 2: Existing FFCS vs VQ vs other modes, considering socio-demographic features and Big Five 

personality traits: 
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𝑈2,𝑠𝑜𝑐𝑖𝑜5
𝐹𝐹𝐶𝑆 = 𝐴𝑆𝐶2

𝐹𝐹𝐶𝑆 + 𝛽𝑎𝑔𝑒20−29 ∙ 𝐴𝑔𝑒20−29 + 𝛽𝑎𝑔𝑒40−49 ∙ 𝐴𝑔𝑒40−49 + 𝛽𝑎𝑔𝑒50+

∙ 𝐴𝑔𝑒50+ + 𝛽𝑔𝑒𝑛𝑑𝑒𝑟 ∙ 𝐹𝑒𝑚𝑎𝑙𝑒 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦 ∙ 𝑈𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑑 + 𝛽𝑖𝑛𝑐𝑜𝑚𝑒

∙ 𝐻𝑖𝑔ℎ𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽𝑝𝑎𝑟𝑡𝑛𝑒𝑟 ∙ 𝑃𝑎𝑟𝑡𝑛𝑒𝑟 + 𝛽𝑎𝑑𝑢𝑙𝑡 ∙ 𝐴𝑑𝑢𝑙𝑡𝑠 + 𝛽𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛

∙ 𝐶ℎ𝑖𝑙𝑑𝑟𝑒𝑛 + 𝛽𝑙𝑖𝑣𝑒 ∙ 𝑂𝑢𝑡𝑒𝑟 + 𝛽𝑓𝑟𝑒𝑞 ∙ 𝐻𝑖𝑔ℎ𝑓𝑟𝑒𝑞 + 𝛽𝑂𝑝𝑒𝑛𝑛𝑒𝑠𝑠 ∙ 𝑂𝑝𝑒𝑛𝑛𝑒𝑠𝑠

+ 𝛽𝐶𝑜𝑛𝑠𝑐𝑖𝑒𝑛𝑡𝑖𝑜𝑢𝑠𝑛𝑒𝑠𝑠 ∙ 𝐶𝑜𝑛𝑠𝑐𝑖𝑒𝑛𝑡𝑖𝑜𝑢𝑠𝑛𝑒𝑠𝑠 + 𝛽𝐸𝑥𝑡𝑟𝑎𝑣𝑒𝑟𝑠𝑖𝑜𝑛

∙ 𝐸𝑥𝑡𝑟𝑎𝑣𝑒𝑟𝑠𝑖𝑜𝑛 + 𝛽𝐴𝑔𝑟𝑒𝑒𝑎𝑏𝑙𝑒𝑛𝑒𝑠𝑠 ∙ 𝐴𝑔𝑟𝑒𝑒𝑎𝑏𝑙𝑒𝑛𝑒𝑠𝑠 + 𝛽𝑁𝑒𝑢𝑟𝑜𝑡𝑖𝑐𝑖𝑠𝑚

∙ 𝑁𝑒𝑢𝑟𝑜𝑡𝑖𝑐𝑖𝑠𝑚 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝐹𝐹𝐶𝑆 + 𝛽𝑤𝑡 ∙ 𝑤𝑡𝐹𝐹𝐶𝑆 + 𝛽𝑝 ∙ 𝑝𝐹𝐹𝐶𝑆 + 𝜖𝐹𝐹𝐶𝑆 

(5.12) 

Eq. (5.6)-Eq. (5.8)  

 

where 𝐴𝑔𝑒20−29, 𝐴𝑔𝑒30−39, 𝐴𝑔𝑒50+, 𝐹𝑒𝑚𝑎𝑙𝑒, 𝑈𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑑 are indicator variables which indicates 

a respondent’s age band, gender and employment status; 𝐻𝑖𝑔ℎ𝑖𝑛𝑐𝑜𝑚𝑒 is also an indicator variable, 

which equals to 1 if the respondent’s individual income is higher than £50k/year; 𝑃𝑎𝑟𝑡𝑛𝑒𝑟, 𝐴𝑑𝑢𝑙𝑡𝑠, 

and 𝐶ℎ𝑖𝑙𝑑𝑟𝑒𝑛 indicate the respondent’s living status, which equal to 1 if the respondent lives with 

his/her partner, with adults other than his/her partner, and lives with his/her children. 𝑂𝑢𝑡𝑒𝑟 indicates 

the respondent’s home location, which equals to 1 if the user lives in outer London (Zone 3+) or 

outside of London; 𝐻𝑖𝑔ℎ𝑓𝑟𝑒𝑞 indicates whether the respondent is a high-frequent FFCS user. It 

equals to 1 if the user uses FFCS more than twice a month. 𝑂𝑝𝑒𝑛𝑛𝑒𝑠𝑠, 𝐶𝑜𝑛𝑠𝑐𝑖𝑒𝑛𝑡𝑖𝑜𝑢𝑠𝑛𝑒𝑠, 

𝐸𝑥𝑡𝑟𝑎𝑣𝑒𝑟𝑠𝑖𝑜𝑛, 𝐴𝑔𝑟𝑒𝑒𝑎𝑏𝑙𝑒𝑛𝑒𝑠𝑠, 𝑁𝑒𝑢𝑟𝑜𝑡𝑖𝑐𝑖𝑠𝑚 are Big Five personality scores. 

5.1.2. Game 3 

In Game 3, respondents have only two alternatives: GAR and ‘wait and use on-demand’. The GAR 

option of Game 3 is described by certain walking time and price, so the utility of a respondent 

choosing GAR can be described by linear utility function [Eq. (5.13)-Eq.(5.15)]: 

𝑈3
𝐺𝐴𝑅 = 𝐴𝑆𝐶3

𝐺𝐴𝑅 + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝐺𝐴𝑅 + 𝛽𝑝 ∙ 𝑝𝐺𝐴𝑅 + 𝜖𝐺𝐴𝑅 

 
(5.13) 

𝑈3,𝑠𝑜𝑐𝑖𝑜
𝐺𝐴𝑅 = 𝐴𝑆𝐶3,𝑠𝑜𝑐𝑖𝑜

𝐺𝐴𝑅 + 𝛽𝑎𝑔𝑒20−29 ∙ 𝐴𝑔𝑒20−29 + 𝛽𝑎𝑔𝑒40−49 ∙ 𝐴𝑔𝑒40−49 + 𝛽𝑎𝑔𝑒50+

∙ 𝐴𝑔𝑒50+ + 𝛽𝑔𝑒𝑛𝑑𝑒𝑟 ∙ 𝑓𝑒𝑚𝑎𝑙𝑒 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦 ∙ 𝑢𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑑 + 𝛽𝑖𝑛𝑐𝑜𝑚𝑒

∙ (𝐼𝑛𝑐𝑜𝑚𝑒 > 50𝑘 𝑦𝑒𝑎𝑟⁄ ) + 𝛽𝑝𝑎𝑟𝑡𝑛𝑒𝑟 ∙ 𝑤𝑖𝑡ℎ 𝑝𝑎𝑟𝑡𝑛𝑒𝑟 + 𝛽𝑎𝑑𝑢𝑙𝑡

∙ 𝑤𝑖𝑡ℎ 𝑜𝑡ℎ𝑒𝑟 𝑎𝑑𝑢𝑙𝑡𝑠 + 𝛽𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛 ∙ 𝑤𝑖𝑡ℎ 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛 + 𝛽𝑙𝑖𝑣𝑒 ∙ 𝑜𝑢𝑡 𝐿𝑜𝑛𝑑𝑜𝑛
+ 𝛽𝑓𝑟𝑒𝑞 ∙ (𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 > 𝑡𝑤𝑖𝑐𝑒 𝑎 𝑚𝑜𝑛𝑡ℎ) + 𝛽𝑤𝑘 ∙ 𝑤𝑘𝐺𝐴𝑅 + 𝛽𝑝 ∙ 𝑝𝐺𝐴𝑅

+ 𝜖𝐺𝐴𝑅 

 

(5.14) 

𝑈3,𝑠𝑜𝑐𝑖𝑜5
𝐺𝐴𝑅 = 𝐴𝑆𝐶3,𝑠𝑜𝑐𝑖𝑜

𝐺𝐴𝑅 + 𝛽𝑎𝑔𝑒20−29 ∙ 𝐴𝑔𝑒20−29 + 𝛽𝑎𝑔𝑒40−49 ∙ 𝐴𝑔𝑒40−49 + 𝛽𝑎𝑔𝑒50+

∙ 𝐴𝑔𝑒50+ + 𝛽𝑔𝑒𝑛𝑑𝑒𝑟 ∙ 𝑓𝑒𝑚𝑎𝑙𝑒 + 𝛽𝑒𝑚𝑝𝑙𝑜𝑦 ∙ 𝑢𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑑 + 𝛽𝑖𝑛𝑐𝑜𝑚𝑒

∙ (𝐼𝑛𝑐𝑜𝑚𝑒 > 50𝑘 𝑦𝑒𝑎𝑟⁄ ) + 𝛽𝑝𝑎𝑟𝑡𝑛𝑒𝑟 ∙ 𝑤𝑖𝑡ℎ 𝑝𝑎𝑟𝑡𝑛𝑒𝑟 + 𝛽𝑎𝑑𝑢𝑙𝑡

∙ 𝑤𝑖𝑡ℎ 𝑜𝑡ℎ𝑒𝑟 𝑎𝑑𝑢𝑙𝑡𝑠 + 𝛽𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛 ∙ 𝑤𝑖𝑡ℎ 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛 + 𝛽𝑙𝑖𝑣𝑒 ∙ 𝑜𝑢𝑡 𝐿𝑜𝑛𝑑𝑜𝑛
+ 𝛽𝑓𝑟𝑒𝑞 ∙ (𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 > 𝑡𝑤𝑖𝑐𝑒 𝑎 𝑚𝑜𝑛𝑡ℎ) + 𝛽𝑂𝑝𝑒𝑛𝑛𝑒𝑠𝑠 ∙ 𝑂𝑝𝑒𝑛𝑛𝑒𝑠𝑠

+ 𝛽𝐶𝑜𝑛𝑠𝑐𝑖𝑒𝑛𝑡𝑖𝑜𝑢𝑠𝑛𝑒𝑠𝑠 ∙ 𝐶𝑜𝑛𝑠𝑐𝑖𝑒𝑛𝑡𝑖𝑜𝑢𝑠𝑛𝑒𝑠 + 𝛽𝐸𝑥𝑡𝑟𝑎𝑣𝑒𝑟𝑠𝑖𝑜𝑛 ∙ 𝐸𝑥𝑡𝑟𝑎𝑣𝑒𝑟𝑠𝑖𝑜𝑛
+ 𝛽𝐴𝑔𝑟𝑒𝑒𝑎𝑏𝑙𝑒𝑛𝑒𝑠𝑠 ∙ 𝐴𝑔𝑟𝑒𝑒𝑎𝑏𝑙𝑒𝑛𝑒𝑠𝑠 + 𝛽𝑁𝑒𝑢𝑟𝑜𝑡𝑖𝑐𝑖𝑠𝑚 ∙ 𝑁𝑒𝑢𝑟𝑜𝑡𝑖𝑐𝑖𝑠𝑚 + 𝛽𝑤𝑘

∙ 𝑤𝑘𝐺𝐴𝑅 + 𝛽𝑝 ∙ 𝑝𝐺𝐴𝑅 + 𝜖𝐺𝐴𝑅 

(5.15) 

 

For the use on-demand option in Game 3, with two dimensions of uncertain attributes, we need the 

modelling techniques introduced in Section 3.3. We introduce first the linear and then the nonlinear 

utility forms, with the latter (but not the former) considering respondents’ risk preferences. 

Since we have multiple dimensions of uncertainty (two in our specific case study), a decision must be 

made about the level at which the utility function is transformed: we can either compute the expected 

value of each uncertain attribute independently of one another first, and then sum them (which we 
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henceforth refer to as the “attribute-level” approach), or we can compute the utility associated with 

each outcome first, and then compute the aggregate expected value (the “utility-level” approach). The 

differences of the two approaches is that: for attribute-level transformation, the respondents treat the 

outcomes of the two uncertain attributes as independent events (i.e. If there are two possible prices £1 

and £15 and two possible walking times 1 minute and 15 minute, the respondents think the price and 

walking time are independent). The respondents may have different risk preference for the two 

uncertain attributes. For the utility-level transformation, however, the respondents combine the 

uncertain attributes and treat the combinations of the uncertain attributes as an outcome (i.e. If there 

are two possible prices £1 and £15 and two possible walking times 1 minute and 15 minute, the 

possible outcomes are: price=£1, walking time=1min; price=£1, walking time=15min; price=£15, 

walking time=1min; price=£15, walking time=15min). A single respondent can have only one risk 

preference under utility-level transformation. These two approaches have been employed in earlier 

studies that have considered a single dimension of uncertainty, with Hu et al. (2012) and Hensher et 

al. (2011) as examples of the attribute-level approach and Liu and Polak (2014) as an example of the 

utility-level approach. We consider both forms of transformations and make a comparison in this 

study. To the best of the author’s knowledge, this is the first time that these two approaches have been 

tested alongside each other. 

These two ways of describing the utility are formalised in Eq. (5.16) and Eq. (5.17) (for our analysis 

containing two dimensions of uncertainty). The notation in the following equations is as presented in 

Chapter 3, and may be looked up in the Table of Notation (page 9): 

𝑈3,𝑎
𝑤𝑎𝑖𝑡 = 𝐴𝑆𝐶3,𝑎

𝑤𝑎𝑖𝑡 + 𝛽𝑤𝑘,𝑎 ∙ 𝔼 (𝑔(𝑤𝑘𝑜
𝑤𝑎𝑖𝑡)) + 𝛽𝑝,𝑎 ∙ 𝔼 (𝑔(𝑝𝑜

𝑤𝑎𝑖𝑡)) + 𝜖𝑤𝑎𝑖𝑡 (5.16) 

𝑈3,𝑢
𝑤𝑎𝑖𝑡 = 𝐴𝑆𝐶3,𝑢

𝑤𝑎𝑖𝑡 + 𝔼 (𝑔(𝑣𝑜
𝑤𝑎𝑖𝑡)) + 𝜖𝑤𝑎𝑖𝑡 

 

(5.17) 

where 𝑎 indicates the transformation is attribute-level, 𝑢 indicates the transformation is utility-level, 

and 𝑜 denotes a possible outcome of the uncertain attributes. 

In this study, we assume 𝑣𝑜
𝑤𝑎𝑖𝑡 is a linear function of 𝑤𝑘𝑜

𝑤𝑎𝑖𝑡 and 𝑝𝑜
𝑤𝑎𝑖𝑡 [Eq. (5.18)]: 

𝑣𝑜
𝑤𝑎𝑖𝑡 = 𝛽𝑤𝑘,𝑢 ∙ 𝑤𝑘𝑜

𝑤𝑎𝑖𝑡 + 𝛽𝑝,𝑢 ∙ 𝑝𝑜
𝑤𝑎𝑖𝑡 (5.18) 

 

If we assume 𝑔(∙) equals to the variable inside the bracket, which implies individuals are all risk 

neutral, we will get: 

𝑈3,𝑎
𝑤𝑎𝑖𝑡 = 𝑈3,𝑢

𝑤𝑎𝑖𝑡 = 𝐴𝑆𝐶3,𝑢
𝑤𝑎𝑖𝑡 + 𝛽𝑤𝑘 ∙ 𝔼(𝑤𝑘𝑜

𝑤𝑎𝑖𝑡) + 𝛽𝑝 ∙ 𝔼(𝑝𝑜
𝑤𝑎𝑖𝑡) + 𝜖𝑤𝑎𝑖𝑡 (5.19) 

 

To take users’ risk-taking attitudes into account, we introduce additional parameters and describe 𝑔(∙) 

in Eq. (5.16) and Eq. (5.17) as nonlinear functions. We introduce three nonlinear utility formulations 

in Section 3.3, while the attribute-level utility functions are Eq. (5.20)-Eq. (5.22): 

𝑈3,𝑎,𝐶𝐴𝑅𝐴
𝑤𝑎𝑖𝑡 = 𝐴𝑆𝐶3,𝑎,𝐶𝐴𝑅𝐴

𝑤𝑎𝑖𝑡 + 𝛽𝑤𝑘,𝑎 ∙ 𝔼 (
1 − 𝑒−𝛼𝑤𝑘∙𝑤𝑘𝑜

𝑤𝑎𝑖𝑡

𝛼𝑤𝑘
) + 𝛽𝑝,𝑎 ∙ 𝔼 (

1 − 𝑒−𝛼𝑝∙𝑝𝑜
𝑤𝑎𝑖𝑡

𝛼𝑝
)

+ 𝜖𝑤𝑎𝑖𝑡 

 

(5.20) 

𝑈3,𝑎,𝐶𝑅𝑅𝐴
𝑤𝑎𝑖𝑡 = 𝐴𝑆𝐶3,𝑎,𝐶𝑅𝑅𝐴

𝑤𝑎𝑖𝑡 + 𝛽𝑤𝑘,𝑎 ∙ 𝔼 (
(𝑤𝑘𝑜

𝑤𝑎𝑖𝑡)
1−𝑟𝑤𝑘

1 − 𝑟𝑤𝑘
) + 𝛽𝑝,𝑎 ∙ 𝔼 (

(𝑝𝑜
𝑤𝑎𝑖𝑡)

1−𝑟𝑝

1 − 𝑟𝑝
) + 𝜖𝑤𝑎𝑖𝑡 

 

(5.21) 
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𝑈3,𝑎,𝑞𝑢𝑎𝑑
𝑤𝑎𝑖𝑡 = 𝐴𝑆𝐶3,𝑎,𝑞𝑢𝑎𝑑

𝑤𝑎𝑖𝑡 + 𝛽𝑤𝑘,𝑎𝔼(𝑤𝑘𝑜
𝑤𝑎𝑖𝑡) − 𝑏𝑤𝑘,𝑎𝔼(𝑤𝑘𝑜

𝑤𝑎𝑖𝑡)
2

+ 𝛽𝑝,𝑎𝔼(𝑝𝑜
𝑤𝑎𝑖𝑡)

− 𝑏𝑝,𝑎𝔼(𝑝𝑜
𝑤𝑎𝑖𝑡)

2
+ 𝜖𝑤𝑎𝑖𝑡 

(5.22) 

 

Using Eq. (5.18) to describe 𝑣𝑜
𝑤𝑎𝑖𝑡, the utility-level functions of the four nonlinear utility formulations 

are [Eq. (5.23)-Eq. (5.25)]: 

𝑈3,𝑢,𝐶𝐴𝑅𝐴
𝑤𝑎𝑖𝑡 = 𝐴𝑆𝐶3,𝑢,𝐶𝐴𝑅𝐴

𝑤𝑎𝑖𝑡 − 𝔼 (
1 − 𝑒−𝛼(𝛽𝑤𝑘,𝑢∙𝑤𝑘𝑜

𝑤𝑎𝑖𝑡+𝛽𝑝,𝑢∙𝑝𝑜
𝑤𝑎𝑖𝑡)

𝛼
) + 𝜖𝑤𝑎𝑖𝑡 

 

(5.23) 

𝑈3,𝑢,𝐶𝑅𝑅𝐴
𝑤𝑎𝑖𝑡 = 𝐴𝑆𝐶3,𝑢,𝐶𝑅𝑅𝐴

𝑤𝑎𝑖𝑡 − 𝔼 (
(𝛽𝑤𝑘,𝑢 ∙ 𝑤𝑘𝑜

𝑤𝑎𝑖𝑡 + 𝛽𝑝,𝑢 ∙ 𝑝𝑜
𝑤𝑎𝑖𝑡)

1−𝑟

1 − 𝑟
) + 𝜖𝑤𝑎𝑖𝑡 

 

(5.24) 

𝑈3,𝑢,𝑞𝑢𝑎𝑑
𝑤𝑎𝑖𝑡 = 𝐴𝑆𝐶3,𝑢,𝑞𝑢𝑎𝑑

𝑤𝑎𝑖𝑡

− 𝔼 ((𝛽𝑤𝑘,𝑢 ∙ 𝑤𝑘𝑜
𝑤𝑎𝑖𝑡 + 𝛽𝑝,𝑢 ∙ 𝑝𝑜

𝑤𝑎𝑖𝑡) − 𝑏

∙ (𝛽𝑤𝑘,𝑢 ∙ 𝑤𝑘𝑜
𝑤𝑎𝑖𝑡 + 𝛽𝑝,𝑢 ∙ 𝑝𝑜

𝑤𝑎𝑖𝑡)
2

) + 𝜖𝑤𝑎𝑖𝑡 

 

(5.25) 

By comparing Eq. (5.20)-Eq. (5.22) and Eq. (5.23)-Eq. (5.25), it can be seen that the attribute- and 

utility-level functions are not identical; this holds for each of the CARA, CRRA, and quadratic forms. 

Even in the limiting case of a single dimension of uncertainty, the two approaches to transformation 

(attribute-level and utility-level) are not mathematically identical. 

5.2. Game 1: Existing FFCS vs other modes 

Table 5.1 presents the estimation results of the mode choice situations for the existing FFCS service in 

Game 1. The utility functions employed are presented in Section 5.1.1. Model #1-1 [based on Eq. 

(5.1)-Eq. (5.4)] shows that the design variables of the cost and various time components (walking 

time, waiting time and in-vehicle time) all have the expected sign and are highly statistically 

significant, whereas the panel-effect parameter is insignificant. Respondents are most averse to 

walking time, followed by waiting time and in-vehicle time, and the willingness to pay for reducing 

walking time (also known as value of time (VoT), computed by 
𝑑𝑈/𝑑𝑤𝑘

𝑑𝑈/𝑑𝑝
) is £28.80 ± £2.76 (95% 

confidence interval: £28.45 to £29.16) per hour. This value is higher than the value of walking time 

with the value suggested by Transport Analysis Guidance (TAG)5 value (£9.08 per hour). As the 

respondents in our SC survey live in London and are more likely to be employed, it is reasonable that 

their value of travel time is higher than the TAG value, which is an average of the entire UK 

population. 

  

 

 

5 The data is available in https://www.gov.uk/government/publications/tag-data-book 

https://www.gov.uk/government/publications/tag-data-book
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Table 5.1: Estimation of game 1 (existing services) 

Attribute 
Without socio-

demographics 

With socio-

demographics 

With socio-

demographics 

& Big Five 

traits 

  Model #1-1 Model #1-2 Model #1-3 

  Value 
p-

value 
Value 

p-

value 
Value 

p-

value 

Alternative 

specific 

constant 

Car 0.119 0.39 0.641 0.01 0.702 0.23 

Bus -0.0930 0.65 0.0934 0.67 0.0713 0.90 

App-based taxi -0.0556 0.77 0.217 0.33 0.319 0.59 

FFCS 0 (fixed)  0 (fixed)  
0 

(fixed) 
 

Panel Effect  0.0799 0.86 0.00905 0.99 0.00280 0.99 

Age 

20-29   *  -0.351 0.06 

30-39   0 (fixed)  
0 

(fixed) 
 

40-49   *  *  

50+   *  *  

Gender Female   *  *  

Employment 

status 
Unemployed   *  *  

Income 

1 for income 

higher than 

£50k/year 

  *  -0.232 0.13 

# of other 

members in 

the family 

1 if living with 

partner 
  *  *  

1 if living with 

adults other than 

partner 

  *  *  

1 if having 

children 
  -0.460 <0.01 -0.493 <0.01 

Home 

location 

1 if lives outer or 

Outside London 
  0.248 0.10 0.263 0.09 

Presence of 

at least one 

household 

vehicles 

1 for having at 

least one private 

vehicle 

  0.424 0.04 0.513 0.02 

Frequency 

of using 

FFCS 

1 for using FFCS 

more than twice a 

month 

  0.482 <0.01 0.499 <0.01 

Big Five 

traits 

Openness     0.191 0.02 

Agreeableness     -0.179 0.03 

Extraversion     0.202 0.01 

Conscientiousness     -0.136 0.13 

Neuroticism 

 
    *  
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Attribute  
Without socio-

demographics 

With socio-

demographics 

With socio-

demographics 

& Big Five 

traits 

  Model #1-1  Model #1-2 Model #1-3 

  Value 
p-

value 
Value 

p-

value 
Value 

p-

value 

Time 

(minutes) 

Walking time (for 

FFCS, car and 

bus) 

-0.168 <0.01 -0.171 <0.01 -0.173 <0.01 

Waiting time (for 

bus and app-based 

taxi) 

-0.135 <0.01 -0.136 <0.01 -0.137 <0.01 

In-vehicle time -0.102 <0.01 -0.103 <0.01 -0.105 <0.01 

Price GBP per journey -0.350 <0.01 -0.355 <0.01 -0.361 <0.01 

𝜌2  0.191 0.200 0.207 

Adjusted 𝜌2  0.186 0.192 0.195 

* All parameters with initial significance level p>0.15 have been removed prior to performing these 

runs. 

Model #1-2 [based on Eq. (5.9) and Eq. (5.2)-Eq.(5.4)] adds demographic effects, and Model #1-3 

also incorporates the Big Five personality traits. Effects with p>0.15 are excluded; the in-text 

discussion that follows is limited to effects significant at the usual p<0.05 level. We find that the 

presence of children in the household is negatively associated with FFCS usage, and vice versa for 

owning a household automobile (which may indicate unobserved propensity for automobile usage, 

whether FFCS or private car). Frequency of real-world FFCS usage is also strongly associated with 

choosing to use FFCS in Game 1 (as opposed to choosing the other mode options). 

In Model #1-3 [based on Eq. (5.10)and Eq. (5.2)-Eq. (5.4)], we find that respondents who score highly 

on Extraversion and Openness are more likely (ceteris paribus) to choose FFCS, whereas 

Agreeableness is associated with a lower likelihood of using FFCS. These findings regarding 

Openness and Extraversion align with our a priori expectations (see discussion in Section 4.3). The 

negative association between Agreeableness and FFCS usage, however, is not in line with our 

intuition, as we had expected a positive relationship [because Agreeableness has been previously 

found to be linked with concern for the environment, see Milfont and Sibley (2012) and Gifford and 

Nilsson (2014)]. 

To investigate this result further, we compared the proportion of choices to use FFCS (versus other 

modes) for respondents with high and low scores on the Agreeableness dimension (Table 5.2). We 

found that respondents with high Agreeableness are more likely to choose Bus than FFCS or app-

based taxi, and more likely to choose all of these than private car. The results in Table 5.2 are 

consistent with a possible interpretation that public transport is in general seen to be most 

environmentally friendly, and private car use the least (with FFCS and app-based taxis lying between 

these two extremes). 
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Table 5.2: Percentage of respondents choosing FFCS for each choice situation 

 % of respondents choosing FFCS 

Choice situation Agreeableness<=3 Agreeableness>3 

FFCS and private car 57% 68% 

FFCS and bus 74% 61% 

FFCS and app-based taxi 74% 72% 
 

5.3. Game 2: Existing FFCS vs VQ vs other modes 

Table 5.3 presents the estimation results of the mode choice situations for VQ service in Game 2. The 

results without the impact of socio-demographic features and Big Five personality traits [Model #2-1, 

based on Eq. (5.5)-Eq. (5.8)] suggest that respondents are, on average, not willing to pay for VQ, with 

a negative calculated WTP of £0.76 (-0.281 / 0.368 = -£0.76 (±£0.25), 95% confidence interval 

[£0.73,£0.79]). Time spent during VQ (value of time £23.32 ± £4.47 per hour, with 95% confidence 

interval being [22.74,23.90]) was found to be more burdensome than time waiting for bus or app-

based taxi (value of time £20.05 ± £4.21 per hour). One possibility for this distaste for waiting for a 

FFCS vehicle is that customers are accustomed to waiting a short period of time for buses and app-

based taxi services, whereas FFCS vehicles are currently available without waiting. 
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Table 5.3: Estimation of game 2 (VQ) 

Attribute 
Without socio-

demographics 

With socio-

demographics 

With socio-

demographics 

& Big Five 

traits 

  Model #2-1 Model #2-2 Model #2-3 

  Value 
p-

value  

Value p-value 

Alternative 

specific 

constant 

Car 0.518 <0.01 

All socio-

demographic 

features are not 

significant 

0.514 <0.01 

Bus -0.326 0.10 -0.329 0.10 

App-based taxi -0.380 0.08 -0.372 0.09 

Virtual Queueing -0.281 <0.01 -0.101 0.67 

FFCS 0 (fixed)  
0 

(fixed) 
 

Panel effect Virtual Queueing 0.559 <0.01 0.508 <0.01 

Age 

20-29   *  

30-39     

40-49   *  

50+   *  

Gender Female   *  

Employment 

status 
Unemployed   *  

Income 

1 for income 

higher than 

£50k/year 

  *  

# of other 

members in 

the family 

Living with 

partner 
  *  

Living with adults 

other than partner 
  *  

Having kids   *  

Home 

location 

Outer or outside 

London 
  *  

Presence of 

at least one 

household 

vehicles 

1 for having at 

least one private 

vehicle 

  *  

Frequency 

of using 

FFCS 

1 for using FFCS 

more than twice a 

month 

  *  

Big Five 

traits 

Openness   *  

Agreeableness   -0.243 0.01 

Extraversion   0.142 0.09 

Conscientiousness   *  

Neuroticism 

 

 

  *  
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Attribute  
Without socio-

demographics 

With socio-

demographics 

With socio-

demographics 

& Big Five 

traits 

  Model #2-1 Model #2-2 Model #2-3 

  Value 
p-

value 

 

Value p-value 

Time 

(minutes) 

Walking time (for 

FFCS, car and 

bus) 

-0.179 <0.01 

All socio-

demographic 

features are not 

significant 

-0.179 <0.01 

Waiting time (for 

bus and app-based 

taxi) 

-0.123 <0.01 -0.123 <0.01 

Waiting time (for 

FFCS) 
-0.143 <0.01 -0.141 <0.01 

In-vehicle time -0.117 <0.01 -0.117 <0.01 

Price GBP per journey -0.368 <0.01 -0.367 <0.01 

𝜌2  0.208 0.212 

Adjusted 𝜌2  0.202 0.204 

 

Mishra et al. (2015) report that gender, income, the presence of children, and frequency of using 

public transport and active commute modes affect respondents’ attitudes towards waiting for public 

transport. In Model #2-2 [based on Eq. (5.11) and Eq. (5.6)-Eq. (5.8)], we find no significant (or close 

to significant) relationships between socio-demographic features and propensity to use VQ in a FFCS 

system. Model #2-3 [based on Eq. (5.12) and Eq. (5.6)-Eq. (5.8)], however, shows significant 

associations with two of the Big Five personality traits: Extraversion is positively linked with using 

VQ, and vice versa for Agreeableness. Comparing with our expectations in Section 4.3, the positive 

relationship between Extraversion and the preference for VQ is as we expected, but the negative 

relationship between Agreeableness and the preference for VQ is not as we expected. A possible 

interpretation with respect to Agreeableness is that people characterisable as ‘trusting’ (A factor that 

defines Agreeableness, see Table 4.3) may be less inclined to choose the VQ mechanism to manage 

their access to the FFCS service, and instead gamble that the uncontrollable spatial distribution of 

vehicles may happen to result in a vehicle being available when and where they desire. 

5.4. Game 3: GAR vs on-demand usage 

5.4.1. Riskless choice behaviour 

Table 5.4 presents results where respondents choose between the current spontaneous-usage FFCS 

service model and the prospective GAR model. The models presented in this section do not account 

for risky choice behaviour. 

Model #3-1 [based on Eq. (5.13) and Eq. (5.19)] shows that users are willing to pay approximately 

£0.54 ± £0.12 (with 95% confidence interval of [0.52,0.56]) per journey for the GAR option. This 

result should be viewed as applying solely within the context of this survey, in which respondents 

were presented with an activity of visiting friends. Further research will be required to establish how 

this value may vary across different journey purposes with different scheduling requirements (e.g. 

users would be expected to have higher WTP for activity types where on-time arrival is particularly 

important). 
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The only Big Five characteristic that correlates with the choice of using GAR is Conscientiousness, 

with the high scoring respondents being more likely to book in-advance. This is intuitive and as we 

expected, as McCrae and John (1990) demonstrates that Conscientiousness is associated with advance 

planning (described as ‘planful’) and being ‘organised’ (see listing in Section 4.3). 

Model #3-2 [based on Eq. (5.14) and Eq. (5.19)] and Model #3-3 [based on Eq. (5.15) and Eq. (5.19)] 

suggests that age has a significant influence: Respondents in their 30s are more likely than other age 

groups (both younger and older) to choose the GAR option. One possible explanation is that 

respondents in their 30s have less flexibility in both time and income. Frequent FFCS usage is also 

found to associate negatively with choosing to book in-advance; one possibility is that frequent FFCS 

users have unobserved personal characteristics that render them less sensitive to service availability, 

and a second is that heavy FFCS users may have developed mechanisms to manage service volatility 

and hence see less of a need to pay a premium for GAR. 
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Table 5.4: Estimation of game 3 (GAR) 

Attribute 
Without socio-

demographics 

With socio-

demographics 

With socio-

demographics and 

Big Five traits 

  Model #3-1 Model #3-2 Model #3-3 

  Value 
p-

value 
Value 

p-

value 
Value 

p-

value 

Alternative 

specific 

constant 

GAR 0.310 <0.01 0.446 <0.01 0.0292 0.92 

Use on-demand 0 (fixed)  0 (fixed)  0 (fixed)  

Panel effect Book in-advance -1.43 <0.01 1.39 <0.01 1.36 <0.01 

Age 

20-29   -0.586 0.05 -0.733 0.02 

30-39   0 (fixed)  0 (fixed)  

40-49   -0.421 0.14 -0.562 0.05 

50+   *  -0.638 0.12 

Gender Female   *  *  

Employment 

status 
Unemployed   *  *  

Income 

1 for income 

higher than 

£50k/year 

  *  *  

# of other 

members in 

the family 

Living with 

partner 
  *  *  

Living with adults 

other than partner 
  0.424 0.08 0.473 0.05 

Having kids   *  *  

Home 

location 

Outer or outside 

London 
  *  *  

Presence of 

at least one 

household 

vehicles 

1 for having at 

least one private 

vehicle 

  *  *  

Frequency 

of using 

FFCS 

1 for using FFCS 

more than twice a 

month 

  -0.445 0.06 -0.459 0.05 

Big Five 

traits 

Openness     *  

Agreeableness     *  

Extraversion     *  

Conscientiousness     0.240 0.08 

Neuroticism     *  

Time 

(minutes) 
Walking time -0.252 <0.01 -0.252 <0.01 -0.252 <0.01 

Price GBP per journey -0.577 <0.01 -0.577 <0.01 -0.577 <0.01 

𝜌2  0.215 0.221 0.222 

Adjusted 𝜌2  0.211 0.211 0.212 
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5.4.2. Risky-choice behaviour 

In this section, we present the results of the choice models that account for risky choice behaviour. 

The modelling results of this section are based on the specific attribute values for the triangular 

distributions of walking time and price that we employed in this survey (see Table 4.2). There is 

therefore a risk that the results are idiosyncratic to the small number of specific attribute values that 

we presented to respondents. Further evidence from additional empirical data collection efforts, 

ideally utilising both other types of statistical distributions as well as triangular distributions with 

different parameters, will be required to determine whether our findings on this point are due to the 

specific survey-design choices we made. 

Table 5.5 [based on Eq. (5.13) and Eq. (5.20)-Eq. (5.22)] presents the results of the three formulations 

where the uncertain attributes are transformed at the attribute level. Comparing with the results 

without considering users’ attitudes towards risk that were presented in Section 5.4.1, introducing 

attitudes towards risk increases overall goodness-of-fit (as measured by adjusted 𝜌2, which penalises 

the addition of parameters that add little explanatory power). The goodness-of-fit of the three non-

linear utility formulations are similar; the quadratic approach performs marginally better than CARA 

and CRRA. The ASCs in all three models in Table 5.5 are significant and positive, which is consistent 

with the results of the linear utility function from Section 5.4.1. 

Table 5.5: Estimation of game 3 (attribute level) 

Attribute CARA CRRA Quadratic utility 

  Model #3-4 Model #3-5 Model #3-6 

  Value 

 

p-

value 

Value p-

value 

Value p-

value 

Alternative 

specific 

constant 

 

GAR 0.553 <0.01 0.623 <0.01 0.505 <0.01 

Use on-

demand 

0 (fixed)  0 (fixed)  0 (fixed)  

Panel effect Book in-

advance 

 

-1.50 <0.01 -1.51 <0.01 -1.51 <0.01 

𝛽𝑤𝑘,𝑎  -0.0843 0.14 -0.0306 0.45 0.0374 0.82 

𝛽𝑝,𝑎  -6.47 0.02 -23.8 0.05 -2.25 <0.01 

𝛼𝑤𝑘  -0.133 0.16     

𝛼𝑝  0.355 <0.01     

𝑟𝑤𝑘    -1.06 0.12   

𝑟𝑝    1.96 <0.01   

𝑏𝑤𝑘,𝑎      0.0170 0.18 

𝑏𝑝,𝑎      -0.115 <0.01 

𝜌2  0.233 0.233 0.235 

Adjusted 𝜌2  0.226 0.227 0.228 

 

In order to understand the results for the two dimensions of uncertainty, we plot the nonlinear utility 

for price and walking time in Figure 5.1. For all three models in Table 5.5, the utility for price curves 

are convex while the utility for walking curves are concave (the three walking time curves are very 

close to each other). In particular, the curvature for price is much greater than for walking time, and in 

all three models the parameters for walking time are not very significant. These results suggest a 

strong and significant risk-seeking for price and slight and less significant risk-aversion for walking 

time. 
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There are two things to note for the results: One thing to notice is that there is an increase for 

quadratic (price) curve after around £10 pounds, which is infeasible. This is caused by the nature of 

convex parabolas, as a convex parabola increases after it reaches its minimum point. It suggests that 

quadratic transformation may not be a proper approach to model users’ risk preference. The other 

thing is that the risk preference is solely for the activity purpose of visiting friends. Similar to the 

discussion in Section 5.4.1, further research will be required to identify how users’ risk preference 

may vary across different journey purposes with different scheduling requirements (e.g. Users are 

more risk averse to walking time when the scheduling requirement is tight). 

 

Figure 5.1 Nonlinear price and walking time curves, for attribute-level form 

The strong risk-seeking for price and weak risk-averse behaviour for walking time is different from 

our expectation, since we assume positive willingness-to-pay for GAR implies risk-aversion. One 

possible explanation is that the price of FFCS journeys is regarded as a ‘loss’ from a user’s 

perspective; risk-seeking in price would therefore be consistent with typical empirical observations; 

for instance, Kahneman and Tversky (1979) observe that “risk-seeking in choices between negative 

prospects was noted as early as Markowitz (1952)”. 

A second possible explanation is that respondents choose GAR for other features of the service aside 

from a guaranteed price and walking time, such as guaranteed access to the vehicle when desired. We 

investigated this hypothesis using the utility-level nonlinear formulations in which a single risk-

seeking/aversion parameter is estimated. Results are presented in Table 5.6 [based on Eq. (5.13) and 

Eq. (5.23)-Eq. (5.25)]. As with the attribute-level results, the quadratic utility model has the best 

goodness-of-fit. The risk preference parameters are significant in all three models. 
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Table 5.6: Estimation of game 3 (utility level) 

Attribute CARA CRRA Quadratic utility 

  Model #3-7 Model #3-8 Model #3-9 

 
 Value 

 

p-

value 

Value p-

value 

Value p-

value 

Alternative 

specific 

constant 

 

GAR 0.501 <0.01 0.335 <0.01 0.535 <0.01 

Use on-

demand 
0 (fixed)  0 (fixed)  0 (fixed)  

Panel effect Book in-

advance 

 

-1.51 <0.01 -1.44 <0.01 -1.51 <0.01 

𝛽𝑤𝑘,𝑢  2.67 0.01 0.420 <0.01 0.820 <0.01 

𝛽𝑝,𝑢  6.96 0.01 0.954 <0.01 2.36 <0.01 

𝛼  0.0398 <0.01     

𝑟    0.226 0.02   

𝑏      0.0173 <0.01 

𝜌2  0.236 0.217 0.238 

Adjusted 𝜌2  0.230 0.212 0.233 

 

Figure 5.2 shows the shape of the utility-level nonlinear transformations (using the results shown in 

Table 5.6). The convexity of each of the three curves indicates that all three model forms find risk-

seeking behaviour with respect to the (combined) two dimensions of uncertainty (in all three cases 

alongside the positive alternative specific constants for GAR reported in Table 5.6). The result that 

respondents are risk-seeking to the combined utility components of time and cost tends to support the 

possible interpretation that preference for GAR could be due, at least in part, to other aspects of GAR 

than the a priori lock-in of walking time and cost. 

 

Figure 5.2 Nonlinear utility curves, for utility-level form 

We tried to employ a latent class choice model to identify if there are latent classes with statistically 

significant risk preference heterogeneities in the SC data. We also tried to segment our SC data 

randomly to two parts, run the two parts separately in Biogeme, and test whether there is 

heterogeneity in users risk preferences. We, however, did not identify statistically significant 
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heterogeneities in our SC survey data by the two approaches. We therefore stopped identifying 

variance in risk preference by more complex models like mixed multinomial logit model, but it is very 

likely that the heterogeneity exists within the entire FFCS user population. An expansion of the 

sample size is required to identify this heterogeneity. 

For the attribute-level utility results, the nonlinear transformation of walking time and price makes the 

value of time (VoT) vary at different attribute values. Table 5.7 shows the VoT of each choice 

situation based on the distribution of walking time and price of each choice situation. Since the 

calculations of VoT take into account the full extents of their distributions, the shape of the nonlinear 

price and walking time curves influence the computed VoT values. For example, Choice situation #6 

has large calculated VoT values for CARA (£ 51.96/hour) and CRRA (£37.12/hour), and a small 

value for the Quadratic form (£3.31/hour). The reason is that Choice situation #6 has the widest 

possible distributions of walking time and price distributions (wider than the other five choice 

situations). For CARA and CRRA, the curves for price become quite flat near the £15/journey upper 

bound, whereas for the Quadratic form the curve for price has a positive slope (see Figure 5.1). 

The average VoTs of all six choice situations are compared with the VoT computed from the linear 

utility function. The VoT computed from the linear utility function is £26.20 per hour 

(0.252/0.577*60=26.20 (±3.37), with a 95% confidence interval of [25.77, 26.63]), see Section 5.4.1) 

at all combinations of time and cost values, which is nearer to the mean VoT estimates of CARA 

(£27.97) and CRRA (£22.92) than the comparable result for the quadratic form (£10.56). The VoTs of 

the three utility-level transformations (£23.02, £26.41, and £20.84) are all close to the £26.02 obtained 

from the linear utility function.
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Table 5.7: Calculated value of time for use of the on-demand alternative, based on attribute values presented in each choice situation 

Choice 

situation 

Walking time (minutes) Price (£) CARA (£ per 

hour) 

CRRA (£ per 

hour) 

Quadratic utility 

(£ per hour) 

Linear (£ per 

hour) 

 Lower 

bound 

 

Most 

likely 

value 

Upper 

bound 

Lower 

bound 

Most 

likely 

value 

Upper 

bound 

    

1 1 5 10 1 8 10 19.08 18.50 12.18  

2 1 8 12 1 3 15 37.93 27.77 10.19  

3 1 5 10 1 5 12 19.27 17.37 13.03  

4 1 3 15 1 8 10 23.13 22.28 14.93  

5 1 3 12 1 3 12 16.45 14.48 9.73  

6 1 8 15 1 5 15 51.96 37.12 3.31  

Mean   27.97 22.92 10.56 

26.20 

(±3.37), 95% 

confidence 

interval: [25.77, 

26.63] 

Utility-

level 

results 

  23.02 

(±12.72), 95% 

confidence 

interval: [21.38, 

24.66] 

26.41 

(±2.68), 95% 

confidence 

interval: [26.07, 

26.75] 

20.84 

(±4.22), 95% 

confidence 

interval: [20.30, 

21.38] 

 

Note: Calculating standard error values for value of time in the presence of quotients where parameters are assumed to be independently normally distributed are divided by one another yields 

implausibly large estimates; we therefore do not report them here. This issue is addressed in depth in Hess et al. (2005).
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5.5. Summary 

We investigated FFCS users’ spatial-temporal flexibility and price sensitivity as well as users’ 

response to guaranteed advance reservation (GAR) using stated choice survey data. The general user 

behaviour under different levels of spatial and temporal flexibility as well as the preference for GAR, 

and the influence of socio-demographic features and the Big Five personality traits on user behaviour 

are modelled using discrete choice models. 

Respondents exhibit aversion to the waiting time in the FFCS service, and this aversion is more than 

for buses and app-based taxis. They also exhibit negative willingness-to-pay for a virtual queuing 

service, which allows them to book a vehicle that is currently in use by others. They exhibit positive 

willingness to pay (£0.54 per journey) for GAR, however we studied the context of a social activity 

purpose (“visiting a friend”), and further research will be needed to establish how these empirical 

results vary across different activity purposes with different scheduling requirements. 

We also found that socio-demographics and Big Five personality characteristics both correlate in 

intuitive ways with FFCS usage and with opting to use these two prospective service attributes 

relating to fleet availability. The existing FFCS without GAR is more attractive to frequent users who 

exhibit higher ‘Extraversion’ and ‘Openness’ in Big Five personality traits, with the GAR service 

being more attractive to low frequency users and those scoring highly on ‘Conscientiousness’. This 

suggests that the carsharing operators can make their service more diverse to better serve individual 

market segments with distinctive characteristics. 

We employed three nonlinear utility models to identify users’ risk preferences toward the 

‘guaranteed’ attributes of GAR versus the uncertain attributes of spontaneous usage. The attribute-

level functions, which identify users’ distinct risk preferences toward each of walking time and cost 

separately suggest risk-seeking with respect to price and insignificant risk-aversion with respect to 

walking time. The utility-level results, in which a single parameter is estimated for respondents’ 

overall risk preference, suggest risk-seeking. This result that respondents are risk-seeking to the 

combined utility components of time and cost suggests that the positive WTP for GAR may not be 

attributable to the guaranteed price and vehicle location but to other attributes, such as the guarantee 

of vehicle access when desired. Further investigation would be needed to discriminate between these 

hypotheses, as well as to establish whether our finding of risk-seeking with respect to travel cost 

alongside risk-aversion with respect to walking time is robust across other contexts. 
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6. Impact of Consumers’ risk preference on FFCS Carsharing Usage 

and Operator Revenue 

We analysed users’ spatial-temporal flexibility and preference to guaranteed advance reservation in 

Chapter 5. In this chapter we examine how these behaviour characteristics influence the usage of 

carsharing and operators’ revenue. To be more specific, our aims are: 

(1) Develop a choice-based optimisation framework considering FFCS users’ choice behaviour 

under uncertainty; 

(2) Analyse the impact of risk preference (walking time and price) on the usage of the carsharing 

service and the operator’s revenue; 

(3) Quantify the impact of a mismatch between the operator’s inferred user behaviour and the 

actual user behaviour; 

(4) Evaluate the impact of different FFCS operator’s operational strategies (maximising producer 

surplus vs maximising producer + consumer surplus) 

(5) Demonstrate the choice-based optimisation framework is applicable to different users’ risk 

attitudes and user demand patterns. 

All optimisation models in this chapter were run in an i7 processor @3.60 GHz, 8.00 GB RAM 

computer with a Windows 10 64-bit system. The MILP models were solved by CPLEX version 

12.8.0. We limit our computations to a small-scale case study system (three zones, 30 vehicles) 

because (1) small-scale system enables us to have a detailed investigation on the influence of risky-

choice models, and (2) optimisation on a larger-scale system may require a large computational time. 

The current optimisation ensures that, for all simulations, the price charged for a service with the 

same origin, destination, request/reservation time and leaving time is the same for all users. This 

constraint can be addressed by Lagrangian relaxation, which is discussed in Paneque et al. (2018). 

That study is in the context of urban parking, however, and the users’ choice behaviour in the 

numerical example is much simpler than in this study. More investigation is needed as to whether 

Lagrangian relaxation can decrease the computational time in the context of FFCS. Since our main 

objective is to identify the influence of users’ risk preference on the usage of carsharing and on 

operators’ revenue, and developing an algorithm for a real-world FFCS system with a reasonable 

computational time (which include spatially zone clustering or temporally time step clustering to 

reduce the size of the optimisation, see Section 6.2.1 for more detailed discussion) is a downstream 

objective, we leave the details of heuristic algorithm-design for larger-scale systems as a problem for 

future research. 

We assume that the vehicle supply is always greater than the customer demand in the numerical study, 

which is different from studies discussed in Section 2.4 that focus on fleet operational management. 

The reason for making this assumption is that, in today’s FFCS market, the number of users is 

relatively small compared to the fleet size. As demonstrated by Kim et al. (2017b), the vehicle 

availability issue is very essential for potential carsharing users subscribing to the service. This is also 

the strategy for current FFCS operators to attract subscribers. This assumption, however, is only valid 

for an immature FFCS market where the number of subscribers is small and the operators need to 

expand their business (and it is still practical to keep a relatively larger fleet). Once the market is 

mature, it will be very expensive and impractical to keep a fleet that is large enough relative to the 

number of users to satisfy all users’ needs; at that point the operational management becomes much 

more essential. Additionally, here, our major concern is the impact of users’ risk preference on 

carsharing operators’ pricing decisions, not how the operators’ decision is affected by the fleet 

logistics. We hence leave the problem of fleet management by dynamic pricing to future work (which 

would require an updated SC survey with vehicle availability uncertainty and a real-world sized FFCS 

system example). 
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The introduction of the FFCS system where our choice-based optimisation framework is tested is 

presented in Section 6.1. Section 6.2 introduces the choice-based optimisation framework and ways of 

linearising the nonlinear optimisation. Section 6.3 presents the numerical results of our choice-based 

optimisation framework based on a small-scale FFCS system. The discrete choice models of the 

choice-based optimisation framework are sources from the modelling results described in Chapter 5. 

We compare the influence of users’ risk preferences on the carsharing usage and FFCS operator’s 

revenue, then perform sensitivity tests in respect to (1) the mismatch of the operator inferred and the 

actual user behaviour, (2) operators’ strategies (maximise the profit, maximise the social welfare, 

etc.), (3) risk attitudes (risk-averse vs risk-seeking) and (4) demand patterns in this section. Section 

6.4 summarises this chapter. 

6.1. System overview 

We divide the business area of a FFCS system into zones, and discretise the continuous time into time 

steps. At every time step, a series of users make their requests/reservations. They can either request a 

vehicle for a journey that will happen immediately (spontaneous usage request, spon.), or reserve a 

vehicle for a journey that will start several time steps later (advance reservation usage requests, adv.). 

To clarify the two different services, throughout this chapter, we use ‘request’ for spontaneous usage, 

and ‘reservation’ for advance reservation. Users need to provide their intended pick-up/drop-off 

location and intended leaving time (we do not consider users making stops in the middle of their 

carsharing journeys, so it is not necessary to provide the intended drop-off time). We use a 𝑢 =

(𝑧𝑝
𝑢 → 𝑧𝑑

𝑢, 𝑡𝑟
𝑢, 𝑡𝑙

𝑢) tuple to denote the users, where 𝑧𝑝
𝑢 and 𝑧𝑑

𝑢 are the user’s intended pick-up and drop-

off zones, respectively, 𝑡𝑟
𝑢 is the user’s time of making the service request/reservation, and 𝑡𝑙

𝑢 is the 

user’s intended leaving time (a Table of Notation is presented on Page 9). We assume the operator 

asks users their final destination at time 𝑡𝑟
𝑢. Although this is not common to ask users’ final 

destination nowadays, it is not infeasible because other modes of shared mobility, such as ridehailing, 

requires users to indicate the final destination at the time of making service requests/reservations. In 

this study, we assume that if 𝑡𝑙
𝑢 = 𝑡𝑟

𝑢 + 1, the user is making a spontaneous service request, and if 

𝑡𝑙
𝑢 > 𝑡𝑟

𝑢 + 1, the user is making an advance reservation. For example, if a user wants to go from Zone 

A to B at time step 2, and this request is made at time step 1, the user is denoted as (𝐴 → 𝐵, 𝑡𝑟 =

1, 𝑡𝑙 = 2)𝑢, and this user’s service request is spontaneous (2=1+1). If a user is denoted as 

(𝐵 → 𝐴, 𝑡𝑟 = 1, 𝑡𝑙 = 3)𝑢, which means the user wants to drive from Zone B to Zone A at time step 3, 

and the reservation is made at time step 1, this service request is an advance reservation (3>1+1). 

The decision process for different types of users are different. For a user making spontaneous usage 

request, he/she compares the various attributes (price, walking time, waiting time, etc.) of carsharing 

services and other modes and makes a selection. For users making advance reservations, there are two 

decision processes: in the first, the user makes a decision as to whether to reserve in-advance or wait 

and use carsharing on demand. If the user decides to reserve in-advance (GAR), the operator 

guarantees that there will be a vehicle available for the user at the time of his/her leaving time, and the 

user is charged the price posted by the operator. Otherwise, the user closes the carsharing app and 

checks it again one time step before leaving. The operator puts this user on the waiting list and treats 

this user in the same way as other spontaneous usage users at this time step (adv. → spon. for this 

type of users). The decision process of users is presented in Figure 6.1 (a). The operator receives new 

service requests/reservations, predicts future requests, optimises the price for service tuples and 

updates the vehicle distribution at each zone according to users’ decisions [see Figure 6.1 (b)]. 

Once requests/reservations have been received, the operator needs to post all the available services, 

and the prices associated with them, to each user. Similarly, we use 𝑠 = (𝑧𝑝
𝑠 → 𝑧𝑑

𝑠 , 𝑡𝑐
𝑠, 𝑡𝑙

𝑠) to denote a 

particular service, where 𝑧𝑝
𝑠 and 𝑧𝑑

𝑠  are the pick-up/drop-off location that is required by the carsharing 

operator, 𝑡𝑐
𝑠 is the time at which the users are being charged for the service, and 𝑡𝑙

𝑠 is the time at which 
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the operator requires users to pick up vehicles. For example, if the operator assigns a service to a user 

which requires the user to drive from Zone C to A at time step 3, and this price is charged at time step 

1, the service is (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠. In this study, we assume that the price is always charged at 

the time of reservation (𝑡𝑐
𝑠 = 𝑡𝑟

𝑢). This assumption means that users are offered a guaranteed price at 

the time of reservation and the operator takes the risk caused by the volatile vehicle supply and 

customer demand. This strategy is taken by industries such as airlines and hotels. It is also possible, 

however, that an operator will only guarantee access to a vehicle and only provide advance-

reservation users with an estimation of the price, with the true value of the price is revealed and 

charged when the trip is finished. An example of such a pricing strategy is ridehailing services. Future 

research is needed to compare which pricing strategy (pre-committed or not) is more suitable for an 

FFCS system. 

 

(a) 

 

(b) 

Figure 6.1 Decision process. 

Panel (a): for users and (b) for the operator 

There are two uncertainties in the decision process for FFCS operators: (1) the future demands, (2) the 

choice of users (since there is an unobservable part in the utility functions). The second uncertainty 
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makes the optimisation problem nonlinear and nonconvex. The approaches to address this problem 

are discussed in more detail in Section 6.2.1. The first uncertainty can be addressed by demand 

prediction (see examples like Müller and Bogenberger (2015) and Caulfield et al. (2017)) based on 

historical demand data, time of day and other exogenous factors (weather, holiday, etc.). In this study, 

since demand prediction is not our primary focus, and we want to avoid the influence of this 

uncertainty and focus only on the influence of users’ risk preference, we fix the demand (both existing 

and forecasted) to be the same for all behaviour models. We also fix the error terms to be the same for 

all behaviour models, which will be discussed in more detail in Section 6.3.2. 

6.2. Modelling Framework 

In this section, we introduce the modelling framework in this study. We introduce the nonlinear 

choice-based optimisation framework (Model 1), its linearisation process (Model 2), and the 

stochastic optimisation approximation considering future demands (Model 3) in Section 6.2.1. The 

linearisation of nonlinear risky-choice utility functions is introduced in Section 6.2.2. We also discuss 

in this chapter the drawbacks of the linearisation approaches (increasing the number of decision 

variables and constraints). 

6.2.1. General framework 

The objective of our optimisation is to maximise the expected revenue of the FFCS operator from all 

requests from the current time 𝑡 until the end of the planning horizon 𝑇 [Eq. (6.1)]. As the operator 

does not know future demand for sure, decision variables that are associated with users who make 

their service requests/reservations at the current time 𝑡 (𝑡𝑟
𝑢 = 𝑡) are ‘here and now’ decision variables, 

whereas decision variables that are associated with 𝑡𝑟
𝑢 > 𝑡 service requests/reservations are ‘wait and 

see’ decision variables. The general optimisation framework is shown as Model 1: 

Model 1: Nonlinear 

Input parameters: 

 𝑇: the end of planning horizon; 

 𝒖𝝉: set of users whose service reservation/request time 𝑡𝑟
𝑢 is 𝜏; 

𝒞𝑢: choice set of user 𝑢; 

𝑪𝒕 = (𝐶1,𝑡, 𝐶2,𝑡, … , 𝐶𝑧,𝑡 , … , 𝐶𝑍,𝑡): the vector of vehicle stock at each zone at time step 𝑡; 

𝑡𝑝𝑑
𝑠 : the travel time between 𝑧𝑝

𝑠 and 𝑧𝑑
𝑠; 

𝑝𝑚𝑖𝑛
𝑠 : the lower bound of price for service 𝑠; 

𝑝𝑚𝑎𝑥
𝑠 : the upper bound of price for service 𝑠; 

Decision variables: 

𝑝𝑠: the price associated with service 𝑠; 

Pr𝑢
𝑠 : the probability of user 𝑢 choosing service 𝑠; 

𝑉𝑢
𝑠: the observable part of the utility of user 𝑢 choosing service 𝑠; 

𝒘𝝉 = {𝑤𝑢
𝑠|𝑢 ∈ 𝒖𝒕, 𝑠 ∈ 𝒞𝑢}: the set that indicates decisions made by 𝑢 ∈ 𝒖𝝉. 𝑤𝑢

𝑠 = 1 if user 𝑢 

selects service 𝑠 and 0 otherwise. For example, If 𝒖𝒕 = {𝑢1,𝑡, 𝑢2,𝑡}, 𝒔 =
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{𝑐𝑎𝑟𝑠ℎ𝑎𝑟𝑖𝑛𝑔, 𝑜𝑡ℎ𝑒𝑟 𝑚𝑜𝑑𝑒𝑠}, user 𝑢1,𝑡 selects carsharing, and user 𝑢2,𝑡 selects another mode, 

𝒘𝒕 = {𝑤𝑢1,𝑡

𝑐𝑎𝑟𝑠ℎ𝑎𝑟𝑖𝑛𝑔
= 1, 𝑤𝑢2,𝑡

𝑐𝑎𝑟𝑠ℎ𝑎𝑟𝑖𝑛𝑔
= 0}; 

𝑪𝝉+𝟏
′ = (𝐶1,𝜏+1

′ , 𝐶2,𝜏+1
′ , … , 𝐶𝑧,𝜏+1

′ , … , 𝐶𝑍,𝜏+1
′ ): the vector of vehicle stock at Zone 𝑧 at time 𝜏 +

1 immediately after the vehicle pick up (and the returning vehicles have not arrived at Zone 𝑧 

yet); 

𝑪𝝉+𝟏 = (𝐶1,𝜏+1, 𝐶2,𝜏+1, … , 𝐶𝑧,𝜏+1, … , 𝐶𝑍,𝜏+1): the vector of vehicle stock after the returning 

vehicles have arrived at Zone 𝑧 at time 𝜏 + 1. 

max 𝑅𝐸𝑉 = ∑ ∑ ∑ 𝑝𝑠Pr𝑢
𝑠

𝑠∈𝒞𝑢𝑢∈𝒖𝝉

𝑇

𝜏=𝑡

 

(6.1) 

s.t. 

𝑉𝑢
𝑠 = 𝑓(𝑝𝑠) 

 

 

(6.2) 

Pr𝑢
𝑠 =

exp(𝑉𝑢
𝑠)

∑ exp(𝑉𝑢
𝑠)𝑠

 
(6.3) 

𝑤𝑢
𝑠 = {

1, if 𝑈𝑢
𝑠 = 𝑈𝑢

0, otherwise
 

 

(6.4) 

∑ 𝑤𝑢
𝑠

𝑠∈𝒞𝑢

= 1 
(6.5) 

∑ ∑ 𝑤𝑢
𝑠

𝑠∈𝒞𝑢𝑢∈𝒖𝝉

+ 𝐶𝑧,𝜏+1
′ − 𝐶𝑧,𝜏 = 0, ∀𝑡𝑐

𝑠 = 𝜏, 𝑧𝑝
𝑠 = 𝑧, 𝑡 ≤ 𝜏 ≤ 𝑇 − 1 

(6.6) 

− ∑ ∑ ∑ 𝑤𝑢
𝑠

𝑠∈𝒞𝑢𝑢∈𝒖𝝉′

𝜏

𝜏′=𝑡

+ 𝐶𝑧,𝜏+1 − 𝐶𝑧,𝜏+1
′ = 0, ∀𝑡𝑙

𝑠 + 𝑡𝑝𝑑
𝑠 = 𝜏, 𝑧𝑑

𝑠 = 𝑧, 𝑡 ≤ 𝜏 ≤ 𝑇 − 1 
(6.7) 

𝑝𝑚𝑖𝑛
𝑠 ≤ 𝑝𝑠 ≤ 𝑝𝑚𝑎𝑥

𝑠  (6.8) 

 

where Eq. (6.2) indicates the relationship between the prices and users’ utilities (observable part), Eq. 

(6.3) computes the probability of user 𝑢 choosing service 𝑠. Eq. (6.4) ensures that user 𝑢 only selects 

service 𝑠 with the highest utility within his/her choice set, which suggests that 𝑤𝑢
𝑠 is a function of 

carsharing service price and the users’ choice set; Eq. (6.5) ensures that each user can only select one 

service tuple from his/her choice set 𝒞𝑢; Eq. (6.6) and Eq.(6.7) indicate how the vehicle stock updates 

over time, and it is clear that the vehicle stock 𝑪𝒕+𝟏 at 𝑡 + 1 depends on users’ decision 𝒘𝒕 at time 𝑡; 

Eq. (6.8) limits the prices within the lower and upper bounds. 

Model 1 can be equivalently expressed in the Bellman equation form, which is shown as: 

Mode 2: Dynamic programming 

𝑅𝐸𝑉𝑡(𝑪𝒕) = max { ∑ ∑ 𝑝𝑠Pr𝑢
𝑠

𝑠∈𝒞𝑢𝑢∈𝒖𝒕

+ ∑ 𝐏𝐫 (𝒘𝒕)𝑅𝐸𝑉𝑡+1(𝑪𝒕+𝟏, 𝒖𝒕+𝟏)

𝒘𝒕∈𝛀𝐭

} 

(6.9) 

s.t. 

Eq. (6.2)– Eq. (6.8) 
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where Eq. (6.9) has two terms: the first term denotes the revenue that the operator receives at time 

step 𝑡, and the second term is the expected revenue if the vehicle distribution is 𝑪𝒕+𝟏 in time step 𝑡 +

1 and the set of users making requests/reservations at 𝑡 + 1 is 𝒖𝒕+𝟏. 𝐏𝐫 (𝒘𝒕) is the probability of 

users’ decision set being a particular vector 𝒘𝒕. For example, if 𝒖𝒕 = {𝑢1,𝑡, 𝑢2,𝑡}, 𝒔 =

{𝑐𝑎𝑟𝑠ℎ𝑎𝑟𝑖𝑛𝑔, 𝑜𝑡ℎ𝑒𝑟 𝑚𝑜𝑑𝑒𝑠}, the probability of user 𝑢1,𝑡 selects carsharing and user 𝑢2,𝑡 selects 

another mode is 𝐏𝐫 (𝒘 = {𝑤𝑢1,𝑡

𝑐𝑎𝑟𝑠ℎ𝑎𝑟𝑖𝑛𝑔
= 1, 𝑤𝑢2,𝑡

𝑐𝑎𝑟𝑠ℎ𝑎𝑟𝑖𝑛𝑔
= 0}). 

Model 1 and Model 2 are both intractable: The objective functions Eq. (6.1) and Eq.(6.9), the DCM 

constraint Eq.(6.3), the user decision constraint Eq. (6.4), and Eq. (6.2) (only when 𝑈𝑢
𝑠 is a nonlinear 

function of 𝑝𝑠) make Model 1 and Model 2 nonlinear and non-convex (Zhang and Lu, 2013). In 

addition, 𝛀𝐭 can be very large when there are many users or many products, and the possible number 

of future demand scenarios can be enormous. 

Paneque et al. (2016) propose an approach to linearise Eq. (6.3) and Eq. (6.4), which reduces the size 

of 𝛀𝐭 by simulating 𝑅 sets of error terms 𝜖𝑢
𝑠  for 𝑢 ∈ 𝒖𝒕 (a Gumbel distribution in this case). This is in 

accordance with the way of reducing the size of the stochastic programming, which is simulating a 

certain number of possible future scenarios and represent the expected future revenue 𝑅𝐸𝑉𝑡+1 by the 

mean revenue of the simulated future demand scenarios. We combine these two strategies in this 

study, and the optimisation model with simulated error terms 𝜖𝑢
𝑠  and future demand scenarios 𝒖𝒕+𝟏 is 

as follows: 

Model 3: Simulation 

Input parameters: 

 𝑇: the end of the planning horizon; 

 𝐻: the demand scenario simulation horizon. 𝑡 + 𝐻 ≤ 𝑇; 

 𝒖𝒕: set of users whose service reservation/request time 𝑡𝑟
𝑢 is 𝑡; 

𝒖𝝉,𝒓: set of users in the 𝑟th simulation whose service reservation/request time 𝑡𝑟
𝑢 is 𝜏; 

𝒞𝑢: choice set of user 𝑢; 

𝑪𝒕 = (𝐶1,𝑡, 𝐶2,𝑡, … , 𝐶𝑧,𝑡 , … , 𝐶𝑍,𝑡): the vector of vehicle stock at each zone at time 𝑡; 

𝑡𝑝𝑑
𝑠 : the travel time between 𝑧𝑝

𝑠 and 𝑧𝑑
𝑠; 

𝑝𝑚𝑖𝑛
𝑠 : the lower bound of price for service 𝑠; 

𝑝𝑚𝑎𝑥
𝑠 : the upper bound of price for service 𝑠; 

𝑀: a very large constant; 

Decision variables: 

𝑝𝑠: the price associated with service 𝑠; 

𝑈𝑢,𝑟
𝑠 : the utility of user 𝑢 choosing service 𝑠 in scenario 𝑟 

𝑈𝑢,𝑟: the maximum utility of user 𝑢 can obtain in scenario 𝑟 

𝑤𝑢,𝑟
𝑠 : a binary variable reflecting users’ decision, which is 1 if user 𝑢 selects service 𝑠 in 

scenario 𝑟 and 0 if not 
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𝜂𝑢,𝑟
𝑠 : the revenue that the operator can obtain from user 𝑢 on service 𝑠 in scenario 𝑟. 𝜂𝑢,𝑟

𝑠 =

𝑝𝑠𝑤𝑢,𝑟
𝑠 ; 

𝐶𝑧,𝜏,𝑟
′ ∈ ℤ: the vehicle stock at Zone 𝑧 at time 𝜏 in scenario 𝑟 immediately after the vehicle 

pick up (and the returning vehicles have not arrived at Zone 𝑧 yet) 

𝐶𝑧,𝜏,𝑟 ∈ ℤ: the vehicle stock at Zone 𝑧 at time 𝜏 in scenario 𝑟 after the returning vehicles have 

arrived  

 

max
1

𝑅
∑ ( ∑ ∑ 𝜂𝑢,𝑟

𝑠

𝑠∈𝒞𝑢𝑢∈𝒖𝒕

+ ∑ ∑ ∑ 𝜂𝑢,𝑟
𝑠

𝑠∈𝒞𝑢𝑢∈𝒖𝝉,𝒓

𝑡+𝐻

𝜏=𝑡+1

)

𝑅

𝑟=1

 

(6.10) 

s.t.  

𝑈𝑢,𝑟
𝑠 = 𝑓(𝑝𝑠) + 𝜖𝑢,𝑟

𝑠  

 

(6.11) 

𝑈𝑢,𝑟
𝑠 − 𝑈𝑢,𝑟 ≤ 0 (6.12) 

𝑈𝑢,𝑟 − 𝑈𝑢,𝑟
𝑠 + 𝑀 ∙ 𝑤𝑢,𝑟

𝑠 ≤ 𝑀 

 

(6.13) 

∑ ∑ 𝑤𝑢,𝑟
𝑠

𝑠∈𝒞𝑢𝑢∈𝒖𝝉

+ 𝐶𝑧,𝜏+1,𝑟
′ − 𝐶𝑧,𝜏,𝑟 = 0, ∀𝑡𝑐

𝑠 = 𝜏, 𝑧𝑝
𝑠 = 𝑧, 𝑡 ≤ 𝜏 ≤ 𝑇 − 1 

(6.14) 

− ∑ ∑ ∑ 𝑤𝑢,𝑟
𝑠

𝑠∈𝒞𝑢𝑢∈𝒖𝝉′

𝜏

𝜏′=𝑡

+ 𝐶𝑧,𝜏+1,𝑟 − 𝐶𝑧,𝜏+1,𝑟
′ = 0, ∀𝑡𝑙

𝑠 + 𝑡𝑝𝑑
𝑠 = 𝜏, 𝑧𝑑

𝑠 = 𝑧, 𝑡 ≤ 𝜏 ≤ 𝑇 − 1 
(6.15) 

∑ 𝑤𝑢,𝑟
𝑠

𝑠∈𝒞𝑢

= 1 

 

(6.16) 

𝑝𝑚𝑖𝑛
𝑠 𝑤𝑢,𝑟

𝑠 ≤ 𝜂𝑢,𝑟
𝑠  

 

(6.17) 

𝜂𝑢,𝑟
𝑠 ≤ 𝑝𝑚𝑎𝑥

𝑠 𝑤𝑢,𝑟
𝑠  

 

(6.18) 

𝑝𝑠 + 𝑝𝑚𝑎𝑥
𝑠 𝑤𝑢,𝑟

𝑠 − 𝜂𝑢,𝑟
𝑠 ≤ 𝑝𝑚𝑎𝑥

𝑠  

 

(6.19) 

𝜂𝑢,𝑟
𝑠 − 𝑝𝑠 − 𝑝𝑚𝑖𝑛

𝑠 𝑤𝑢,𝑟
𝑠 ≤ −𝑝𝑚𝑖𝑛

𝑠  

 

(6.20) 

𝑝𝑚𝑖𝑛
𝑠 ≤ 𝑝𝑠 ≤ 𝑝𝑚𝑎𝑥

𝑠  (6.21) 
 

where Eq. (6.11) describes the relationship between utility, price and error terms. Eq. (6.12) and Eq. 

(6.13) linerise Eq. (6.3) and Eq. (6.4), which make sure users always select the service with the 

highest utility in each simulation; Eq. (6.14) and (6.15) are similar to Eq. (6.6) and Eq. (6.7), which 

describe how the vehicle distribution updates over time in each simulation; Eq. (6.16) is similar to Eq. 

(6.5), which ensures that each user can only select one service tuple from his/her choice set 𝒞𝑢. Eq. 

(6.17) to Eq. (6.20) linearise 𝜂𝑢,𝑟
𝑠 = 𝑝𝑠𝑤𝑢,𝑟

𝑠 . Eq. (6.21) is the same as Eq. (6.8), which limits the prices 

within the lower and upper bounds. 

Model 3 is employed in the numerical studies in this chapter. We consider the demand stochasticity 

by solving Model 3 periodically at each time step when user requests/reservations at this step are 

revealed. The operator determines the price according to the existing user requests/reservations, the 
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forecasted user requests/reservations, and the current vehicle distribution. Once the prices are 

determined and the users make their choices based on the price, the operator update the vehicle 

distribution, move to the next step and repeat the process until the end of the planning horizon. 

Model 3 eliminates the nonlinear constraints in Model 1, but brings a large number of additional 

variables and constraints. Suppose the number of existing customers is 𝑁 (the total number of existing 

and forecasted demand) for each demand scenario, the number of zones is 𝑍, the total number of time 

steps is 𝑇, and the current time step is 𝑡. Suppose all original-destination (OD) pairs and leaving times 

are available for users, the number of variables for the optimisation at time 𝑡 is presented in Table 6.1. 

Table 6.1 Number of decision variables and constraints 

Decision 

variable 

Explanation Number (Model 1: 

Nonlinear) 

Number (Model 3: 

simulating and 

forecasting) 

Pr𝑢
𝑠   The probability of service 

s being chosen by user 𝑢 

 

𝑁 ∙ 𝑍2 ∙ (𝑇 − 𝑡)   

𝑤𝑢,𝑟
𝑠   A binary variable that 

indicates if service 𝑠 is 

chosen by user 𝑢 in scenario 

𝑟 

 

𝑁 ∙ 𝑍2 ∙ (𝑇 − 𝑡)  𝑁 ∙ 𝑍2 ∙ (𝑇 − 𝑡) ∙ 𝑅  

𝑝𝑠  Price of service 𝑠 

 
𝑍2 ∙ (𝑇 − 𝑡)  𝑍2 ∙ (𝑇 − 𝑡)  

𝜂𝑢,𝑟
𝑠   The revenue that the operator 

can obtain from user 𝑢 on 

service 𝑠 in scenario, 𝜂𝑢,𝑟
𝑠 =

𝑝𝑠𝑤𝑢,𝑟
𝑠   

 

 𝑁 ∙ 𝑍2 ∙ (𝑇 − 𝑡) ∙ 𝑅  

𝑉𝑢
𝑠   The observable part of utility 

for user 𝑢 choosing service 𝑠 

 

𝑁 ∙ 𝑍2 ∙ (𝑇 − 𝑡)   

𝑈𝑢,𝑟
𝑠    Utility of user 𝑠 choosing 

service 𝑢 in scenario 𝑟 

 

 𝑁 ∙ 𝑍2 ∙ (𝑇 − 𝑡) ∙ 𝑅  

𝑈𝑢,𝑟  The maximum utility of user 

𝑢 can get in scenario 𝑟 

 

 𝑁 ∙ 𝑅  

𝐶𝑧,𝑡,𝑟, 𝐶𝑧,𝑡,𝑟
′   Vehicle stock at each zone 2 ∙ 𝑍2 ∙ (𝑇 − 𝑡)  2 ∙ 𝑍2 ∙ (𝑇 − 𝑡) ∙ 𝑅  

Total  3(𝑁 + 1) ∙ 𝑍2 ∙ (𝑇 −
𝑡)  

[(3𝑁 + 2) ∙ 𝑅 + 1] ∙ 𝑍2 ∙
(𝑇 − 𝑡) + 𝑁 ∙ 𝑅  

    

Constraints  Number (Model 1: 

Nonlinear) 

Number (Model 3: 

simulating and 

forecasting) 

  2(𝑁 + 1) ∙ 𝑍2 ∙ (𝑇 −
𝑡)  

(7𝑁 + 1) ∗ 𝑍2 ∗ (𝑇 −
𝑡) ∗ 𝑅 − 𝑁  

 

An integer program is NP-complete, hence no existing polynomial-time algorithm can solve the 

problem. The number of inputs increases linearly with the number of time steps 𝑇 and the number of 

time steps 𝑅, and quadratically with the number of zones 𝑍 (see Table 6.1), hence a real-world sized 

problem could have millions of variables and constraints that cannot be solved in real-time. We 
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therefore limit our numerical study to a small-scaled system because (1) The number of service 

requests/reservations are small for current FFCS system, and the choice set of each user is limited: 

The demand rate per minute for DriveNow London is around 0.2, which means the probability of 

having more than three customers per time step (5 minutes) is less than 2%. Additionally, it is 

implausible for a single user having a large number of zones as alternative pick-up/drop-off zones and 

a large number of times as alternative pick-up time. Although the FFCS system itself is large, most 

zones and time steps are not within the users’ choice sets. (2) The study on small-scale system hence 

is a good starting point for future research on a real-world sized FFCS, because a large-scale system 

can be reduced to smaller-scale systems. Spatially, a larger-scale FFCS system can be clustered to 

several parallel smaller-scaled systems. If a city has two centres (Centre A and Centre B), and users 

who usually go to Centre A seldomly go to Centre B, the system can be regarded as two smaller scale 

systems. Temporally, dynamic pricing is not necessary to be performed every time step. Flat rate can 

be used when the demand pattern is relatively symmetric, and the operator only need to update prices 

when the demand pattern changes substantially; (3) Our focus in this study is to demonstrate that a 

good understanding of users’ risk preferences is essential for carsharing operator. Comparing with this 

objective, carsharing operational management is a downstream objective. Hence, we leave the design 

of algorithms for larger-scale systems for future research. 

6.2.2. Utility function linearisation 

The utility functions for spontaneous users (spon.) and advance-reservation users (adv.) without risky-

choice consideration are expressed as Eq. (6.22) and Eq. (6.23), respectively. 

𝑈𝑢,𝑟
𝑠 − 𝛽𝑝

𝑠𝑝𝑜𝑛
𝑝𝑠 = 𝐴𝑆𝐶𝑢

𝑠 + 𝛽𝑤𝑘
𝑠𝑝𝑜𝑛

𝑤𝑘𝑢
𝑠 + 𝛽𝑤𝑡𝑤𝑡𝑢

𝑠 + 𝛽𝑖𝑣𝑡𝑖𝑣𝑡𝑢
𝑠 + 𝜖𝑢,𝑟

𝑠  

 

(6.22) 

𝑈𝑢,𝑟
𝑠 − 𝛽𝑝

𝑎𝑑𝑣𝑝𝑠 = 𝐴𝑆𝐶𝑢
𝑠 + 𝛽𝑤𝑘

𝑎𝑑𝑣𝑤𝑘𝑢
𝑠 + 𝜖𝑢,𝑟

𝑠  

 

(6.23) 

where 𝑤𝑘𝑢
𝑠 , 𝑤𝑡𝑢

𝑠 , and 𝑖𝑣𝑡𝑢
𝑠  are, respectively, the walking time, waiting time, and in-vehicle travel time 

for user 𝑢 if choosing service 𝑠. 𝛽𝑝, 𝛽𝑤𝑘, 𝛽𝑤𝑡 and 𝛽𝑖𝑣𝑡 are, respectively, the coefficients associated 

with price, walking time, waiting time and in-vehicle travel time. We add superscripts ‘spon’ and 

‘adv’ to discretise the parameters for spontaneous users and advance-reservation users. 

By replacing Eq. (6.11) with Eq. (6.22) and Eq. (6.23), the optimisation model becomes mixed integer 

linear programming (MILP) and can be readily solved by many commercial solvers (CPLEX, Gurobi, 

Xpress, etc.). For risky-choice models, the utility functions are nonlinear and the optimisation is still a 

mixed integer nonlinear program (MINLP). We therefore approximate the nonlinear utility functions 

by piecewise linear functions (see Figure 6.2). Assume there are 𝐼 interpolate points (point 0 and point 

𝐼 are the starting and ending points) on the nonlinear 𝑓(𝑝𝑠) curve, Eq. (6.11) is replaced by: 

 

𝑝𝑠 ≤ 𝑝𝑖
𝑠 + 𝑀(1 − 𝛿𝑢,𝑟,𝑖

𝑠 ), 𝑖 = 1,2, … , 𝐼 

 

(6.24) 

−𝑝𝑠 − 𝑀(1 − 𝛿𝑢,𝑟,𝑖
𝑠 ) ≤ −𝑝𝑖−1

𝑠 , 𝑖 = 1,2, … , 𝐼 

 

(6.25) 

−𝑀(1 − 𝛿𝑢,𝑟,𝑖
𝑠 ) ≤ 𝑈𝑢,𝑟,𝑖

𝑠 − 𝛽𝑝,𝑖
𝑎𝑑𝑣𝑝𝑠 − (𝐴𝑆𝐶𝑢,𝑖

𝑠 + 𝑓(𝑤𝑘𝑢
𝑠 ) + 𝜖𝑢,𝑟,𝑖

𝑠 ) ≤ 𝑀(1 − 𝛿𝑢,𝑟,𝑖
𝑠 ),

𝑖 = 1,2, … , 𝐼 

 

(6.26) 

∑ 𝛿𝑢,𝑟,𝑖
𝑠

𝐼

𝑖=1

= 1 

(6.27) 

where 𝛽𝑝,𝑖
𝑎𝑑𝑣 denotes the slope of the 𝑖th line segment of the piecewise linear approximation. 𝛿𝑢,𝑟,𝑖

𝑠  is a 

binary variable which is 1 if 𝑝𝑖−1
𝑠 ≤ 𝑝𝑠 ≤ 𝑝𝑖

𝑠 and 0 otherwise. 𝐴𝑆𝐶𝑢,𝑖
𝑠  is the 𝐴𝑆𝐶 of the 𝑖th line 
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segment; Eq. (6.24) and Eq. (6.25) indicate the price segment [𝑝𝑖−1
𝑠 , 𝑝𝑖

𝑠] that 𝑝𝑠 locates. This 

information feds into Eq. (6.24) because Eq. (6.24) needs the slope of price segment [𝑝𝑖−1
𝑠 , 𝑝𝑖

𝑠] to 

calculate the utility; Eq. (6.27) ensures that 𝑝𝑠 can belong to only one price segment. 

 

Figure 6.2 Example of piecewise linear approximation (CARA-attribute) 

The piecewise linear approximation eliminates the nonlinearities in the optimisation, but increases 

additional variables (𝛿𝑢,𝑟,𝑖
𝑠 ) and constraints [Eq. (6.24)-Eq. (6.27)] that increase linearly with the 

number of interpolates 𝐼. Similar to the discussion in Section 6.2.1, the optimisation problem can 

become very large when the number of interpolates 𝐼 is large in order to better approximate the 

nonlinear utility curves. It is not necessary to have a large number for 𝐼, however, as we will discuss 

in more detail in Section 6.3.2. 

We use secants to approximate nonlinear curves. Xu et al. (2018) apply both tangent and secant in 

their study. The difference is that tangent always underestimates the true utility, whereas secant 

always overestimates the true utility. It is more prudent to have both approximations and compare 

results from the two approximations. Due to the limitation of time, and the fact that piecewise linear 

approximation mechanisms are not our main research objective, we leave the comparison between 

different piecewise linear approximation approaches for future research. 

6.3. Numerical Case Study 

The small-scale FFCS system we employ in this study is show as Figure 6.3. Suppose a FFCS 

operator divides its business area into three zones (numbered as Zone A, B and C), and the distance of 

Zone B and C is within the users’ walking distance. We assume that users who intended to drop-off 

vehicles within Zone B (Zone C) are also able to accept the operator’s request to drop the vehicle 

within Zone C (Zone B), and users who intended to pick up vehicles from Zone B (Zone C) are able 
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to accept the operator’s request of picking up the vehicle from Zone C (Zone B). Zone A is far away 

from Zones B and C such that it can only be reached by vehicles. 

We have car, bus and app-based taxis as the ‘opt-out’ option, and we have several sets of triangular 

distributions for uncertain walking time and price in the SC survey. For this numerical case study, we 

take car as the only ‘opt-out’ option for spontaneous (and adv. → spon.) users and only one set of 

price and walking time distribution for ‘wait and use on-demand’ option (price distribution: lower 

bound for £1, most likely value for £3, and upper bound for £15; walking time distribution: lower 

bound for 1 minute, most likely value for 5 minutes, and upper bound for 15 minutes). Other modes of 

transport and sets of triangular distributions are reserved for future work. 

 

Figure 6.3 Spatial overview 

6.3.1. Existing practice 

We specify time to be discrete five time steps, and each time step represents 5 minutes. New service 

requests/reservations are allowed only during the first three time steps (the last two time steps only 

allow vehicle pick-up and drop-off of previously accepted requests/reservations). Although users in 

existing FFCS practice cannot book a FFCS that is currently in use or reserve a FFCS vehicle, they 

can select where to pick-up/drop-off vehicles or to choose other modes instead of FFCS. We specify a 

demand pattern in which all users (six users in total, with one customer at 𝑡 = 1, two customers at 𝑡 =

2, and three customers at 𝑡 = 3, see Table 6.2) travel in the same direction (𝐴 → 𝐵 or 𝐴 → 𝐶). As 

there are three zones and four times steps that users can pick-up vehicles, there are 12 types of users. 

The choice sets of the 12 types of users in the existing practice are presented Table 6.3. 

Table 6.2 Demand patterns (existing practice) 

   Demand pattern 

Known requests/reservations Spontaneous requests t=1 (𝐴 → 𝐵, 𝑡𝑟 = 1, 𝑡𝑙 = 2)𝑢  

 

t=2 (𝐴 → 𝐵, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢  

(𝐴 → 𝐶, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢  

  

 

t=3 (𝐴 → 𝐵, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢  
(𝐴 → 𝐶, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢  

(𝐴 → 𝐶, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢  

 

Users in the existing practice make trade-off between the walking time, price and in-vehicle travel 

time. The utility functions of user 𝑢 for car and FFCS service 𝑠 are: 

𝑈𝑢
𝑐𝑎𝑟 = 𝐴𝑆𝐶𝑢

𝑐𝑎𝑟 + 𝛽𝑝𝑝𝑐𝑎𝑟 + 𝛽𝑤𝑘𝑤𝑘𝑢
𝑐𝑎𝑟 + 𝛽𝑖𝑣𝑡𝑖𝑣𝑡𝑢

𝑐𝑎𝑟 + 𝜖𝑢
𝑐𝑎𝑟 

 

(6.28) 

𝑈𝑢
𝑠 = 𝐴𝑆𝐶𝑢

𝑠 + 𝛽𝑝𝑝𝑠 + 𝛽𝑤𝑘𝑤𝑘𝑢
𝑠 + 𝛽𝑖𝑣𝑡𝑖𝑣𝑡𝑢

𝑠 + 𝜖𝑢
𝑠  (6.29) 
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Using input values specified to be 5 minutes for both walking time and in-vehicle travel time, 

£0.33/min for the pricing of a FFCS journey (the rate currently charged by DriveNow in London), and 

£5 for the representative cost of competing travel modes (i.e. the generic outside good from the 

perspective of the FFCS system), calculated revenue is £8.43 [calculated from £0.33/min*5 min*6 

users* ∑ Pr𝑢
𝑠

𝑠 , and Pr𝑢
𝑠  is computed by MNL as Eq. (6.3)] for both demand patterns. This revenue 

will be compared with the revenue from an FFCS system having spatially-temporally varying price 

and GAR, which will be discussed in the following sections. 

Table 6.3 Users’ Choice sets (existing practice) 

Request Choice sets 

(𝐴 → 𝐵, 𝑡𝑟 = 1, 𝑡𝑙 = 2)𝑢 (𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠, 
Other mode (car, bus or app-based taxi) 

 
(𝐴 → 𝐶, 𝑡𝑟 = 1, 𝑡𝑙 = 2)𝑢 (𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 =

2)𝑠, Other mode (car, bus or app-based taxi) 

 
(𝐵 → 𝐴, 𝑡𝑟 = 1, 𝑡𝑙 = 2)𝑢 (𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 =

2)𝑠, Other mode (car, bus or app-based taxi) 

 

(𝐶 → 𝐴, 𝑡𝑟 = 1, 𝑡𝑙 = 2)𝑢 (𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 =
2)𝑠, Other mode (car, bus or app-based taxi) 

 
(𝐴 → 𝐵, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢 (𝐴 → 𝐵, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 2, 𝑡𝑙 =

3)𝑠, Other mode (car, bus or app-based taxi) 

 
(𝐴 → 𝐶, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢 (𝐴 → 𝐵, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, 

Other mode (car, bus or app-based taxi) 

 

(𝐵 → 𝐴, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢 (𝐵 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, 
Other mode (car, bus or app-based taxi) 

 

(𝐶 → 𝐴, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢 (𝐵 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, 
Other mode (car, bus or app-based taxi) 

 
(𝐴 → 𝐵, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢 (𝐴 → 𝐵, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠, 

Other mode (car, bus or app-based taxi) 

 
(𝐴 → 𝐶, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢 (𝐴 → 𝐵, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠, 

Other mode (car, bus or app-based taxi) 

 

(𝐵 → 𝐴, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢 (𝐵 → 𝐴, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠, 
Other mode (car, bus or app-based taxi) 

 
(𝐶 → 𝐴, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢 (𝐵 → 𝐴, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠, 

Other mode (car, bus or app-based taxi) 

 

6.3.2. Impacts of utility functions (riskless vs risky-choice models) 

We define the FFCS with user’s spatial-temporal flexibility and GAR to be comparable to existing 

practice by keeping the number of time steps (five time steps, with each time step representing 5 

minutes) and the number of existing users (six users in total) to be the same. We move one of the 

users at 𝑡 = 2 and 𝑡 = 3 in Table 6.2 to 𝑡 = 1 and 𝑡 = 2 respectively and make them advance 



100 

 

reservation users (see Table 6.4). We therefore have two existing user requests/reservations (one for 

spontaneous request and one for advance reservation) and two forecasted user requests/reservations 

(one for spontaneous request and one for advance reservation) at 𝑡 = 1 and 𝑡 = 2, and two existing 

user requests (both spontaneous requests) at 𝑡 = 3. As discussed in Section 6.1, the decision process 

for different types of users are different. For a user making spontaneous usage requests, he/she 

compares the various attributes (price, walking time, waiting time, etc.) of carsharing services and 

other modes and makes a selection. For example, user (𝐴 → 𝐵, 𝑡𝑟 = 1, 𝑡𝑙 = 2)𝑢 compares carsharing 

services (𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠, (𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, 

(𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, (𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠,(𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 =

5)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 5)𝑠 and other modes (car, bus or app-based taxi) and chooses one option 

from them. For a user making an advance reservation, two decision processes are specified: in the first 

decision process, the user makes a decision as to whether to reserve in-advance or wait and use 

carsharing on demand. If the user decides to reserve in-advance (GAR), the operator guarantees that 

there will be a vehicle available for the user at the time of his/her leaving time, and the user is charged 

the price posted by the operator. Otherwise, the user closes the carsharing app and checks it again one 

time step before leaving, with this user being treated in the same way as other users making 

spontaneous requests at this time step. For example, user (𝐴 → 𝐵, 𝑡𝑟 = 1, 𝑡𝑙 = 3)𝑢 chooses between 

carsharing services (𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠 and ‘wait and use on-demand’ 

at 𝑡 = 1. If he/she chooses carsharing services, he/she pays the operator the corresponding price and 

picks up a vehicle at Zone A at 𝑡 = 3. If he/she chooses to ‘wait and use on-demand’, he/she waits 

until 𝑡 = 2 and makes a selection between carsharing services (𝐴 → 𝐵, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, 

(𝐴 → 𝐶, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, (𝐴 → 𝐵, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠,(𝐴 → 𝐵, 𝑡𝑐 = 2, 𝑡𝑙 =

5)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 2, 𝑡𝑙 = 5)𝑠, and the other modes. A full list of choice sets for different types of 

users is presented in Table 6.5. 

Table 6.4 Demand patterns (optimisation) 

   Demand pattern 

Known requests/ 

reservations 

Spontaneous 

requests 

t=1 (𝐴 → 𝐵, 𝑡𝑟 = 1, 𝑡𝑙 = 2)𝑢  

 

t=2 (𝐴 → 𝐵, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢  

 

t=3 (𝐴 → 𝐵, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢 (𝐴 → 𝐶, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢; 

 

Advance 

reservations 

t=1 (𝐴 → 𝐶, 𝑡𝑟 = 1, 𝑡𝑙 = 3)𝑢  

 

t=2 (𝐴 → 𝐶, 𝑡𝑟 = 2, 𝑡𝑙 = 4)𝑢  

 

t=3 N/A 

 

Predicted 

requests/ 

reservations 

Spontaneous 

requests 

t=1 (𝐴 → 𝐵, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢   

 

t=2 (𝐴 → 𝐵, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢  

 

t=3 N/A 

 

Advance 

reservations 

t=1 (𝐴 → 𝐶, 𝑡𝑟 = 2, 𝑡𝑙 = 4)𝑢  

 

t=2 (𝐴 → 𝐶, 𝑡𝑟 = 3, 𝑡𝑙 = 5)𝑢  

 

t=3 N/A 
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Table 6.5 Users’ Choice sets (optimisation) 

Request Choice sets 

(𝐴 → 𝐵, 𝑡𝑟 = 1, 𝑡𝑙 = 2)𝑢  (𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠,  
(𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, 
(𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠, 
(𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 5)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 5)𝑠,  
Other mode (car, bus or app-based taxi) 

 
(𝐴 → 𝐶, 𝑡𝑟 = 1, 𝑡𝑙 = 2)𝑢  (𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠,  

(𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, 
(𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠, 
(𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 5)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 5)𝑠,  
Other mode (car, bus or app-based taxi) 

 

(𝐵 → 𝐴, 𝑡𝑟 = 1, 𝑡𝑙 = 2)𝑢  (𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠,  
(𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, 
(𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠, 
(𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 5)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 5)𝑠,  
Other mode (car, bus or app-based taxi) 

 

(𝐶 → 𝐴, 𝑡𝑟 = 1, 𝑡𝑙 = 2)𝑢  (𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 2)𝑠,  
(𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, 
(𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠, 
(𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 5)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 5)𝑠,  
Other mode (car, bus or app-based taxi) 

 
(𝐴 → 𝐵, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢  (𝐴 → 𝐵, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, 

(𝐴 → 𝐵, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠, 
(𝐴 → 𝐵, 𝑡𝑐 = 2, 𝑡𝑙 = 5)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 2, 𝑡𝑙 = 5)𝑠,  

Other mode (car, bus or app-based taxi) 

 
(𝐴 → 𝐶, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢  (𝐴 → 𝐵, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, 

(𝐴 → 𝐵, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠, 
(𝐴 → 𝐵, 𝑡𝑐 = 2, 𝑡𝑙 = 5)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 2, 𝑡𝑙 = 5)𝑠,  

Other mode (car, bus or app-based taxi) 

 

(𝐵 → 𝐴, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢  (𝐵 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, 
(𝐵 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠, 
(𝐵 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 5)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 5)𝑠,  

Other mode (car, bus or app-based taxi) 

 

(𝐶 → 𝐴, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢  (𝐵 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 3)𝑠, 
(𝐵 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠, 
(𝐵 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 5)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 5)𝑠,  

Other mode (car, bus or app-based taxi) 

 
(𝐴 → 𝐵, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢  (𝐴 → 𝐵, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠,  

(𝐴 → 𝐵, 𝑡𝑐 = 3, 𝑡𝑙 = 5)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 3, 𝑡𝑙 = 5)𝑠,  
Other mode (car, bus or app-based taxi) 

 

(𝐴 → 𝐶, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢  (𝐴 → 𝐵, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠,  
(𝐴 → 𝐵, 𝑡𝑐 = 3, 𝑡𝑙 = 5)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 3, 𝑡𝑙 = 5)𝑠,  
Other mode (car, bus or app-based taxi) 
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Request Choice sets 

(𝐵 → 𝐴, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢  (𝐵 → 𝐴, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠,  
(𝐵 → 𝐴, 𝑡𝑐 = 3, 𝑡𝑙 = 5)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 3, 𝑡𝑙 = 5)𝑠,  
Other mode (car, bus or app-based taxi) 

 
(𝐶 → 𝐴, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢  (𝐵 → 𝐴, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 3, 𝑡𝑙 = 4)𝑠,  

(𝐵 → 𝐴, 𝑡𝑐 = 3, 𝑡𝑙 = 5)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 3, 𝑡𝑙 = 5)𝑠,  
Other mode (car, bus or app-based taxi) 

 
(𝐴 → 𝐵, 𝑡𝑟 = 1, 𝑡𝑙 = 3)𝑢  (𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠,  

Wait and use on-demand 

 

(𝐴 → 𝐶, 𝑡𝑟 = 1, 𝑡𝑙 = 3)𝑢  (𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠,  
Wait and use on-demand 

 

(𝐵 → 𝐴, 𝑡𝑟 = 1, 𝑡𝑙 = 3)𝑢  (𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠,  
Wait and use on-demand 

 
(𝐶 → 𝐴, 𝑡𝑟 = 1, 𝑡𝑙 = 3)𝑢  (𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 3)𝑠,  

Wait and use on-demand 

 
(𝐴 → 𝐵, 𝑡𝑟 = 1, 𝑡𝑙 = 4)𝑢  (𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠,  

Wait and use on-demand 

 

(𝐴 → 𝐶, 𝑡𝑟 = 1, 𝑡𝑙 = 4)𝑢  (𝐴 → 𝐵, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠,  
Wait and use on-demand 

 
(𝐵 → 𝐴, 𝑡𝑟 = 1, 𝑡𝑙 = 4)𝑢  (𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠,  

Wait and use on-demand 

 
(𝐶 → 𝐴, 𝑡𝑟 = 1, 𝑡𝑙 = 4)𝑢  (𝐵 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 1, 𝑡𝑙 = 4)𝑠,  

Wait and use on-demand 

 
(𝐴 → 𝐵, 𝑡𝑟 = 2, 𝑡𝑙 = 4)𝑢  (𝐴 → 𝐵, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠,  

Wait and use on-demand 

 

(𝐴 → 𝐶, 𝑡𝑟 = 2, 𝑡𝑙 = 4)𝑢  (𝐴 → 𝐵, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠, (𝐴 → 𝐶, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠,  
Wait and use on-demand 

 
(𝐵 → 𝐴, 𝑡𝑟 = 2, 𝑡𝑙 = 4)𝑢  (𝐵 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠,  

Wait and use on-demand 

 
(𝐶 → 𝐴, 𝑡𝑟 = 2, 𝑡𝑙 = 4)𝑢  (𝐵 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠, (𝐶 → 𝐴, 𝑡𝑐 = 2, 𝑡𝑙 = 4)𝑠,  

Wait and use on-demand 

We mentioned two uncertainties in this optimisation in Section 6.1, which are the uncertainty of 

future demand and the unobservable part of utilities (which determines users’ final choice). To avoid 

the influence of these two uncertainties and to focus only on the impact of utility functions, we make 

sure that the known and predicted user requests at each time step, and error terms for each user at each 

time step, are the same across all behaviour models. We take 𝑅 = 10 in this study. The known and 

predicted requests for the two demand patterns are presented in Table 6.4. 
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Before discussing the numerical results of the optimisation, we first plot (in Figure 6.4) the utility of 

carsharing services (existing and GAR) vs opt-out. Figure 6.4 Panel (a) is for spontaneous users 

whose behaviour is consistent throughout all riskless/risky-choice models, and hence we expect that 

the usage of spontaneous carsharing from these users should be similar for all riskless/risky-choice 

models. We define ‘point of indifference’ price to be the price where the users are indifferent from 

FFCS options (either spontaneous usage or GAR) and opt-out options (either other modes or wait and 

use on-demand). Figure 6.4 show that the ‘point of indifference’ price is higher for linear and CRRA 

utility-level models and lower for CARA attribute-level, CARA utility-level and CRRA attribute-

level models, hence we expect the revenue from the latter three behaviour models are lower than the 

former two models. The two quadratic models show an increase after ~£10, which is unrealistic 

because the utility of users should not increase as the price increases. We therefore exclude the two 

quadratic models in the following numerical analysis, as being an unrealistic representation of choice 

behaviour. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 
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(g) 

 
(h) 

Figure 6.4 Utility (observable part) of carsharing vs. opt-out. 

Panel: (a) Carsharing vs other modes (car), (b) GAR vs wait and use on-demand for riskless 

behaviour (linear utility), (c) GAR vs wait and use on-demand for CARA (attribute-level 

transformation), (d) GAR vs wait and use on-demand for CARA (utility-level transformation), (e) GAR 

vs wait and use on-demand for CRRA (attribute-level transformation), (f) GAR vs wait and use on-

demand for CRRA (utility-level transformation), (g) GAR vs wait and use on-demand for quadratic 

utility (attribute-level transformation), (h) GAR vs wait and use on-demand for quadratic utility 

(utility-level transformation) 

 

We determine the number of interpolates on curves by estimating the best piecewise linear fit to the 

nonlinear curves and compare the mean squared errors of the piecewise linear fits with different 

numbers of interpolates. We plot the number of interpolates vs mean square errors of the piecewise 

linear fits in Figure 6.5. The mean square error for all four models reduces very slowly when the 

number of interpolates is greater than four. We choose six interpolates for CARA attribute-level, 

CARA utility-level, and CRRA attribute-level. For CRRA utility-level, we choose three interpolates 

because (1) the computational time for interpolates greater than four is very long, and (2) the shape of 

the CRRA utility-level curve is very close to linear (see Figure 6.4 (f)). The mean square error with 

only two interpolates is approximately the same as other three curves with six interpolates. 

 
(a) 

 
(b) 
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(c) 

 
(d) 

Figure 6.5 Number of interpolates vs mean square errors. 

Panel: (a) CARA (attribute-level transformation), (b) CARA (utility-level transformation), (c) CRRA 

(attribute-level transformation), (d) CRRA (utility-level transformation) 

Numerical results on the usage of carsharing services are presented in Table 6.6. We only present the 

ratio of users choosing spontaneous and advance reservation FFCS service in Table 6.6 (also for 

Table 6.10, Table 6.12, and Table 6.15). The ratio of users choosing other modes or choosing to wait 

and use on-demand are the complement percentages of the values in Table 6.6 (i.e. the percentage of 

users choosing other modes at t=1 for linear utility function is 100%-63%=37%). The usage of 

carsharing for spontaneous usage is similar for all behaviour models, which is as we expected because 

the behaviour models for spontaneous users are the same no matter what the advance users’ behaviour 

model is. Comparing with the revenue arising in the existing practice (£8.43), the revenue of the 

FFCS system with users’ temporal flexibility and GAR are ~£30. This is as we expected, since Figure 

6.4 shows that the ‘point of indifference’ price of GAR vs ‘wait and use on-demand’ for all behaviour 

models (>£5) are much higher than the one for spontaneous usage (~£2), which indicates that the 

operator can obtain a large amount of revenue from the advance reservation users. The revenue is 

higher for Linear and CRRA utility-level models and lower for the other three models, which is also 

as we expected. One thing to note is that if the long-term interaction between the operator and the user 

is considered, the user may notice the price are temporally different and choose to use FFCS on-

demand (or postpone their time of making reservation). This requires behaviour modelling on users’ 

strategic response to dynamic pricing. Additionally, using FFCS on-demand implies a possibility of 

not having a shared vehicle available at the time of departure. Both behaviour analysis requires more 

data (and a different SC survey). We hence reserve this ‘perverse incentive’ study for future research. 

There is one aspect that is not as we expected in Table 6.6. The usage of GAR for advance reservation 

for Linear and CRRA utility-level models is not higher than the other three models. As risk-seeking 

behaviour should encourage users to use ‘wait and use on-demand’ option, there should be more users 

choosing GAR service when the user behaviour is Linear or CRRA utility-level models (since these 

two models are less risk-seeking than the other three models), but results in Table 6.6 is not the same 

as we expected. 
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Table 6.6 Variation in revenue and probability of users choosing carsharing/GAR by type of utility 

function (with revenue-maximising objective function) 

Behaviour 

model 

Of spontaneous 

users, the % using 

carsharing 

Of advance 

reservation users, 

the % using GAR 

Of Adv→Spon. 

users, the % of using 

carsharing 

 

 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

Linear 

 

63% 66% 50% 89% 84% N/A N/A 59% 52% £29.26 

CARA 

(attribute-

level) 

 

66% 66% 50% 84% 72% N/A N/A 65% 58% £27.06 

CRRA 

(attribute-

level) 

 

66% 69% 50% 85% 74% N/A N/A 73% 55% £26.38 

Quadratic 

(attribute-

level) 

 

N/A 

CARA 

(utility-

level) 

 

67% 69% 51% 95% 87% N/A N/A 46% 51% £27.82 

CRRA 

(utility-

level) 

 

63% 66% 50% 89% 84% N/A N/A 59% 52% £29.21 

Quadratic 

(utility-

level) 

N/A 

 

To further investigate this, in Table 6.7 we present the average price charged for different types of 

users at each time step. The prices for GAR charged from CARA-attribute, CARA-utility and CRRA-

attribute are lower than the prices for Linear and CRRA-utility models, which demonstrate that, as 

users becomes more risk-seeking (CARA attribute-level, CARA utility-level and CRRA attribute-

level curves are more concave than linear and CRRA utility-level curves), the operator acts 

strategically by lowering the price of GAR to attract more advance reservation users using GAR. With 

this strategic behaviour, the operator can maintain the total revenue to a relatively constant level even 

when the price charged from GAR is very different (the maximum difference in the total revenue is 

7.5%, whereas the maximum difference in the price 19.0%). 
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Table 6.7 Prices charged from different types of users (with revenue-maximising objective function) 

Behaviour 

model 

Price charged from 

spontaneous users 

Price charged from 

advance reservation 

users 

Price charged from 

Adv→Spon. users 

 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 

Linear 

 

£5.80 £5.86 £6.20 £8.41 £9.18 N/A N/A £6.09 £5.80 

CARA 

(attribute-

level) 

 

£5.94 £5.83 £6.04 £7.40 £9.04 N/A N/A £5.68 £5.69 

CRRA 

(attribute-

level) 

 

£5.94 £5.64 £6.09 £6.81 £8.30 N/A N/A £5.75 £5.69 

Quadratic 

(attribute-

level) 

 

N/A 

CARA 

(utility-level) 

 

£5.88 £5.78 £6.16 £7.01 £8.07 N/A N/A £6.44 £5.58 

CRRA 

(utility-level) 

 

£5.80 £5.86 £6.20 £8.37 £9.16 N/A N/A £6.08 £5.80 

Quadratic 

(utility-level) N/A 

 

Based on our assumptions for this FFCS system, we summarise possible sensitivity tests and use four 

dimensions to measure their importance in Table 6.8. We select four items from this list (the latency 

of user behaviour, the operator’s strategy, users’ risk preference, and demand pattern). The reason of 

selecting the first three is because they are novel and contribute most to the literature. For the rest 

items which have been studied extensively in other studies, we select the demand pattern, as it is a 

starting point for the next-step research where the vehicle supply is not always greater than use 

demand. Although we did not select other items in this list, these items may be important for the real-

world FFCS system design (the ‘gaps to reality’ are high for these items). For example, forcing the net 

profit to be nonzero may increase the price for high-travel-cost service tuples and decrease the price 

for low-travel-cost service tuples. We leave these ‘low level of contribution to the literature and high 

levels of contribution to the reality’ sensitivity tests to future work when we expand numerical study 

to a large-scale FFCS system. 
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Table 6.8 Possible sensitivity tests and qualitative assessment of their importance 

Item Level of 

contribution 

Methodological 

difficulty 

Computational 

difficulty 

Gaps to reality 

The latency of 

user behaviour 

 

High High High High 

The operator’s 

strategy 

 

High Low Low High 

Users’ risk 

preference (risk-

seeking vs risk-

aversion) 

 

High Low Low High 

Demand size and 

distribution 

 

Low Low Low High 

Price charging 

time (at the time of 

reservation or after 

finishing the trip) 

 

Moderate Moderate Low Low 

Other pricing 

strategies (flat 

rate, simple 

time/space-based 

surge pricing, etc) 

 

Moderate Low Low High 

Fleet size 

 

Low Low Low High 

Maximum 

advance 

reservation time 

for GAR 

 

Moderate Low Low High 

The ‘vehicle 

locking horizon’6 

 

Low Low Low High 

Ways of 

approximating 

nonlinear utilities 

(secant vs tangent) 

 

Low Low Low Low 

Number of 

predicted 

scenarios 

 

Low Low High High 

Look-ahead depth Low Low Low Low 

 

 

6 The ‘Vehicle locking horizon’ is the duration that the carsharing operator blocks a vehicle for an 

advanced reservation user, see Molnar and Correia (2019) for more details. 
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Item Level of 

contribution 

Methodological 

difficulty 

Computational 

difficulty 

Gaps to reality 

Percentage of 

adv.→spon. users 

check the prices of 

FFCS service 

before leaving 

 

Low Low Low High 

FFCS system 

operational cost 

Low Low Low High 

 

6.3.3. Sensitivity test: The latency of user behaviour 

In Section 6.3.2 we assumed that the actual user behaviour and the user behaviour inferred by the 

operator is the same. Since the operator can only infer user behaviour via data from a limited number 

of users in a limited time period, however, it is possible that the actual user behaviour will be different 

from the behaviour inferred by the operator. In addition, the computational time for optimisation with 

risky-choice models is longer than for the riskless model. If the revenue loss between inferred riskless 

and actual risky-choice behaviour is not big, the FFCS operator requires less computational power. 

Table 6.9 summarises the revenue loss due to the difference between the inferred and the actual user 

behaviour. For simplicity, we use Utility model (inferred)/Utility model (actual) to indicate the user 

behaviour inferred by the FFCS operator and the actual behaviour of users (i.e. Linear/CARA-

attribute means that the user behaviour inferred by the FFCS operator is Linear, and the actual user 

behaviour is CARA attribute-level transformation). Results show that a wrong prediction in respect to 

the user behaviour always brings loss, and the loss is not negligible (more than 17%). This loss is 

caused by two reasons: for behaviour models whose ‘point-of-indifference’ price for GAR service is 

low (i.e. CRRA-attribute) but where the GAR services are in fact charged with high prices (i.e. the 

‘point-of-indifference’ price for the Linear model), the advance reservation users do not want to pay 

for GAR so that both the usage of GAR and the revenue decrease. For cases whose ‘point-of-

indifference’ price for GAR service is high (i.e. Linear) but where GAR services are charged at lower 

prices (i.e. the ‘point-of-indifference’ price for CRRA-attribute), the usage of GAR increases. Since 

the price is not the optimal price for revenue maximisation when there is no gap between the inferred 

and the actual behaviour, however, the operator still loses some revenue. Detailed results are 

presented in Appendix C, from Table C.1 to Table C.5. 

Table 6.9 Revenue loss due to operator’s inaccurate prior expectation of user behaviour 

  Inferred behaviour from the operator 

  Linear CARA-

attribute 

CRRA-

attribute 

CARA-

utility 

CRRA-

utility 

A
ct

u
a

l 
b

eh
a

v
io

u
r 

o
f 

u
se

r 

Linear 

 

N/A -12.2% -6.0% -9.3% -6.3% 

CARA-attribute 

 

-8.8%  N/A -4.6% -9.5% -6.3% 

CRRA-attribute 

 

-1.7% -2.2% N/A -0.7% -2.0% 

CARA-utility 

 

-2.8% -10.1% -12.1% N/A -2.8% 

CRRA-utility 

 

-1.5% -16.6% -17.5% -13.7% N/A 

We also find the revenue loss of Linear/CRRA-utility and CRRA-utility/Linear are small comparing 

with other inferred/actual utility pairs. Additionally, the revenue loss of ‘other behaviour 
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model’/Linear and ‘other behaviour model’/CRRA-utility are similar. Figure 6.4 panel (b) and panel 

(f) shows that the shapes of the Linear and CRRA-utility curves are very similar, which explains the 

similarities discussed above. 

6.3.4. Sensitivity test: The operator’s strategy (Maximise Profit vs Maximise Social 

Welfare) 

In Section 6.3.2 and Section 6.3.3, we assume the operator’s strategy is to maximise their revenue. In 

this section, we investigate the system properties if the operator engages in a strategy of optimising 

social welfare, which could be a reasonable objective for public sector regulators. Operationally, this 

is performed by revising the objective function to also include consumer surplus. When the utility is a 

linear function to users’ income, the change in consumer surplus of user 𝑢 that results from a change 

in the choice set is calculated as in Train (2003): 

Δ𝐸(𝐶𝑆) =
1

𝛼𝑖𝑛𝑐𝑜𝑚𝑒
(max[𝑈𝑢

𝑠, 𝑈𝑢
𝑜𝑝𝑡−𝑜𝑢𝑡

] − max[𝑈𝑢
𝑜𝑝𝑡−𝑜𝑢𝑡

]) 
(6.30) 

 

where 𝛼𝑖𝑛𝑐𝑜𝑚𝑒  is users’ marginal utility of income. The ‘opt-out’ option for spontaneous users and 

adv.→spon. users is ‘other modes of transport’, and for advance reservation user is ‘wait and use on-

demand’. 

We use 𝑈𝑢,𝑟 to approximate max[𝑈𝑢
𝑠, 𝑈𝑢

𝑜𝑝𝑡−𝑜𝑢𝑡
] in Eq (6.30). The optimisation framework is: 

Model 4: consumer surplus: 

 

 

max
1

𝑅
∑ ( ∑ ∑ [𝜂𝑢,𝑟

𝑠 +
1

𝛼𝑖𝑛𝑐𝑜𝑚𝑒
(𝑈𝑢,𝑟 − 𝑈𝑢,𝑟

𝑜𝑝𝑡−𝑜𝑢𝑡
)]

𝑠∈𝒞𝑢𝑢∈𝒖𝒕

𝑅

𝑟=1

+ ∑ ∑ ∑ [𝜂𝑢,𝑟
𝑠 +

1

𝛼𝑖𝑛𝑐𝑜𝑚𝑒
(𝑈𝑢,𝑟 − 𝑈𝑢,𝑟

𝑜𝑝𝑡−𝑜𝑢𝑡
)]

𝑠∈𝒞𝑢𝑢∈𝒖𝝉,𝒓

𝑡+𝐻

𝜏=𝑡+1

) 

(6.31) 

s.t. 

Eq. (6.11)-Eq.(6.21) 

 

 

 

 

It is difficult to measure 𝛼𝑖𝑛𝑐𝑜𝑚𝑒 for GAR services in this study. Some literature use −𝛽𝑝 as an 

approximation of 𝛼𝑖𝑛𝑐𝑜𝑚𝑒 (Train, 2003), or use −𝛽𝑡𝑖𝑚𝑒 ∙ 𝑉𝑂𝑇 when 𝛽𝑝 is not a constant value (the 

utility function is nonlinear in terms of price). In our risky-choice models, however, both 𝛽𝑡𝑖𝑚𝑒(𝛽𝑤𝑘) 

and 𝛽𝑝 are nonlinear, which makes the approximation to 𝛼𝑖𝑛𝑐𝑜𝑚𝑒 very complex. Hence, we assume 

𝛼𝑖𝑛𝑐𝑜𝑚𝑒 = 1 [which is consistent with Vasconcelos et al. (2017)] and leave detailed influence of 

𝛼𝑖𝑛𝑐𝑜𝑚𝑒 value for further research. 

Table 6.10 presents the performance of FFCS under the producer surplus + consumer surplus 

maximisation objective, and more detailed results are presented in Table D.1 in Appendix D. 

Comparing the results with Table 6.6, the usage of spontaneous carsharing and GAR increase and the 

revenue decreases for all behaviour models, which is consistent with our expectation. The decreases 

of revenue for CARA-attribute, CARA-utility and CRRA-attribute models are much larger than 

Linear and CRRA-utility models. Comparing the behaviour models in Figure 6.4, the concave shape 

of CARA-attribute, CARA-utility and CRRA-attribute (Figure 6.4 (c), (d) and (e)) makes the price vs 

utility curve very steep at the left end, so the difference in utility between the lower bound of the price 
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and the ‘point of indifference’ price is very large (between 10 and 20), and this difference for Linear 

and CRRA-utility models is only around 4 (Figure 6.4 (b) and (f)). As the objective function in this 

section has a consumer surplus part, it is reasonable to charge the advance reservation users with price 

close to the lower bound so that they can gain a lot in utility by having GAR options. Table 6.11 

demonstrate our explanation above. The prices charged for GAR services for CARA-attribute, 

CARA-utility and CRRA-attribute models (<£2) are much lower than Linear and CRRA-utility 

models (>£7). 

Table 6.10 Variation in revenue and probability of users choosing carsharing/GAR by type of utility 

function (with revenue + consumer surplus maximising objective) 

Behaviou

r model 

Of spontaneous 

users, the % 

using carsharing 

Of advance 

reservation users, 

the % using GAR 

Of Adv→Spon. 

users, the % of 

using carsharing 

 
 

Model t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenu

e 

Revenue 

loss 

comparin

g with 

Table 6.6 

Linear 70

% 

72

% 

59

% 

96% 97% N/

A 

N/

A 
70

% 

65

% 

£27.81 -5.0% 

CARA 

(attribute-

level) 

79

% 

80

% 

60

% 

100

% 

100

% 

N/

A 

N/

A 

N/A N/A £14.59 -46.1% 

CRRA 

(attribute-

level) 

79

% 

80

% 

60

% 

100

% 

100

% 

N/

A 

N/

A 

N/A N/A £14.64 -44.5% 

Quadratic 

(attribute-

level) 

 

N/A  

CARA 

(utility-

level) 

75

% 

79

% 

59

% 

100

% 

100

% 

N/

A 

N/

A 

N/A N/A £15.99 -42.5% 

CRRA 

(utility-

level) 

70

% 

74

% 

60

% 

96% 97% N/

A 

N/

A 

70

% 

75

% 

£27.78 -4.9% 

Quadratic 

(utility-

level) 

N/A  
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Table 6.11 Prices charged to different types of users (with revenue + consumer surplus maximising 

objective) 

Behaviour 

model 

Price charged from 

spontaneous users 

Price charged from 

advance reservation 

users 

Price charged from 

Adv→Spon. users 

 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 

Linear £5.49 £5.52 £5.15 £7.31 £7.15 N/A N/A £5.63 £4.24 

CARA 

(attribute-

level) 

£4.24 £4.09 £5.17 £1.00 £1.00 N/A N/A N/A N/A 

CRRA 

(attribute-

level) 

£4.26 £4.15 £5.17 £1.00 £1.00 N/A N/A N/A N/A 

Quadratic 

(attribute-

level) 

N/A 

CARA 

(utility-level) 

£4.78 £4.63 £5.17 £1.38 £1.38 N/A N/A N/A N/A 

CRRA 

(utility-level) 

£5.56 £5.49 £5.15 £7.28 £6.99 N/A N/A £5.30 £5.43 

Quadratic 

(utility-level) 
N/A 

 

6.3.5. Sensitivity test: Risk-seeking vs risk-averse users 

Users in our SC survey dataset are in general risk-seeking (strong and significant risk-seeking to 

price, and weak and insignificant risk-aversion to walking time). We did not find statistical significant 

heterogeneities in users’ risk preference in our SC survey data, but it is reasonable that there is risk 

preference heterogeneity in real-world FFCS users. 

To test if our choice-based optimisation model is applicable to cases where the users are risk-averse, 

we flip the sign of risk-preference parameters that are estimated in Chapter 5 and make the 

respondents ‘risk-averse’. Similar to Figure 6.4, we plot the utility curve of these risk-averse users as 

Figure 6.6. Comparing with Figure 6.4 (c)-(f), the ‘point of indifference’ price (~8) for the risk-averse 

users are higher than the risk-seeking user case (~6), so we can expect that the operator’s revenue and 

the usage of GAR is higher in this risk-aversion case. 

 
(a) 

 
(b) 
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(c) 

 
(d) 

Figure 6.6 Utility (observable part) of carsharing vs. opt-out when users are risk averse. 

Panel: (a) GAR vs wait and use on-demand for CARA (attribute-level transformation), (b) GAR vs 

wait and use on-demand for CARA (utility-level transformation), (c) GAR vs wait and use on-demand 

for CRRA (attribute-level transformation), (d) GAR vs wait and use on-demand for CRRA (utility-

level transformation) 

Table 6.12 Variation in revenue and probability of users choosing carsharing/GAR by type of utility 

function (with revenue-maximising objective function and risk-averse users) 

Behaviour 

model 

Of spontaneous 

users, the % using 

carsharing 

Of advance 

reservation users, 

the % using GAR 

Of Adv→Spon. 

users, the % of using 

carsharing 

 

 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

Linear 

 

63% 66% 50% 89% 84% N/A N/A 59% 52% £29.26 

CARA 

(attribute-

level) 

 

61% 66% 50% 100% 100% N/A N/A N/A N/A £30.14 

CRRA 

(attribute-

level) 

 

61% 67% 50% 100% 100% N/A N/A N/A N/A £28.79 

CARA 

(utility-

level) 

 

61% 66% 50% 100% 100% N/A N/A N/A N/A £34.68 

CRRA 

(utility-

level) 

62% 66% 50% 96% 99% N/A N/A 60% N/A £30.29 

 

The results in Table 6.12 are consistent with our expectation. Operator’s revenue and the usage of 

GAR for CARA-attribute, CRRA-attribute, CARA-utility and CRRA-utility in Table 6.12 are higher 

comparing with results in Table 6.6. We present the average prices charged for different types of users 

in Table 6.13. Comparing with Table 6.7, the prices charged on advance reservation users for CARA-

attribute, CRRA-attribute, CARA-utility and CRRA-utility in Table 6.13 are higher, and this is the 

reason why the revenue of CARA-attribute, CRRA-attribute, CARA-utility and CRRA-utility models 

is higher for this risk-aversion case. 
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Table 6.13 Prices charged to different types of users (with revenue-maximising objective function and 

risk-averse users) 

Behaviour 

model 

Price charged from 

spontaneous users 

Price charged from 

advance reservation 

users 

Price charged from 

Adv→Spon. users 

 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 

Linear 

 

£5.80 £5.86 £6.20 £8.41 £9.18 N/A N/A £6.09 £5.80 

CARA 

(attribute-

level) 

 

£5.91 £5.75 £6.46 £8.19 £8.20 N/A N/A N/A N/A 

CRRA 

(attribute-

level) 

 

£5.77 £5.98 £6.25 £7.54 £7.54 N/A N/A N/A N/A 

Quadratic 

(attribute-

level) 

 

N/A 

CARA 

(utility-level) 

 

£5.77 £6.01 £6.25 £10.50 £10.50 N/A N/A N/A N/A 

CRRA 

(utility-level) 

 

£5.76 £6.00 £6.25 £8.56 £8.27 N/A N/A £6.05 N/A 

Quadratic 

(utility-level) N/A 

 

 

6.3.6. Sensitivity test: Demand patterns 

Up to this point, we tested a single demand pattern. To test whether the result is consistent for other 

demand patterns, we specify in this section a different pattern in which spontaneous users and 

advance reservation users are travelling in opposite directions (see Table 6.14) so that there is no 

overlap in the choice sets of spontaneous users and advance reservation users (because Zone A to 

Zone B (or C) can only be reached by car, so a user travels from Zone A to Zone B (or C) will not 

accept service tuples originated from Zone B (or C) and vice versa). The choice sets of demand 

pattern in the previous analysis have an overlap, because the spontaneous users and advance 

reservation users are travelling in the same direction (i.e. service (𝐴 → 𝐵, 𝑡𝑟 = 1, 𝑡𝑙 = 3)𝑠 and 

(𝐴 → 𝐶, 𝑡𝑟 = 1, 𝑡𝑙 = 3)𝑢 are in the choice sets of both user (𝐴 → 𝐵, 𝑡𝑟 = 1, 𝑡𝑙 = 2)𝑢 and user 

(𝐴 → 𝐶, 𝑡𝑟 = 1, 𝑡𝑙 = 3)𝑢, see Table 6.5). In addition to the ‘overlapping’ and ‘non-overlapping’ 

choice sets, the demand pattern in this section is more ‘symmetric’ compared to the ‘overlapping’ 

demand pattern. Capability to accommodate symmetric versus asymmetric demand patterns is 

important for future research to further develop the propose framework. 

The revenue maximisation results are presented in Table 6.15 (detailed results are presented in Table 

F.1 in Appendix F). Comparing with results in Table 6.6, the results for CARA-attribute, CARA-

utility and CRRA-attribute show a lower operator’s revenue comparing to Linear and CRRA-utility 

results, which is the same as the ‘overlapping’ case in Section 6.3.2. The difference between the 

‘overlapping’ and ‘non-overlapping’ result is that the ‘no overlapping’ demand pattern in general has 
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a higher spontaneous carsharing usage for spontaneous users and a correspondingly lower GAR usage 

for advance reservation users. 

 

 

Table 6.14 Demand patterns (optimisation, no choice set overlapping) 

   Demand pattern 

Known 

requests/reservations 

Spontaneous requests t=1 (𝐴 → 𝐵, 𝑡𝑟 = 1, 𝑡𝑙 = 2)𝑢  

 

t=2 (𝐴 → 𝐵, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢   

 

t=3 (𝐴 → 𝐵, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢  

(𝐶 → 𝐴, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢  

  

Advance reservations t=1 (𝐶 → 𝐴, 𝑡𝑟 = 1, 𝑡𝑙 = 3)𝑢  

 

t=2 (𝐶 → 𝐴, 𝑡𝑟 = 2, 𝑡𝑙 = 4)𝑢  

 

t=3 N/A 

Predicted 

requests/reservations 

Spontaneous requests t=1 (𝐴 → 𝐵, 𝑡𝑟 = 2, 𝑡𝑙 = 3)𝑢  

 

t=2 (𝐴 → 𝐵, 𝑡𝑟 = 3, 𝑡𝑙 = 4)𝑢  

 

t=3 N/A 

Advance reservations t=1 (𝐶 → 𝐴, 𝑡𝑟 = 2, 𝑡𝑙 = 4)𝑢  

 

t=2 (𝐶 → 𝐴, 𝑡𝑟 = 3, 𝑡𝑙 = 5)𝑢  

 

t=3 N/A 

 

 

This difference is caused by the difference in willingness-to-pay (WTP) for carsharing services for 

spontaneous and advance reservation users. Figure 6.4 indicates that the operator elects to charge 

higher price for GAR service to advance reservation users (Figure 6.4 (b)-(f)) and a lower price to 

spontaneous users (Figure 6.4 (a)). In the ‘overlapping’ case, the revenue maximising strategy leads 

the operator to charge the ‘overlapping’ services at a price between the WTP of spontaneous users and 

advance reservation users. This price attracts more advance reservation users, but makes spontaneous 

users choose lower-priced carsharing service tuples or use other modes. Hence, the spontaneous 

carsharing usage is lower and the GAR usage is higher for the ‘overlapping’ case comparing with the 

‘non-overlapping’ case. The prices for GAR services present in Table 6.16 demonstrate this finding. 

Comparing with Table 6.7, the price charged for advance reservation users are higher in Table 6.16. 
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Table 6.15 Variation in revenue and probability of users choosing carsharing/GAR by type of utility 

function (with revenue-maximising objective function, no choice set overlapping) 

Behaviour 

model 

Of spontaneous 

users, the % using 

carsharing 

Of advance 

reservation users, 

the % using GAR 

Of Adv→Spon. 

users, the % of using 

carsharing 

 

 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

Linear 69% 70% 53% 89% 84% N/A N/A 66% 61% £30.95 

CARA 

(attribute-

level) 

69% 70% 53% 83% 71% N/A N/A 69% 64% £29.16 

CRRA 

(attribute-

level) 

68% 70% 53% 78% 69% N/A N/A 72% 55% £28.25 

Quadratic 

(attribute-

level) 

N/A 

CARA 

(utility-

level) 

69% 70% 53% 92% 81% N/A N/A 63% 67% £29.60 

CRRA 

(utility-

level) 

69% 70% 54% 89% 84% N/A N/A 66% 61% £30.93 

Quadratic 

(utility-

level) 

N/A 

 

Table 6.16 Prices charged from different types of users (with revenue-maximising objective function, 

no choice set overlapping) 

Behaviour 

model 

Price charged from 

spontaneous users 

Price charged from 

advance reservation 

users 

Price charged from 

Adv→Spon. users 

 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 

Linear £5.97 £6.04 £6.45 £8.45 £9.25 N/A N/A £5.80 £5.15 

CARA 

(attribute-

level) 

£5.97 £6.15 £6.52 £7.91 £9.51 N/A N/A £5.59 £4.96 

CRRA 

(attribute-

level) 

£5.97 £6.05 £6.46 £7.50 £8.65 N/A N/A £5.80 £5.84 

Quadratic 

(attribute-

level) 

N/A 

CARA 

(utility-level) 

£5.97 £6.15 £6.55 £7.41 £8.78 N/A N/A £5.62 £5.12 

CRRA 

(utility-level) 

£5.97 £6.04 £6.18 £8.43 £9.34 N/A N/A £6.08 £5.12 

Quadratic 

(utility-level) 
N/A 
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6.4. Summary 

In this chapter, we develop a choice-based optimisation framework, which can optimise FFCS 

operator’s objective under the consideration of users’ risk preference. We test our choice-based 

optimisation framework by a small-scale numerical example and demonstrate this framework can 

capture different user risk attitudes (risk-seeking and risk-aversion), demand patterns (overlapping 

and non-overlapping choice sets of different types of users), operator’s strategies and the mismatch 

between the operator’s perceived and the actual user behaviour. 

We first introduce a small-scale FFCS system that is employed in testing our choice-based 

optimisation framework. Two important differences between the small-sale case-study FFCS system 

and existing practice are: 1) the FFCS system in our study allows long-term reservation, and 2) it 

considers users spatial-temporal flexibility. We then introduce the choice-based optimisation 

framework, and present two linearisation techniques that we used in the numerical analysis to avoid 

the complexity of nonlinear optimisation. 

We then present the numerical analysis results based on the small-scaled FFCS system. The numerical 

parameters describing choice behaviour are soured from the modelling results described in Chapter 5. 

We first compare the FFCS system with GAR and users’ spatial-temporal flexibility against existing 

FFCS practice (i.e. without dynamic pricing and advance reservation), and then analyse the influence 

of users’ risk attitude on the FFCS system usage and operator’s revenue. We find that when the 

operator’s a priori expectation and the users’ actual tastes towards risk are the same, the revenue is 

similar for riskless- and risky-choice models because the operator charges lower price to attract more 

risk-seeking users. However, when there is a mismatch between the expected and the actual user 

behaviour, the carsharing operator can have a great loss in revenue, which in our numerical example 

was as large as 15%. This is caused by either charging risk-seeking users with high price that reduces 

their willingness of choosing GAR, or charging the risk-seeking users with low price that does not 

reduce users’ usage of GAR but sacrifices the operator’s revenue. Hence, having a correct estimating 

of users’ risk preference and applying behaviour models with the correct risk preference to carsharing 

system optimisation is essential, otherwise the operator loses revenue, or loses customers if they 

consistently charging the users a high price. 

We also investigated sensitivity of results to a variety of stimuli, including comparing two prospective 

business strategies on the part of an FFCS operator, in which either private welfare or social welfare is 

maximised. We compare the results by maximising operator’s revenue only and the results by 

maximising both the operator’s revenue and consumer surplus. We find that by adding consumer 

surplus into the objective function, the usage of carsharing (both spontaneous FFCS and GAR) 

increases and the operator’s revenue decreases for all behaviour models, especially for behaviour 

models that is very nonlinear (CARA-attribute, CARA-utility, and CRRA-attribute). This is caused by 

the large reduction on the prices charged from GAR products, which is due to the nature of the convex 

shape of these utility functions. The utility reduces very fast when the price rises from the lower 

bound to the point of indifference (where the utility of choosing GAR services equals to ‘wait and use 

on-demand’). As the objective function considers both revenue and consumer surplus, it is reasonable 

to charge a low price for GAR services in order to have a larger gain in consumer surplus. 

The last two sensitivity tests we perform in this chapter is users’ risk preference and demand patterns. 

The reason of performing these two sensitivity tests is to demonstrate our choice-based optimisation 

framework is applicable to different users’ risk preference cases and demand patterns. Additionally, as 

it is reasonable that there is heterogeneity in users’ risk preferences in the real-world FFCS users 

(some users are risk-seeking whereas other users are risk-averse), and the demand pattern varies 

throughout the day (asymmetric during the rush hours and more symmetric during the off-peak time), 

the sensitivity tests also serve as starting points for future analysis based on a larger-scale real-world 
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FFCS system. The sensitivity tests results show that our choice-based optimisation framework can 

capture different users’ risk attitudes and demand patterns, which demonstrates that this choice-based 

optimisation framework has the potential to serve as a decision support tool for real-world FFCS 

operators. 
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7. Conclusion 

7.1. Summary and contributions 

The main objective of this study is to better understand free-floating carsharing (FFCS) users’ choice 

behaviour under uncertainties, especially their responses to dynamic pricing, and help FFCS operators 

determine their pricing strategy according to users’ behaviour. The idea of this study is originated 

from revenue management, whose intention is to understand customers’ behaviour and help the 

operator obtain a higher revenue. 

To achieve the objectives of this study, we present a more flexible FFCS system with dynamic pricing 

and a guaranteed advance reservation (GAR) service. Since FFCS is highly volatile in terms of 

spatial-temporal vehicle distribution and user demand, we propose a stated choice survey approach 

that is able to capture users’ attitudes towards the uncertainties in the FFCS system. We estimate 

FFCS users’ risk preferences for the uncertainties (price and vehicle location) in FFCS, and 

implement the behaviour models to revenue management. We establish a choice-based optimisation 

framework that helps the FFCS operator determine price dynamically under the consideration of 

users’ risk preferences. 

We present the stated choice survey design approach in Chapter 4. We propose three games in the SC 

survey in order to get respondents gradually familiar to the FFCS system in this study. Game 1 in the 

SC survey is similar to the existing FFCS service. The only difference is that the respondents can 

choose between two FFCS options based on the trade-off between price and time (Section 4.1). Game 

2 adds users’ temporal flexibility by allowing them to request a vehicle that is currently in use by 

others and will be available shortly (Section 4.1). Section 4.2 presents the design approach of Game 3, 

which allows respondents to reserve a shared vehicle for a journey that will start several hours 

subsequently (GAR). Two interactive dimensions of uncertainty (walking time and price) are 

presented in Game 3. 

Chapter 5 presents the behaviour modelling results. We demonstrate that our SC survey design is 

capable of collecting users’ responses for two dimensions of uncertainty. We find that respondents are 

risk-seeking to uncertain price, and weakly and insignificantly risk averse to walking time. 

Respondents show risk seeking when the two uncertainties are integrated, but they have a positive 

willingness to pay for GAR. This suggests that the guaranteed price and vehicle location may not be 

the primary reason for respondents choosing GAR. 

Chapter 6 presents the choice-based optimisation framework which maximises FFCS operators’ 

revenue considering users’ risk preference. We present two approaches to simplifying the non-linear, 

non-convex choice-based optimisation, which are (1) simulating future demand scenarios and error 

terms and (2) nonlinear piecewise approximation. We demonstrate this choice-based optimisation 

framework is capable of helping FFCS operators in price setting under different demand patterns and 

users’ risk preference (risk-seeking and risk-averse) by a numerical study, which show that our 

choice-based optimisation framework can be extended to a decision support system for a real-world 

FFCS operator. We perform sensitivity tests on (1) the mismatch between the perceived and the actual 

user risk preference and (2) the producer surplus maximisation vs producer surplus + consumer 

surplus optimisation. We find the mismatch between the perceived and the actual user risk preference 

may bring revenue loss to the operator by a numerical example. Users’ price sensitivity, which can be 

caused by users’ risk preference, has a large impact on the pricing strategy when FFCS operators’ 

operational strategy takes consumer surplus into consideration. 

7.2. Future Research directions 
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We now conclude this paper with a discussion of future research needs. One possible future work is 

adding car availability as the third dimension of uncertainty in the stated choice survey. One 

important reason that we did not add this dimension is that we were unclear about respondents’ 

understanding of more than one dimension of uncertainty. Since we obtained reasonable results from 

the SC survey data with two dimensions of uncertainties, and our behaviour modelling results suggest 

that the motivation of respondents’ choosing GAR might be the guaranteed access to vehicles, it 

would be worthwhile to demonstrate this assumption by constructing an updated SC survey in which 

vehicle unavailability is present as the third dimension of uncertainties. 

We took the activity purpose out from our SC survey because the respondents found it very 

burdensome to consider too many attributes at the same time. We believe, however, that the time 

rigidity of the activity purposed should have a significant influence on users’ willingness to pay for 

GAR and their risk preference (i.e. when the time constraint of an activity is strict such as going to an 

interview, respondents have a much higher willingness to pay for GAR, and they are less sensitive to 

the uncertain price and more sensitive to the walking time and vehicle unavailability). Further 

research should have the time rigidity of activity as a design variable in the SC survey. 

We limited our numerical study to a small-scale system because of the computational time. Further 

research is needed to extend the current optimisation model to a real-world scale system so that it is 

practical in the context of much larger-scale real-world FFCS system. As we discussed in Section 

6.2.1, scaling up the optimisation framework requires investigating the spatially clustering of zones 

and temporally clustering of time steps. Further study on whether the entire FFCS business area can 

be clustered to several disjoint smaller business areas and parallelised, how to define the level of 

demand pattern asymmetry, and what level of asymmetry is the best threshold to trigger dynamic 

pricing are necessary for scaling up the problem and making it applicable to a larger scale real-world 

FFCS system. 

We focus primarily on the influence of users’ risk preference on the revenue. In future, analysis is 

required of the influence of users’ risk preferences on the cost structure of FFCS operations, including 

the cost on the daily operational management (considering the changes in demand patterns throughout 

the day, i.e. asymmetric in the morning and evening peak times and symmetric in the rest of the day) 

as well as more strategic aspects of the deployment of FFCS systems (i.e. fleet size, parking spaces, 

etc.). Additionally, we did not consider the risk preference of the operator and the long-term 

interaction of the operator and the user, and we think there is a great value to having both players’ (the 

operator and the user) behaviour model in the profit maximisation model and to analyse their 

interactions. 

Shared mobility is an emerging market, and carsharing is only one component of it. Having multiple 

modes of shared mobility and traditional modes of transport and providing users with proper 

integrated mobility as a service (MaaS) is an increasingly popular concept, both in academia and in 

industry. Extending this research from carsharing to more general frameworks such as hybrid services 

that combine features of self-driving and expert driver (e.g. ride-hailing) networks can also be 

considered as a next step for future research, and it will be valuable to extend the type of vehicle from 

conventional vehicles to self-driving vehicles. 
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Appendix A: Carsharing research review 

Table A.1 Review of carsharing adoption, behaviour modelling and demand forecast studies 

 Objective Data 

type 

Data size (and 

survey time and 

location) 

Design variables Alternatives Other dependent variables Fitted model Main findings 

(Rotaris et al., 
2019) 

Mode choice 
of round-trip, 

station-based 

and FFCS 

carsharing 

SC n=400 (April 2016 in 
Milan and June 2016 

in Rome) 

Cost; 
Access distance; 

Engine type; 

Carsharing type 

(round-trip, one-

way, FFCS) 

Commuting/not 
commuting 

 

Carsharing; 
Car; 

Scooter; 

PT 

Train; 

Walking; 

Bicycle 

 ML 1. Carsharing is used on an 
occasional basis; 

2. Students prefer FFCS over 

the other two types of carsharing 

3. Lower fares and higher 

vehicle supply, especially EVs 

would increase the number of 
carsharing subscribers; 

4. Carsharing substitutes private 

vehicle and PT 
 

(Webb et al., 

2019) 

Adoption of 

shared 
electric 

autonomous 

vehicles 
(SEAV) 

SC n=172 (June 2017, 

Brisbane, Australia) 

Cost; 

Number of serious 
accidents per 

annum; 

Increase in urban 
space from less 

parking space; 

Extra travel time 
due to congestion 

50% SEAV/50% 

private car 
80% SEAV/20% 

private car 

100% private car 

Age; 

Gender; 
Marital status; 

Distance to CBD; 

Number of children; 
Income; 

Car ownership; 

Attitudes to driving 
Attitudes to the environment; 

Attitudes to share; 

Attitudes to public transport 
 

MNL 1 Cost is the most important 

factor in the adoption of SEAV; 
2 SEAV adopters are more 

likely to be high income, 

commuters, married couples, 
young and live closer to the 

CBD and less likely to have 

children and love driving 

(Yoon et al., 

2019) 

Carsharing 

demand 
prediction 

(long term) 

SC n=1010 (Summer 

2013, Beijing) 

Cost; 

Time spent on 
travel; 

Vehicle type; 
Decals 

Weather and air 

quality 
 

Carsharing; 

Original mode (bus, 
cycle, etc.) 

Age; 

Gender; 
Income; 

Education; 
Residential type; 

Car ownership; 

Driving license ownership 
 

BNL, simulation 1 The market share of 

carsharing ranges from 9% to 
32%; 

2 EV fleet with level 2 chargers 
is more suitable for the Beijing 

market 

(Asgari et al., 

2018) 

Mode choice 

of ridehailing 
with AVs 

SC n=878 (April-May 

2017, US) 

Cost; 

Travel time; 
Multitasking 

Shared ridesourcing; 

Exclusive 
ridesourcing; 

Car; 

Transit 
 

 Descriptive 1 Single ride autonomous 

vehicle journey is preferred than 
shared rides for most people; 

2 Shared rides show higher 

potential than single rides for 
transit users 
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 Objective Data 

type 
Data size, time and 

location 
Design variables Alternatives Other dependent variables Fitted model Main findings 

(Liao et al., 

2018) 

Adoption of 

carsharing 

(round-trip or 
one-way) 

SC n=1003 (June 2016, 

The Netherland) 

Cost (operating, 

purchase, 

membership); 
Access time; 

Fuel type; 

Car availability 
 

Carsharing; 

Car 

Trip frequency; 

Trip duration; 

Stay time at destination; 
Trip purpose 

Latent class 

ordinal regression 

1 40% car drivers are willing to 

replace car trips by carsharing 

and 20% stated they may forego 
car purchase plan or reduce car 

ownership; 

2 There is no significant 
correlation between trip 

replacement and car ownership 

reduction; 
3 The features of carsharing 

system does not have substantial 

impact on people’s intention; 
4 EV is attractive to a segment 

of population and has no 

negative impact on other 
segments 

 

(Jung and 
Koo, 2018) 

Mode choice 
of round-trip 

and 

one-way 
carsharing 

SC n=807 (April 2017, 
South Korea) 

Cost; 
Vehicle delivery 

service; 

One-way allowed; 
Vehicle type; 

Fuel type; 
Fuel charging 

station supply rate 

Carsharing (two 
alternatives); 

Opt-out 

Age; 
Education; 

Income; 

Environmental concern; 

ML 1 The usage of carsharing is 
positively associated with the 

number of charging or fuelling 

stations, the existence of EV in 
the fleet, the existence of one-

way service, and negative 
associated with the cost; 

2 People who are younger, 

highly educated, eco-friendly 
and wealthier are more likely to 

use carsharing 

 
(Ströhle et al., 

2019) 

Trade-off of 

cost and 

flexibility for 
round-trip 

carsharing 

users 
 

 

SC n=1529 (survey time 

and area not stated) 

Cost; 

Walking distance; 

Scheduled pick-up 
time; 

Carsharing (three 

alternatives); 

Opt-out 

 ML There is substantial 

heterogeneity regarding spatial-

temporal flexibility in users 

(Winter et al., 
2018) 

Mode choice 
of FFCS and 

shared 

autonomous 
vehicles 

SC n=796, (April 2016, 
the Netherlands) 

Cost (travel and 
parking); 

Time (walking, 

waiting, in-vehicle, 
parking search) 

FFCS, shared 
autonomous vehicles, 

bus, taxi, car 

Age; Gender; Education; 
Children; Income; Car 

ownership; Modes of transport 

for commuting; Experience of 
using ridehailing 

NL 1 Young and highly educated 
people are more likely to use 

carsharing; 

2 Current PT users are more 
likely to use shared autonomous 

vehicle than current car users 
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 Objective Data 

type 
Data size, time and 

location 
Design variables Alternatives Other dependent variables Fitted model Main findings 

(Kim et al., 

2017a) 

Round-trip 

Carsharing 

adoption 
influenced by 

social 

distance 

SC n=955 (April 2015, 

the Netherlands) 

Cost;  

Time spent on 

travel; Availability 
of car-use 

(uncertain); 

Social influence 

Carsharing; 

Car;  

Buy an 2nd car; 
PT; 

Age; 

Gender; 

Household size; 
Having children and children’s 

age; 

Education; 
Income; 

Satisfaction with current 

mobility option; 
Social distance 

 

HCM People are more willing to join 

carsharing when more family 

members and friends joined 
before. A higher contact 

frequency can increase the 

influence. 

(Kim et al., 
2017b) 

Round-trip 
carsharing 

adoption 

under 
uncertain 

shared 

vehicle 
availability 

SC n=955 (April 2015, 
the Netherlands) 

Cost;  
Time spent on 

travel; Availability 

of car-use 
(uncertain) 

Carsharing; 
Car;  

Buy an 2nd car; 

PT;  

Age; Gender; 
Household size; 

Having children and children’s 

age; 
Education; 

Income; 

Satisfaction with current 
mobility option; 

 

HCM Vehicle availability has a 
significant impact on the 

decision of joining carsharing 

(Kim et al., 
2017c) 

Mode choice 
under travel 

time 
uncertainty of 

round-trip 

carsharing 
 

SC n=791 (April 2015, 
the Netherlands) 

Cost; 
Time spent on 

travel (uncertain); 
Time pressure; 

Activity duration; 

Carsharing; 
Car; 

PT 

Intrinsic preference for driving; 
Environmental concern; 

Symbolic value of car; 
Privacy seeking 

 

HCM 1 Time constraints, lack of 
spontaneity and large variation 

in travel time significantly 
decrease people’s intention of 

using carsharing; 

2 Environmental concern is 
negatively associated with the 

usage of carsharing and car 

3 Symbolic value of car is 
positively associated with the 

use of car and negatively 

associated with the use of 
carsharing 

4 Privacy concern is positively 

associated with the usage of car 
and carsharing 

 

(Yoon et al., 
2017) 

Mode choice 
of round-trip 

and 

one-way 
carsharing 

SC n=1010 (Summer 
2013, Beijing) 

Cost; 
Time spent on 

travel; 

Vehicle type; 
Decals 

Weather and air 

quality 
 

Carsharing; 
Original mode (bus, 

cycle, etc.) 

Age; 
Gender; 

Income; 

Education; 
Residential type; 

Car ownership; 

Driving license ownership 
 

MNL The most important 
consideration for carsharing 

users is price 
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 Objective Data 

type 
Data size, time and 

location 
Design variables Alternatives Other dependent variables Fitted model Main findings 

(Cartenì et al., 

2016) 

Carsharing 

adoption (the 

carsharing 
stations are 

Outside of the 

city. 
Customers 

park private 

cars there and 
change to 

carsharing 

vehicles) 
 

 

SC More than 600 (in 

South Italy; do not 

state the survey time) 

Cost; 

Time spent on 

travel; 
Having EV 

Carsharing; 

Car 

Age; 

Gender 

Car ownership; 
Trip frequency; 

Employment status; 

Trip purpose; 
EV preference 

MNL 1 Cost is the strongest predictor 

in carsharing adoption 

2 The possibility of using EVs is 
positively associated with the 

possibility of using carsharing 

(Krueger et 
al., 2016) 

Mode choice 
of shared 

autonomous 

vehicles 

SC n=435 (April 2015, 
Australia) 

Cost; 
Time spent on 

travel 

Shared AV (two 
alternatives); 

Current mode 

Age; 
Gender; 

Income; 

Having children; 
Car ownership; 

Carsharing membership; 

Modality style; 
Trip purpose and means of 

transport for the reference trip 
 

ML 1 Price, travel time and waiting 
time are significant predictors 

for the adoption of SAVs 

2 SAVs with and without 
dynamic ridesharing are 

perceived as different modes of 

transport; 
3 Young people and individuals 

with multimodal travel patterns 
are more likely to accept SAVs 

 

 
(Zoepf and 

Keith, 2016) 

Round-trip 

carsharing 

characteristics 

SC n=3958 (October 

2013, U.S.) 

Cost; 

Walking distance; 

Scheduled pick-up 
time; 

Fuel type 

Carsharing (four 

alternatives); 

Opt-out 

Having children; 

Typical trip length; 

Current mobility option; 
City where carsharing is used; 

Typical leading time for 

reserving carsharing vehicles 
 

MNL; 

ML 

1 Carsharing can introduce users 

to new vehicle technology; 

2 Users prefer not to take EVs 
or hybrid vehicles in long 

distance travel unless the hybrid 

car does not have obvious range 
limitations 

 

 
(de Luca and 

Di Pace, 

2015) 

Mode choice 

of one-way 

carsharing 

SC n=500 (Spring 2012, 

South Italy) 

Cost; 

Time spent on 

travel 

Carsharing; 

Car; 

Carpool; 
PT 

Age; 

Gender; 

Trip frequency; 
Car trip frequency; 

Home-based trip; 

Trip origin; 
Car ownership 

 

 
 

MNL; 

ML 

The inter-urban carsharing 

service is a substitute for car but 

a complementary for PT 
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 Objective Data 

type 
Data size, time and 

location 
Design variables Alternatives Other dependent variables Fitted model Main findings 

(Shaheen et 

al., 2016) 

Mode choice 

of carsharing 

SC n=342 (Feb. 2011, 

San Francisco Bay 

Area) 

Not stated Not stated Age; 

Education; 

Income; 
Race; 

Trip distance; 

Trip destination; 
Length of carsharing usage per 

day; 

Attitude towards electric 
vehicle; 

Type of PT to take; 

PT usage frequency; 
Whether plan trip in advance; 

How far in advance for trip 

planning 
 

Descriptive Most respondents show interests 

to EVs 

(de Luca and 

Di Pace, 
2014) 

Mode choice 

of one-way 
station-based 

carsharing 

SC n=962 (in South Italy, 

do not state the survey 
time) 

Cost; 

Time spent on 
travel; 

Carpooling 

Carsharing; 

Car (as driver or 
passenger); 

Bus 

 
 

 

Gender; 

Trip frequency; 
Car ownership; 

MNL 

ML 

1 The expected maximum utility 

is the most significant variable 
2 The weekly trip frequency and 

travel distance are negative 

associated with carsharing usage 

(Le Vine et 

al., 2014b) 

Round-trip 

and free-

floating 
carsharing 

adoption and 

mode choice 

SC n=72 (February-

March 2011, London) 

Cost; 

Time spent on 

travel 

Carsharing; 

Car; 

PT; 
Taxi; 

Walk; 

Cycle 
 

 MNL 1 The market potential of one-

way carsharing is two to three 

times greater than round-trip 
carsharing; 

2 The largest VMT reduction is 

found from introducing round-
trip carsharing across all of 

London; 

3 One-way carsharing is more 
preferred than round-trip 

4 One-way carsharing is a 

substitute for PT and round-trip 
is a compliment for PT 

 

(Efthymiou et 
al., 2013) 

Carsharing 
and 

bikesharing 

adoption 

SC n=233 (Greece, 
survey time not stated) 

Not provided Intention of joining 
carsharing/bikesharing 

(Likert scale) 

Education; 
Trip frequency to school; 

Mode for 

commute/grocery/social activity; 
Travel duration for commute; 

Employment status; 

Age 
 

Ordered logit Mid- to high-income and young 
people are more likely to join 

carsharing and bike sharing. 

Carsharing is more attractive to 
PT users and bikesharing is 

more attractive to those who 

travel by foot 
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 Objective Data 

type 
Data size, time and 

location 
Design variables Alternatives Other dependent variables Fitted model Main findings 

(Hironori et 

al., 2013) 

Carsharing 

adoption and 

mode choice 
of carsharing 

 

SC n=208+275+158+365 

(February to April 

2010, Japan) 

Cost; 

Time spent on 

travel 

Carsharing; 

Car; 

Bus; 
Rail 

 

Gender; 

Income 

MNL 1 The awareness of carsharing is 

higher among car owners, but 

non-car owners are more likely 
to participate carsharing 

2 Lower cost and better 

accessibility to shared vehicles 
can attract more users 

 

(Wang et al., 
2012)c 

Carsharing 
adoption 

SC n=271 (No. of 
replication not stated, 

Nov.2010-Feb 2011, 

Shanghai) 

Not stated Carsharing preference 
(Likert scale) 

Age; 
Income; 

Education; 

Commute travel time; 
Attitudinal questions 

(environmental concern, traffic 

accident concern, etc.); 
Major shopping mode; 

Car purchase plan 

 
 

Ordinal regression Potential carsharing users are 
younger, educated, having long 

travel time for commuting, and 

have fewer private cars 

(Zheng et al., 

2009) 

Round-trip 

carsharing 
adoption 

SC n=4141 (in University 

of Wisconsin-
Madison, do not state 

the time of survey) 

Cost; 

Walking distance 

Two carsharing 

pricing plans; 
Opt-out 

Gender; 

Job (faculty, student, etc); 
Having roommates; 

Attitudes to car ownership; 
Environmental concern; 

Familiarity with carsharing; 

Truck ownership; 
Trip purposes with non-private 

vehicles; 

 
 

Logistic 

regression 
  

Socio-economic characteristics, 

travel habits, attitudes on 
transportation and environment, 

and awareness of carsharing 
have significant influence of 

carsharing subscription decision 

(Catalano et 

al., 2008) 

Mode choice 

of one-way 
station-based 

carsharing 

SC n=495 (in Palermo, 

Italy; do not state the 
survey time) 

Cost; 

Time spent on 
travel 

Carsharing; 

Car; 
PT; 

Carpooling 

 

 MNL; 

NL 

 

(Boldrini et 

al., 2019) 

FFCS short-

term demand 

forecast 

Oper

ation

al 
data 

826691 trips in total 

(May-June 2015 in 

Amsterdam, Berlin, 
Florence, 

Copenhagen, Milan, 

Rome, Stockholm, 
Turin, Vienna and 

March-May 2015 in 

Munich) 
 

NA NA Historical operational data; 

Time/week of day; 

Holiday 

Historical 

average, historical 

mean, ARIMA, 
random forest, 

neural network 

Random forest is the best 

demand forecasting approach 
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 Objective Data 

type 
Data size, time and 

location 
Design variables Alternatives Other dependent variables Fitted model Main findings 

(Bulteau et al., 

2019) 

Characterise 

car-poolers 

and 
carsharing 

users 

 

RP Survey in Paris, Sept. 

2016, n=2002, 

NA NA Gender; Age; Education; 

Income; Car ownership; 

Household size; Transportation 
budget; Travel time to commute; 

Carpooling service availability 

at work; Awareness of 
carsharing/carpooling; Existing 

of car-poolers in 

family/friends/colleagues; 
population density, Social mix; 

Deprivation index; Density of 

carsharing stations; Existence of 
Train stations 

 

MNL, Poisson 

regression 

1 Carpooling is popular for 

people living in deprived 

neighbourhoods, whereas 
carsharing is for wealthier and 

denser neighbourhoods; 

2 The existence of carpooling 
service in the workplace is 

positively associated with 

carpooling commuting; 
3 The awareness of carsharing is 

positively associated with 

carsharing usage; 
4 The existence of car-pooler or 

carsharing user is positively 

associated with the usage of 
both carpooling and carsharing 

usage 

 
(Y. Cheng et 

al., 2019) 

Demand 

forecast 

(long-term) 
for one-way 

station-based 
CS 

Oper

ation

al 
data; 

POI 
data; 

Gridd

ed 
popul

ation 

data 

Data size not stated 

(March-April 2018, 

Chengdu) 

NA NA POI information 

Population density 

Logistic 

regression; 

Logistic 
regression with 

Lasso; 
Linear 

discriminant 

analysis; 
Quadratic 

discriminant 

analysis; 
Naive Bayes 

 

 

Provide suggestions to 

carsharing operators on the 

location of stations 

(Meelen et al., 

2019) 

Carsharing 

adoption 

RP n=2,516 (March-May 

2014, The Netherland) 

NA Adopt/not adopt 

carsharing 

Motorization rate; 

Population density; 

Distance to facilities; 
Environmental organisation 

membership; 

Household size; 
Income; 

Education; 

Age; 
Western immigrant; 

University city; 

Municipal carsharing policy 
 

Zero-inflated 

negative binomial 

model 

The geography of the area has 

impact on the adoption of 

carsharing 
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 Objective Data 

type 
Data size, time and 

location 
Design variables Alternatives Other dependent variables Fitted model Main findings 

(Ye et al., 

2019) 

Mode choice 

of one-way 

station-based 
CS in 

commuting 

RP n=1920 (May 2017, 

Shanghai 

NA Use/not use carsharing 

to commute 

Age; Gender; Education; 

Employment status; Income; Car 

ownership; Home location; 
Workplace location; Distance to 

the nearest carsharing/PT 

station; Commuting distance; 
Difference between commuting 

by PT and carsharing; 

 

BNL 1 Carsharing commuters are 

more likely live or work in 

suburban areas where PT are not 
well served, highly educated, 

with high income, and older 

than other carsharing members; 
2 High frequent carsharing 

commuters have less private 

vehicle ownership, have high 
income and less sensitive to the 

carsharing cost caused by 

congestion 
 

(Balac et al., 

2018) 

Competition 

between two 
FFCS 

operators 

Oper

ation
al 

data 

Switzerland NA NA NA Agent-based 

simulation 

1 The pricing strategy is 

important when the two FFCS 
operators provide similar 

products; 

2 Relocation is unprofitable 
under the competing 

environment 

 
(Hardt and 

Bogenberger, 
2018) 

Demand 

patterns of 
FFCS 

RP 100,000+ reservations 

(April 2016-March 
2017, Munich) 

 

NA NA Time-of-day; 

Location 
 

Incremental cross-

correlation 
clustering 

There are clusters in the FFCS 

service area with distinct vehicle 
pickup/drop-off and vehicle 

availability features 

 
(Hu et al., 

2018) 

Impact 

factors of 

one-way 
station-based 

carsharing 

demand 

RP 5,790,000 transactions 

(Jan.-Dec. 2017, 

Shanghai) 

NA NA Station attributes (parking 

spaces, distance to nearby 

stations, nearby parking spaces, 
# of nearby stations, operating 

period, latitude, longitude); 

Land use characteristics (% or 
residential/industrial/office land, 

transit hub, college, shopping 

centre); Socio-demographic 
features (population density, % 

of males/females, % of old 

people, % of adults, housing 
price); Transit proximity (# of 

PT stops, distance to PT stops, # 

of bus/metro lines) 
Time of day/week; Road 

facilities 

 

Generalised 

additive mixed 

model 

1 Stations with more parking 

spaces, longer business hours 

and fewer nearby stations are 
more likely to have a high 

demand; 

2 An area with a high 
population density, high 

percentage of adults, high 

percentage of males, high road 
density and high mixed land use 

attracts more carsharing demand 

3 Stations near transit hubs, 
colleges and shopping centres 

have higher demands; 

4 Shared vehicles are often 
oversupplied at transit hubs; 

5 Transit proximity and housing 

price are nonlinear predictors 
for carsharing usage 



148 

 

 Objective Data 

type 
Data size, time and 

location 
Design variables Alternatives Other dependent variables Fitted model Main findings 

(Sprei et al., 

2019) 

Travel time 

and usage 

pattern 
 

RP 12 cities in Europe 

and US 

NA NA NA Descriptive 1 Carsharing is mainly used for 

shorter trips; 

2 EV sharing has a shorter rental 
time and smaller number of 

rentals per day comparing with 

conventional vehicles 
 

(K. Zhang et 

al., 2018) 

Adoption of 

EV 
carsharing 

RP n=124 (Beijing, 

survey time not stated) 

NA Adopt/not adopt EV 

carsharing 

Attitudes towards behaviour; 

Subjective norm; 
Perceived behavioural control; 

Sharing intention;  

Policy support 
 

Structural 

equation model 

Perceived behaviour control is 

the primary factor for adoption 
of EV sharing. Subjective norm 

is also significant. Attitudes 

towards behaviour does not 
have significant influence. 

 

(Balac et al., 
2017) 

Influence of 
parking price 

on FFCS 

demand 

Oper
ation

al, 

censu
s and 

travel 

diary 
 

 

NA NA NA Parking price Agent-based 
modelling 

1 Increase parking price for 
private vehicles increase the 

demand of FFCS 

2 FFCS vehicles use parking 
spaces more efficiently than 

private cars 

 

(Becker et al., 

2017a) 

Mode choice 

of FFCS 

RP 44,674 choice 

situations (Data time 

not stated, Basel) 

NA Carsharing; 

PT; Bike; 

Walk 

PT service quality; 

Inner-city trip 

Night; Weather 
 

MNL FFCS is mainly used for leisure 

trips and in areas with low level 

of PT service 

(Becker et al., 

2017b) 

Carsharing 

adoption, 
frequency of 

usage and 

long-term 
demand 

prediction 

RP Survey in Basel, 1616 

station-based users, 
1104 FFCS users, 

3094 random sample 

NA NA Age, gender, income, 

employment, GA travel card, 
home location, car ownership, 

station-based member; 

 

Ordered probit 1 The market share is between 

6%-12%; 
2 Station-based is used by self-

employed workers who 

appreciate the flexibility of 
access vehicles when needed, 

whereas FFCS attracts young 

men with higher income and 
whose home location is poorly 

served by PT; 

3 Station-based is used for 
previously private vehicle 

journeys, and FFCS is used 

when it save time compared 
with other alternative modes 
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 Objective Data 

type 
Data size, time and 

location 
Design variables Alternatives Other dependent variables Fitted model Main findings 

(Becker et al., 

2017c) 

Carsharing 

adoption 

RP n=6,939 (Swiss micro 

census data, 2010) 

NA Carsharing 

membership; 

Car; 
Season ticket (nation-

wide or local); 

 

Age; Gender; Education; 

Household size; Income;  

PT accessibility; Carsharing 
accessibility; Domestic distance 

travelled; Living and working 

environment; Latent variables 
(high positive loading on items 

demanding the introduction of 

road traffic fees and not 
spending the revenues of such 

fees on the road infrastructure, 

positive loadings on items 
reflecting an inclination towards 

spending revenues from car fees 

on investments in infrastructure 
for PT and slow modes or 

environmental protection 

projects) 
 

Multivariate 

probit; 

Univariate probit 

Carsharing is used as a 

supplement to PT, but it is also 

used by car owners 

(Juschten et 

al., 2017) 

Adoption of 

round-trip 
carsharing 

RP Data size and time are 

not stated 
(Switzerland) 

NA NA # of stations nearby; 

Negative information in 
descripting carsharing stations; 

Availability of luxury/micro-car 
Max days of advance 

reservation; 

Distance to nearest carsharing 
station; 

Age;  

Gender; 
Education;  

Income; 

Car ownership; 
Parking at workplace/resident 

place; 

Average stroke volume of car; 
Yearly mileage of car; 

Bicycle ownership; 

PT tickets ownership; 
# of driving license; 

Attitudes toward road pricing at 

peak times; 
Attitudes toward higher PT price 

at peak times; 

Attitudes toward higher parking 
cost at peak times; 

MNL Areas for the expansion of 

carsharing service are close to 
railways, support multi- and 

inter-model lifestyles and 
suitable for round-trip 

carsharing; 
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 Objective Data 

type 
Data size, time and 

location 
Design variables Alternatives Other dependent variables Fitted model Main findings 

(Willing et al., 

2017) 

Carsharing 

demand 

prediction 
(long-term) 

Oper

ation

al 
data 

>280,000 trips from 

Amsterdam 

and >350,000 for 
Berlin, Feb.-April 

2015 

 
 

NA NA POI information; 

Time of day/week 

Generalised linear 

model 

Provide guidance for carsharing 

when expanding to new cities 

(Balac et al., 

2016) 

Influence of 

parking space 
supply on 

carsharing 

demand 
 

Oper

ation
al 

data 

NA NA NA Parking space supply vs demand Agent-based 

simulation 

Insufficient parking space 

supply reduce demand 

(Ciari et al., 

2016) 

Carsharing 

membership 
prediction 

and station 

location 
optimisation 

RP 62,868 individuals 

belonging to 59,971 
households (Swiss 

national travel diaries 

survey (2010)) 

NA NA Age; Gender; 

Education; 
Car availability; 

Living environment (urban, 

suburban, etc.); 
Having season tickets; 

Language area (German, French, 

etc.) 
 

MNL The demand prediction 

approach can be useful in 
searching carsharing expansion 

area 

(Kang et al., 
2016) 

Impact 
factors of 

round-trip 

carsharing 
demand 

RP 2,854 transactions 
(Second week of Dec. 

2014, Seoul) 

NA NA Population density; 
Ratio of 

residential/commercial/business/

education use in the district; 
Number of residents; 

Age; 

Gender; 
Number of registered cars; 

Number of cars per household; 

Number of bus/shuttle 
bus/subway/carsharing in the 

district; 

Frequency of using pods 
assigned by the public-private 

partnership program; 

Existence of the public-private 
partnership program 

 

Linear regression 1 Carsharing demand is high in 
areas with high proportion of 

business land use, high 

percentage of young residence, 
larger number of registered cars 

and less subway entrance 

2 Increase the number of 
carsharing stations, especially 

stations utilising city owned 

public parking facilities 
promotes the usage of 

carsharing 

(Balac et al., 
2015) 

Long-term 
round-trip 

demand 

estimation 

Cens
us 

 NA NA Cost; walking time; in-vehicle 
travel time 

Agent-based 
simulation 

There is untapped potential for 
round-trip carsharing in Zurich, 

and there is a big potential of 

replacing round-trip carsharing 
by one-way carsharing 
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 Objective Data 

type 
Data size, time and 

location 
Design variables Alternatives Other dependent variables Fitted model Main findings 

(Ciari et al., 

2015) 

The influence 

of pricing 

strategy on 
FFCS 

demand 

 

Oper

ation

al 
data 

DriveNow Munich 

(data size not stated) 

NA NA Walking time, travel distance, 

cost, pricing strategy (full price, 

half price, half-price during off-
peak time) 

Agent-based 

simulation 

Pricing strategies may 

structurally change the demand 

patterns and journey-purpose 
profiles of carsharing usage 

(Kawgan-

Kagan, 2015) 

Preferences 

of female 

early adopters 
on EV 

carsharing 

RP n=492 (July-Sept. 

2014, Berlin) 

NA NA Car/bike/PT/long-distance 

train/mobility service/owning a 

car/mobility related 
environment/technology 

affinity; Innovator scale; 

Gender; Age; Education; 
Employment status; Income 

 

Descriptive 

analysis 

Female early adopters use 

battery EVs more than 

conventional vehicles, and they 
show a higher preference for 

and lower preference for 

technology and innovation 

(Müller and 
Bogenberger, 

2015) 

Demand 
forecast 

(short-term) 

Oper
ation

al 

data 
 

One-month to one-
year operational data 

(2012-2013, Berlin) 

 

NA NA Historical data ARIMA; 
Holt-Winters 

Filtering 

Holt-Winters filtering performs 
better than ARIMA 

(Schmöller et 

al., 2015) 

Impact 

factors of 
free-floating 

carsharing 
demand 

(long-term 

and short-
term) 

 

Oper

ation
al 

data 

Two-year operational 

data (Nov. 2011-Oct. 
2013, Munich and 

Berlin) 

NA NA Time-of-day/week; 

Weather; Age; 
Company density; 

Composition of households 
(DINK, two-person, etc.); 

Rent price ratio 

 

Descriptive 

analysis; 
Linear regression 

Socio-demographic features are 

suitable for long-term demand 
prediction and weather is 

suitable for short-term demand 
prediction 

(Wagner et al., 
2016) 

Demand 
forecast 

(long-term) 

Oper
ation

al 

data 

50,000 reservations 
(Time not stated, 

Berlin); census data 

NA NA Age; Gender; Education; 
Income; Population density; 

Share of foreigners; 

POI (meal delivery, movie 
theatre, etc.); 

Access to PT (bus/train station); 

Distance to city centre 
 

Zero inflated 
Poisson 

regression 

The results can be used for 
identifying promising areas for 

business expansion 

(Ciari et al., 

2014) 

Long-term 

demand 
prediction 

Cens

us 

NA NA NA NA Agent-based 

modelling 

There is untapped demand of 

carsharing, and FFCS is 
complementary to station-based 

carsharing 

 
(Zhou, 2014) The influence 

of subsidy on 

demand 

Oper

ation

al 
data 

UCLA Zipcar invoice 

(data size not stated); 

Survey (n=125, 
UCLA, 2010) 

NA NA The amount of subsidy for the 

usage of carsharing 

Descriptive Reducing carsharing subsidies 

significantly decrease carsharing 

usage but not subscription 
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 Objective Data 

type 
Data size, time and 

location 
Design variables Alternatives Other dependent variables Fitted model Main findings 

(Ciari and 

Weis, 2013) 

Carsharing 

demand 

prediction 
(long-term) 

RP n=42,196 (Swiss 

micro census data, 

2010, Zurich) 

NA Having membership 

or not 

Age; Gender; 

Car availability; 

Season ticket availability; 
Education; Language; 

Living environment (suburb, 

industrial centres, etc.); 
Home/workplace carsharing 

accessibility 

 

MNL The proposed technique can be 

used for carsharing business 

expansion 

(de Lorimier 

and El-

Geneidy, 
2013) 

Impact 

factors of 

carsharing 
vehicle usage 

and 

availability 

Oper

ation

al 
data 

8.673 for vehicle 

usage and 70,775 for 

vehicle availability 
(2009, Montreal) 

NA NA No. of vehicles at station; 

No. of vehicles at nearby 

stations; 
Vehicle age; 

Vehicle with child seats; 

Vehicle with air conditioning; 
No. of Metro stations nearby; 

Member density; 

Income; 
No. of jobs nearby; 

Month; 

No. of big box stores 
Time-of-day; 

Distance to nearby stations; 

Multilevel 

regression; 

Binary logistic 
regression 

Carsharing demand is affected 

by average vehicle age and 

carsharing member density 
around the station 

(Kortum and 

Machemehl, 

2012) 

FFCS 

adoption; 

Membership 
percentage 

estimation; 

 

RP 15,628 customers and 

155,852 rentals (Nov. 

2009-Jan 2011, Texas)  

NA Census blocks have at 

least one carsharing 

member; 
Have no carsharing 

members 

Geofence indicator; 

Household size; 

Age; 
% of population working outside 

the home 

MNL; 

Linear regression; 

Heckman sample 
selection model 

 

(Habib et al., 

2012) 
 

Adoption, 

membership 

duration and 
usage 

frequency of 

carsharing 
 

Oper

ation

al 
data 

10,605 users of 

Communauto, 

Montreal, Jan. 2005-
April 2008 

NA NA Gender; Language, Age; 

Distance to carsharing station; 

Average household size; 
Average car ownership; 

Population density 

Ordered probit 

Hazard model 

1 Male and French speakers 

tend to be shorter-duration 

members but high frequency 
users; 

2 Long-term members tend to 

continue their membership; 
3 Increase the number of cars in 

stations may not increase the 

duration of membership but 
definitely increase carsharing 

usage; 

4 A high level of zonal 
population and low level of 

zonal household car ownership 

corresponds to long carsharing 
membership 
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 Objective Data 

type 
Data size, time and 

location 
Design variables Alternatives Other dependent variables Fitted model Main findings 

(Morency et 

al., 2009) 

Persistency of 

carsharing 

membership 

Oper

ation

al 
data 

10,605 users of 

Communauto, 

Montreal, Jan. 2005-
April 2008 

NA NA Gender; Language, Age; Ordered probit 1 Male and English speakers are 

more likely to use carsharing; 

2 People between 35 to 44 are 
the most likely to use carsharing 

 

 
(Stillwater et 

al., 2009) 

The influence 

of built 

environment 
on carsharing 

Oper

ation

al 
data 

Jan 2006-June 2007, 

US, data size not 

stated 

NA NA Carsharing station age; 

Commuters that drive alone; 

Street width; 
Households with one vehicle; 

Rail service; 

 

Linear regression Light rail is positively 

associated with carsharing 

demand, whereas rail is weakly 
and negatively associated with 

carsharing demand 

(Cervero et 

al., 2007) 

Mode choice 

of carsharing 

RP n=572 (May 2005, 

San Francisco Bay 

Area) 

NA Carsharing; 

Other modes (PT, car, 

bike, walk, etc.) 

Travel time differential: Transit-

Automobile; 

Trip purpose (commute); 
Number of vehicles per 

household member; 

Presence of children; 
Foregone purchase of cars since 

joining carsharing 

 

MNL 1 Carsharing is more likely to be 

used for non-commute purposes; 

2 The likelihood of using 
carsharing increases with the 

presence of children and 

decreases with the number of 
household vehicles 

(Cheu et al., 

2006) 

Demand 

forecast 
(monthly 

demand) 

 

RP 7 months operational 

data (May-Dec. 2003, 
Singapore) 

 

NA NA Historical data Neural network 

and support 
vector machines 

Neural network performs better 

(Millard-Ball 

et al., 2005) 

Round-trip 

carsharing 

adoption and 
market 

prediction 

RP n=1,340 (May-July 

2004, US and Canada) 

NA NA Age; Income; 

Education; 

Gender; 
Race; 

Household size; 

Car ownership; 
Attitudinal questions (cost, 

environment, parking, etc.) 

 

Descriptive 

analysis 

Young, well-educated, high 

income, living in small 

households and having no 
private vehicles are 

characteristics of potential 

carsharing users 

(Cervero and 

Tsai, 2004) 

Carsharing 

adoption 

RP n= 220 (Oct.-Nov. 

2001, San Francisco 

Bay Area) 

NA Carsharing; 

Other modes (PT, car, 

bike, walk, etc.) 

Travel time differential: Transit-

Automobile; 

Travel time differential squared 
Trip purpose (commute, 

personal business); 

Income; 
Number of vehicles per 

household member; 

Age; Education 

MNL People with higher income, 

well-educated and high 

environmental concern are more 
likely to join carsharing 
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Table A.2 Review of carsharing impact analysis 

 Objective Carsharing 

type 

Methodology Data Main finding 

(Ding et al., 
2019) 

Carsharing 
global warm 

potential life 

cycle analysis 

Two-node, 
one-way 

station-based, 

FFCS 
carsharing 

and 

carpooling 
 

 

 

Life cycle 
analysis 

Beijing transport 
institute 

When car sharing replaces ~10% 
and ~50% of private vehicles, the 

GWP reduction potentials are ~4% 

and ~20%, respectively 

(Ke et al. 

2019) 

 

Impact on the 

total number of 

vehicles 

 Game theory  1. Car sharing does not always 

reduce vehicle quantity. 

Specifically, only when the 
producing cost and transportation 

need are below some thresholds and 

the market size is greater than a 

threshold, can car sharing decrease 

the total number of vehicles. 

Otherwise, the manufacturer can 
generate a larger profit by 

increasing its production volume; 

2. The introduction of car sharing 
always makes the retailer incur loss, 

but it benefits the manufacturer if 

the market size is sufficiently large; 
3. The total number of vehicles 

does not always increase in sharing 

service level. In such cases, there is 
a positive spill over effect: by 

providing the car-sharing service, 

the manufacturer generates a larger 
profit with producing less vehicles, 

which helps alleviate some urban 

problems, such as air pollution and 
congestion 

 

 
 

 

(Le Vine and 
Polak, 2019) 

Impact on car 
ownership 

FFCS BNL Survey in DriveNow 
London, March 

2015, n=298 

1. 37% users indicate that FFCS has 
impacted their car ownership. Of 

the 37%, 83% decide forgo car 

purchasing plan, 11% has disposed 
a car and 6% will dispose a car in 

the next three months 

2. The average income and 
education level are higher for users 

than the general population; 

3. Frequent users are more likely to 
shed vehicles, and highly-educated 

and higher-income are more likely 
to maintain car ownership 

 

 

 

 

(Becker et al., 
2019) 

Joint impact of 
car-sharing, 

bike-sharing and 

ride-hailing for a 
city-scale 

transport system 

FFCS, BS, 
ridehailing 

Agent-based 
simulation 

Survey in Zurich. 
n=37 for FFCS and 

35 for control group 

1. Transport-related energy 
consumption can be reduced by 

25 % in Zurich; 

2. introduction of shared modes 
may increase transport system 

efficiency by up to 7 %. Efficiency 

gains may reach 11% if shared 
modes were used as a substitute for 

public transport in lower-density 

areas 
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 Objective Carsharing 

type 

 

Methodology Data Main finding 

(Ceccato and 

Diana, 2018) 

Impact on other 

modes of 
transport 

One-way 

station-based 
and FFCS 

BNL Survey in Turin, 

Sept. 2016-June 
2017, n=3280 

1. The current carsharing is 

perceived as efficient and useful; 
2. Carsharing members are young 

males, living in high-income and 

small-sized household with a high 
number of workers and low number 

of available cars. Having private 

parking near home has a strong 
negative impact.  

3. Carsharing can substitute car 

trips. the evidence can happen with 
biking and walking is not supported 

by models but only marginally seen 

from descriptive statistics;  
4. Some complementarity between 

carsharing and PT and strong 

complementary between carsharing 

and BS 

 

(Jain et al., 
2018) 

Impact of CS on 
mobility choices 

and travel 
choices 

Not stated Descriptive Focus groups and 
semi-structured 

phone interviews, 
June to Oct 2017, 

Melbourne 

1. 5 categories in carsharing users: 
car dependents, car avoiders, 

second car avoiders, car aspirers 
and car sellers; 2. car aspirers and 

car sellers report the greatest 

changes in mobility and travel 
choices 

 

(Jung and 
Koo, 2018) 

Impact on GHG 
emission 

Round-trip ML, BNL, 
linear 

regression 

SP in South Korea, 
April 2017, n=1022 

Forgoing vehicle purchase does not 
offset the increased GHG emissions 

caused by the shift from PT or 

private vehicles to carsharing, but 
supporting EV sharing could 

effectively reducing GHG emission 

 
 

(Liao et al., 

2018) 

Impact of CS 

(including car 

fuel type) on 

mode choice and 

propensity of 
joining and 

using CS 

Round-trip, 

one-way 

Latent class 

ordinal 

regression 

SP in the 

Netherlands, June 

2016, n=1003 

1. Around 40% of car drivers 

indicated that they are willing to 

replace some of their private car 

trips by carsharing, and 20% 

indicated that they may forego a 
planned purchase or shed a current 

car if carsharing becomes available 

near to them; 
2. People vary significantly with 

respect to these two stated 

intentions, and that a higher 
intention of trip replacement does 

not necessarily correspond to higher 

intention of reducing car 
ownership; 

3. Changing the system attributes 

does not have a substantial impact 
on people’s intention, which 

suggests that the decision to use 

carsharing are mainly determined 
by other factors; 4. Deploying 

electric vehicles in carsharing fleet 

is preferred to fossil-fuel cars by 
some segments of the population, 

while it has no negative impact for 

other segments 
 

 

(Luan et al., 
2018) 

Impact of CS on 
parking, car 

ownership, GHG 

emission 

Not stated Literature 
review 

Literature 1. Carsharing saves parking spaces 
2. Carsharing saves materials used 

to manufacture cars; 

3. Carsharing promotes the usage of 
EV; 

4. Carsharing reduce GHG emission 
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 Objective Carsharing 

type 

 

Methodology Data Main finding 

(Namazu and 

Dowlatabadi, 
2018) 

Comparing 

vehicle 
ownership 

reduction of 

one-way and 
round-trip 

 

Round-trip 

and FFCS 

Logit 

regression 

Survey in 

Vancouver Modo 
and Car2go, Oct-

Dec 2013, n=3405 

1. Both types of carsharing help 

shed vehicles, but round-trip users 
are 5 times more likely to shed 

vehicles;  

2. one-way carsharing users use the 
service as a complement to all 

modes of transport, whereas two-

way use carsharing as a substitute 
for private cars;  

3. Carsharing have been 

substituting mobility services 
previously supplied by private 

vehicles. The intention to gain a 

vehicle under the service 
termination was strongest among 

users who had both car2go and 

modo memberships. The two 

services are not rivals but 

complements providing different 

mobility services 
 

(Santos, 2018) Impact of the 
four MaaS on 

congestion and 

CO2 

P2P CS, CS, 
ridehailing, 

ridesharing 

Station 
location and 

size 

considering 
vehicle 

relocation 

 

 1. P2P CS, CS, and ridehailing can 
yield profits to private parties, but 

they do not seem to have potential 

to reduce congestion and CO2 
emissions substantially; 2. 

Ridesharing, which entails 

individuals not only sharing a 
vehicle, but actually travelling 

together at the same time, is 

promising in terms of congestion 
and CO2 emissions reductions. It is 

also the least attractive to 

individuals, given the 
inconvenience in terms of waiting 

time, travel time, comfort, and 

convenience, in comparison with 

the private car 

 

(Tchervenkov 
et al., 2018) 

Parking space 
saving 

FFCS Agent-based 
simulation  

Zurich In the best scenario (where all 
eligible agents switch to FFCS), the 

parking space requirement reduces 

by 22% compared to the baseline 
scenario 

(Zhou, 2018) Impact of CS 

and SAV 

CS, SAV NL, ML Survey among 

government 
authorities and 

industry experts in 

Australia, Indonesia, 
Malaysia and 

Thailand, August 

2015, n=73; SP in 
Australia, 12 July-

15 August 2016, 

n=1433 

1. the more knowledgeable an 

expert is, the more pessimistic they 
are about the market penetration of 

car sharing in 2016, and the more 

optimistic they are about the 
prevalence of car sharing in 2030; 

2. carsharing has minimal impacts 

on vehicle ownership, suggesting 
that existing studies overestimated 

the impacts of carsharing; 

3. female drivers, non-drivers, and 
elder drivers hold negative opinion 

to SAVs 

 
(Becker et al., 

2018) 

Car ownership FFCS Difference-in-

difference, 

descriptive 

GPS-tracking data, 

two-waves of survey 

(fall 2014 and 2015) 
in Basel 

1 6% of FFCS users reduce car 

ownership 

2 FFCS both complements and 
competes with station-based 

carsharing 

 
(Becker et al., 

2017b) 

Car ownership, 

PT and active 

modes 

Station-based 

carsharing, 

FFCS 

Descriptive, 

ordered probit 

Survey in Basel, 

1616 station-based 

users, 1104 FFCS 
users, 3094 random 

sample 

1 The impact of station-based 

carsharing on car ownership is 

stronger; 
2 Station-based carsharing shifts 

users to PT and active modes, and 

the impact of FFCS is unclear 
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 Objective Carsharing 

type 

Methodology Data Main finding 

(Ciari and 

Becker, 2017) 

Current traffic 

system 

FFCS, BS, 

ridesharing 

Agent-based 

modelling 

Not stated Shared mobility can serve a large 

share of current travel demand 

without losing many generalised 
cost 

 

(Engdahl et 
al., 2017) 

Impact on other 
modes of 

transport 

FFCS Descriptive Carsharing operator 
in Berlin, 

Amsterdam, Madrid, 

Denver, San Diego, 
Seattle 

FFCS seems to be a compliment to 
other types of transport including 

PT 

(Kondor et al., 

2017) 

Parking demand SAV Simulation Singapore Self-driving vehicles can lead to 

50% reduction in parking needs can 
be achieved at the expense of 

increasing total travelled kilometres 

of less than 2% 
 

(Giesel and 

Nobis, 2016) 

Comparing car 

ownership 

reduction for 

station-based 

and FFCS 
 

Round-trip 

and FFCS 

Descriptive, 

BNL 

Survey in DriveNow 

(March 2015, 

n=819) and 

Flinkster (March 

2014, n=227) in 
Berlin and Munich 

1. Carsharing is often the most 

important reason to shed vehicles 

among carsharing users; 

2. carsharing can reduce car use; 

3. Flinkster users are more likely to 
shed cars due to carsharing 

 
(Bui and Veit, 

2015) 

Impact of 

gamification on 

driver behaviour 

FFCS Descriptive Experiment in FFCS 

users 

 

(Chen and 

Kockelman, 

2015) 

Energy saving, 

GHG 

 

Not stated Descriptive Not stated Current carsharing users reduce 

their transportation energy use and 

GHG emission by ~50%, which 
translate to ~5% savings of 

transportation energy use and GHG 

emission in the US 
(Firnkorn and 

Müller, 2015) 

Impact on car 

ownership 

FFCS Descriptive Survey in Car2go 

Ulm, Feb 2013, 

n=743 

Electrification-scenario influence 

respondents’ willingness of 

maintaining cars. Having 
experience of driving electric FFCS 

increase the willingness to forgo a 

private car purchase 

 

(Fagnant and 

Kockelman, 
2014) 

 

VKT/VMT SAV Agent-based 

simulation 

Austin, TX 1. Each SAV can replace 11 

conventional vehicles, but adds up 
to 10% travel distance 

2. The overall emission is decreased 

 
(Le Vine et 

al., 2014a) 

Impact of one-

way carsharing 

on grocery 
shopping 

 

One-way Linear 

regression 

SC in London, Feb-

March 2011, n=72 

Non-car-owning respondents within 

our sample would use one-way 

carsharing to allow them to shop for 
food less frequently, would visit 

fewer distinct food shops, and 

would spend less time traveling for 
food shopping purposes 

 

(Le Vine et 
al., 2014b) 

VKT/VMT, car 
ownership, PT, 

bike ownership 

Round-trip 
and one-way 

MNL SC in London, Feb-
March 2011, n=72 

1. Round-trip carsharing contributes 
more to the overall VKT/VMT; 

2. One-way carsharing may replace 

PT usage 
 

 

(Firnkorn and 
Müller, 2011) 

 

Car ownership, 
GHG 

FFCS Descriptive Survey in Ulm, 
June- 

July 2009, n=308 

1. More than 25% of the 
respondents express the willingness 

to forgo car purchase plan 

2. CO2 emission is reduced for 
carsharing users 

 

 
(Martin and 

Shaheen, 

2011a) 
 

VKT/VMT, 

GHG, car 

ownership 

Not stated Descriptive Survey in North 

America, Sept-Nov 

2008, n=6281 

1.  The mean observed impact is 

−0.58 t GHG/year per household, 

whereas the mean full impact is 
−0.84 t GHG/year per household; 

2. VKT decreases 27% per year 
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 Objective Carsharing 

type 

 

Methodology Data Main finding 

(Martin and 

Shaheen, 
2011b) 

PT, non-

motorised modes 
of transport, 

carpooling, car 

ownership, 
travel distance, 

VKT/VMT 

 

Not stated Descriptive Survey in North 

America, Sept-Nov 
2008, n=6281 

1. Overall decrease in PT. Not 

uniformly but driven by a minority 
of users; 

2. Overall increase in non-

motorised transport and carpooling; 
3. Combined increase of PT and 

non-moto usage; 

4. Average driving reduction are 
more consistent across population 

densities up to 10,000 

persons/square kilometres but 
become more varied at higher 

densities 

(Martin et al., 
2010) 

 

Car ownership, 
VKT/VMT, fuel 

consumption 

Not stated Descriptive Survey in North 
America, Sept-Nov 

2008, n=6281 

1. vehicle reduce from 0.47 to 0.24 
per household for members; 

2. The average fuel economy of 

carsharing vehicles used most often 

by respondents is 10 miles per 

gallon (mpg) more efficient than the 

average vehicle shed by 
respondents; 

3. A shared vehicle can replace 9 to 
13 private cars 

 

(Cervero et 
al., 2007) 

VKT/VMT, car 
ownership, fuel 

consumption 

Round-trip DCM (BNL, 
MNL); 

Descriptive 

Survey in San 
Francisco Bay Area, 

May 2005, n=2475 

members and 233 
non-members 

1. Net reduction of VMT and fuel 
consumption; 

2. The largest reduction of 

members' average VMT and fuel 
consumption are in the first several 

years of the program; 

3. Part of the explanation for long-
term reduction in VMT and fuel 

consumption is the tendency to sell-

off private cars and forego the 
purchase of additional ones (17% 

reduced, 12% more likely than 

mom-members, older, childless, 

living a half mile of stations were 

more likely); 

4. Membership is associated with 
reduce car ownership and reduce 

car ownership is associated with 

more carshare user for trips; 
5. Transit pass lower the probability 

of private car user than carshare, 

and the significant use of transit to 
access carsharing suggest a synergy 

between PT and CS; 

6. CS vehicles tend to be smaller, 
fuel-efficient, and carry several 

people, per capita levels of gasoline 

consumption and GHG emission 
has a potential to drop 

 

(Lane, 2005) Car ownership, 
VKT/VMT, 

residential 

choice, mode 
choice 

 

Round-trip Descriptive Survey in 
Philadelphia, Oct-

Nov 2003, n=262 

1. Each shared vehicle replaces an 
average of 23 private vehicles; 

2. Members reduce car ownership 

and replace vehicle trips with other 
modes (PT, bike, etc.), especially 

resemble modes taxi, car rental, 

etc.) 
3. Carsharing reduces the overall 

members’ VMT 

4. Carsharing members express 
more awareness of cost and 

environment 

5. Convenience and affordability 
are the most important 

considerations for members 

6. Members prefer to live near to 
carsharing stations 

 



159 

 

 Objective Carsharing 

type 

Methodology Data Main finding 

(Millard-Ball 

et al., 2005) 

Car ownership, 

VKT/VMT, 

GHG, 
transportation 

cost 

 

Round-trip Descriptive Web-based survey 

in North America, 

May-July 2004, 
n=978 in US and 

362 in Canada 

1. 20% carsharing members give up 

their vehicles and more members 

give up their vehicle purchase plan 
2. Carsharing reduces overall 

VKT/VMT 

 
3. Carsharing reduces GHG 

emission, increases transit ridership, 

and increases the mobility of non-
car owners 

 

 
(Shaheen and 

Rodier, 2005) 

 

VKT/VMT, car 

ownership, 

parking, travel 
time, rail usage 

Round-trip Descriptive Survey in San 

Francisco Bay Area, 

n=64 

1. Typical users are highly 

educated, having higher income, 

and professionally employed 
2. Carsharing users are sensitive to 

congestion, willing to try new 

experiences and have 

environmental concern 

3. Carsharing users have an 

increase in rail usage and a decrease 
in car usage, a decrease in VMT, an 

increase in travel time and a 
decrease in travel stress, a reduction 

of vehicle ownership, and a 

reduction of parking demand 
 

(Cervero, 

2003) 

VKT/VMT, 

travel time, car 
ownership 

 

Round-trip DCM (BNL); 

Descriptive 

Survey in San 

Francisco Bay Area, 
18 Feb-5 March 

2001, n=143 

members and 155 
non-members; June 

2001, n=105 

members and 94 
non-members; Oct-

Nov 2001, n=131 

members and 89 

non-members 

 

1. Carsharing makes 2.2%-7% of 

members trips after 3 to 9 months 
of introduction, and 8.1% to 21.6% 

of VMT;  

2. Carsharing members’ VMT 
increases; 

3. Most members do not own cars 

and many rent cars to replace bike 
and walk trips; 

4. Carsharing is mainly used for 

personal business and socio-

recreational travel than routing 

travel (education and commuting). 

5. Carsharing are not used during 
peak hours or to places that are 

well-served by PT 

 
(Cervero and 

Tsai, 2004) 

VKT/VMT, 

travel distances 

and time, car 
ownership, 

GHG, fuel 

consumption 
 

Round-trip DCM (BNL), 

Descriptive 

Survey in San 

Francisco Bay Area, 

Sept-Oct 2002, 
n=351 

1. Nearly 30% of members have 

shed one or more cars and 2/3 of 

members has forgone car purchase 
plan; 

2. 6.5% of members’ trips and 10% 

of their VMTs are done by 
carsharing; 

3. Members have reduced their 

VMT and GHG emission 
 

(Doka and 

Ziegler, 2001) 

Emission, land 

use 

Round-trip Life cycle 

analysis 

Mobility, 

Switzerland 

Carsharing reduces the emission of 

hazardous gas 
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Table A.3 Review of carsharing system deployment research 

 Objective Carsharing 

type 

Decision variables Mathematical 

model 

Algorithms (or 

solver) 

 

(Lemme et al., 
2019) 

Minimise cost, GHG 
emission and pollution 

Not stated Fleet composition (EV, 
hybrid and 

conventional) 

 

mono and multi-
objective ILP 

XPRESS  

(Calik and 

Fortz, 2019) 

Maximise profit One-way 

station-based 

Station location and 

fleet size 

Mixed integer 

stochastic 

optimisation 
 

Benders 

decomposition 

 

(Cocca et al., 

2018) 

Minimise users’ 

additional walking 
distance 

 

FFCS Charging station 

location 

 Local search  

(Dandl and 
Bogenberger, 

2019) 

 

Minimise unmet 
demand and cost 

SAV Fleet size and fare ILP Simulation  

(Deza et al., 

2018) 

Minimise unmet 

demand 

 Station location and 

size considering 

vehicle relocation 
 

MILP Column 

generation 

 

(Deng and 

Cardin, 2018) 

Minimising cost and 

users failed to find 
parking space 

 

One-way 

station-based 

Station capacity and 

fleet size 

Integer 

programming 

Particle swarm 

optimisation 

 

(Du et al., 2018) Maximising POI 
coverage and local 

charging demand 

 Charging station 
location and number of 

chargers per station 

 

ILP (Fast) Charger-
based greedy 

algorithm 

 

(Galatoulas et 

al., 2018) 

 

Analyse the potential 

demand and cost of 

setting up an EVCS 
service 

 

  Descriptive 

analysis 

  

(Kondor et al., 
2018) 
 

Determine minimum 
fleet size, parking 

spaces and travel 

distance 
 

SAV Fleet size and parking 
spaces 

 Self-proposed 
algorithm 

 

(Ströhle et al., 

2019) 

Minimise fleet size and 

cost on incentivising 
users 

 

Round-trip 

carsharing 

Fleet size MILP Gurobi  

(Canitez and 
Deveci, 2017) 

 

Integrate carsharing 
with PT 

NA NA Descriptive   

(Cardin et al., 
2017) 

Minimise cost Station-based 
and FFCS 

Business area and fleet 
size for FFCS; 

Number of parking 

spots and fleet size for 
station-based 

carsharing 
 

Integer 
programming 

Particle swarm 
optimisation 

 

(Fanti et al., 

2017) 

Maximise profit One-way 

station-based 

EVCS 

 

Fleet size Discrete event 

simulation 

  

(Zhu et al., 
2017) 

 

Determine station 
location 

Not stated Station location  Deep learning  

(Hu and Liu, 
2016) 

Maximise profit One-way 
station-based 

 

Fleet size and parking 
capacities 

Queueing theory Genetic algorithm  

(Fricker and 
Bourdais, 2015) 

Parking space 
reservation 

One-way 
station-based 

Performance of the 
reservation policy 

 

 

Queueing theory   

(Morency et al., 

2015) 

Fleet size of carsharing 

to serve a city 

 
 

Not stated Fleet size Simulation   
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 Objective Carsharing 

type 

Decision variables Mathematical 

model 

Algorithms (or 

solver) 

 

(Wagner et al., 

2016) 

 

Expand business area FFCS  Zero inflated 

Poisson 

regression 

  

(Jorge et al., 

2015a) 

 

Maximise profit Round-trip 

and one-way 

# of one-way trips that 

should be accepted 

Integer 

programming 

Branch-and-cut  

(Orbe et al., 

2015) 

Determine fleet size Round-trip, 

one-way and 

FFCS 
 

Fleet size Agent-based 

simulation 

  

(Barrios and 

Godier, 2014) 

Maximise served 

demand 
 

FFCS Fleet size Agent-based 

simulation 

  

(Boyacı et al., 

2015) 

Maximise profit and 

user benefit 

One-way 

station-based 

Number, location, and 

size of stations and 
fleet size considering 

relocation 

 

MILP   

(Moalic et al., 

2013) 

Maximise the number of 

users and the usage of 

the system and 
minimise vehicle 

relocation 
 

One-way 

station-based 

Station location  GA + local search  

(Cepolina and 

Farina, 2012b) 
 

Minimise system and 

user's cost 

One-way 

station-based 

Fleet size and 

distribution 

NLP Simulated 

annealing 

 

(Correia and 

Antunes, 2012) 
 

Maximise profit One-way 

station-based 

Number, location, and 

size of depots MIP Branch and cut 

 

(El Fassi et al., 

2012) 

Expand business area Round-trip  
 DES 

 

(Huwer, 2004) Combine PT and 

carsharing 

Not stated  
Descriptive  
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Table A.4 Review of carsharing system rebalancing research 

 Objective Carsharing 

type 

Relocation 

type 

Mathematical 

model 

Algorithms (or solver) 

(Chen and 

Levin, 2019) 
 

Minimise cost SAV Operator-

based 

LP MATSIM 

(Herrenkind et 

al., 2019) 
 

Compute user-based 

relocation incentive 

One-way 

station-based 

User-based Machine learning  

(Iacobucci et al., 

2019) 
 

Min passenger waiting time 

and relocation cost 

SAV Operator-

based 

MILP MATLAB 

(Molnar and 
Correia, 2019) 

Maximise the weighted sum 
of profit, lead time, radius, 

and satisfied trips 

 

FFCS Long-tern 
reservation 

Simulation-based 
optimisation 

Iterated local search 

(Ling Wang et 

al., 2019) 

Min the total difference 

between the inventories and 

the thresholds after 

relocation 

 

One-way 

station-based 

Operator-

based 

ILP MATLAB 

(Angelopoulos 
et al., 2018) 

 

Determine incentive 
according to the priority of 

stations and budget 

constraint 
 

One-way 
station-based 

 

User-based  Self-proposed algorithm 

(Brendel et al., 

2018b) 

Improve the system energy 

score 

FFCS Operator + 

user-based 
relocation 

 

 DES 

(Bruglieri et al., 
2018) 

 

Maximise satisfied demand One-way 
station-based 

Operator-
based 

Multi-objective 
MILP 

Two-phase heuristic 

(Bruglieri et al., 
2019) 

 

Maximise profit One-way 
station-based 

Operator-
based 

MILP Adaptive large 
neighbourhood search and 

tabu search 

 
(Di Febbraro et 

al., 2019) 

 

Maximise profit FFCS User-based MINLP Simulation 

(Huang et al., 

2018) 

 

Maximise profit One-way 

station-based 

Operator-

based 

MINLP Gradient algorithm 

(Jian et al., 

2019) 

 

Maximise profit One-way 

station-based 

Operator-

based 

INLP CPLEX 

(Kypriadis et al., 

2018) 

Minimise walking distance 

of relocation tour 

 

FFCS Operator-

based 

Integer 

programming 

Self-proposed algorithm 

(Li et al., 2018) 

 

Determine dynamic pricing 

for user-based relocation 

One-way 

station-based 

 

User-based  Proposed algorithm 

(Lippoldt et al., 

2019) 

The effectiveness of a user-

based relocation 

incentivisation program in 
Cologne 

 

FFCS User-based Descriptive  

(Lippoldt et al., 

2018) 

The effectiveness of a user-

based relocation 

incentivisation program in 

Cologne 
 

FFCS User-based Descriptive  

(Oliveira, 2018) Maximise profit Car rental User-based Stochastic 
nonlinear 

programming 

 

Biased random-key GA 

(Repoux et al., 

2018) 

 

Compare 4 relocation 

mechanisms 

One-way 

station-based 

Operator-

based 

 Simulation 

(Song and 

Murata, 2018) 

 

Minimise the vehicle 

distribution with the target 

level 
 

FFCS Operator-

based 

Markov chain 

model 

GA 
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 Objective Carsharing 

type 

Relocation 

type 

Mathematical 

model 

Algorithms (or solver) 

(Xu et al., 2018) Maximise profit One-way 

station-based 

Operator- 

and user-

based 
 

MINLP Piecewise approximation 

(Yamada et al., 

2018) 
 

Maximise profit One-way 

station-based 

Operator-

based 

MILP Station clustering 

(Zakaria et al., 

2018a) 

Minimise unmet demand, 

the number of relocation 
staff and the total working 

time of staff 

 

One-way 

station-based 

Operator-

based 

Multi-objective 

optimisation, ILP 

NSGA-II and MARPOCS 

(an adapted memetic 
algorithm) 

(Zakaria et al., 

2018b) 

Compare three relocation 

policies (with the 3rd having 

estimation to the future 
states) 

 

One-way 

station-based 

Operator-

based 

ILP CPLEX; 

Greedy algorithm 

(D. Zhang et al., 

2018) 

 

Maximise profit One-way 

station-based 

Vehicle relay ILP Heuristic based on LP 

relaxation 

(Zhao et al., 
2018) 

Minimise cost One-way 
station-based 

Operator-
based 

MILP Lagrangian relaxation 
embedded with dynamic 

programming and greedy 
algorithm 

 

(Ait-ouahmed et 
al., 2017) 

 

Maximise satisfied demand 
and minimise relocation 

distance 

 

FFCS Operator-
based 

MILP Not stated 

(Alfian et al., 

2017) 

 

Test the performance of 

relocation with forecasting 

One-way 

station-based 

Operator-

based 

 DES 

(Boldrini et al., 

2017) 

 

Maximise vehicle 

availability 

Stackable 

cars and AV 

Operator-

based 

Queueing theory Self-proposed algorithm 

(Boyacı et al., 

2017) 

Maximise demands served; 

Minimise relocation cost 

One-way 

station-based 

 

Operator-

based 

MILP (multi-

objective) 

DES, k-Medoid 

(Brendel et al., 

2018a) 

 

Maximising the system 

energy score (a function of 

vehicle distribution and 
historical demand) 

 

FFCS Operator- 

and user-

based 

 System energy relocation 

algorithm 

(Brendel et al., 
2017) 

Adapting carsharing 
relocation to SAV 

 

SAV N/A  Self-proposed decision 
support system 

(Caggiani et al., 
2017) 

 

Clustering FFCS zones Free-floating 
bikesharing 

N/A Multi-objective 
optimisation 

Not stated 

(Gambella et al., 
2018) 

Maximise profit One-way 
station-based 

Operator-
based 

MILP Reducing relocation 
density and rolling horizon 

 

(Kawashima et 
al., 2017) 

 

Minimise cost One-way 
station-based 

Operator-
based 

MILP Gurobi 

(Laarabi et al., 
2017) 

 

Simulate user-based 
relocation 

One-way 
station-based 

User-based  Simulation 

(Wen et al., 
2017) 

 

Maximising satisfied 
demand and minimise 

relocation cost 

SAV Operator-
based 

MINLP Incremental-
optimum+branch-and-

bound; 

Simple anticipatory 
rebalancing approach; 

Deep Q-learning 

 
(Alain and 

Antoine, 2016) 

 

Minimise cost One-way 

station-based 

Operator-

based 

Network flow 

problem 

Decompose and solve by 

GRASP-insertion heuristic 

 
(Brendel et al., 

2016) 

 
 

Design a user-based 

relocation algorithm 

One-way 

station-based 

User-based  Simulation 
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 Objective Carsharing 

type 

Relocation 

type 

Mathematical 

model 

Algorithms (or solver) 

(Cao et al., 

2016) 

 

Determine the vehicle 

relocation triggering 

threshold 

One-way 

station-based 

Operator-

based 

 

INLP Not stated 

(Jian et al., 

2016) 

 

Maximising profit One-way 

station-based 

Operator-

based 

MINLP CPLEX 

(Marecek et al., 

2016) 

 

Minimise total 

‘inconvenience’ (vehicles 

close to the boundary and 
vehicles close to each other) 

 

FFCS User-based  Simulation 

(Albinski, 2015) Maximise relocation utility One-way Operator-
based 

 

MILP Branch-and-cut 

(Bruglieri et al., 
2015) 

Maximise profit One-way 
station-based 

 

Operator-
based 

MILP Nearest neighbourhood 
heuristic, most urgent 

heuristic, critical heuristic, 

randomised heuristic 

 

(Bsaybes et al., 

2015) 

Minimise relocation 

distance 

One-way 

station-based 

Operator-

based 

ILP A heuristic approach of 

lifted flows in aggregated 
networks 

 
(Carlier et al., 

2015) 

 

Maximise satisfied demand One-way 

station-based 

Operator-

based 

ILP CPLEX 

(Chow and Yu, 

2015) 

Bid price for user-based 

relocation 

 

One-way User-based DP Actor-critic 

(Jorge et al., 

2015b) 

 

Maximise profit One-way 

station-based 

User-based MINLP Iterated local search 

(Nourinejad et 

al., 2015) 

Minimise fleet size and cost One-way 

station-based 

Operator-

based 

ILP Decompose to the master 

problem and the sub-

problem 
 

(Nourinejad and 

Roorda, 2015) 

 

Minimise fleet size and 

cost; Maximise profit 

One-way 

station-based 

Operator-

based 

ILP CPLEX 

(Repoux et al., 

2014a) 
 

Minimise relocation cost; 

Maximise the number of 
relocations and minimising 

the duration of relocations 

for staff 
 

One-way 

station-based 

Operator-

based 

MILP Simulation 

(Santos and 

Correia, 2015) 

Minimise cost One-way 

station-based 
 

Operator-

based 

MILP XPRESS 

(Schulte and 

Voß, 2015) 
 

Decision support system for 

FFCS 

FFCS User-based  Simulation 

(Wagner et al., 

2015) 
 

Decision support system for 

FFCS 

FFCS User-based  Simulation 

(Wang et al., 

2015) 

Design a vehicle 

recommendation and 
scheduling algorithm 

 

One-way 

station-based 

Operator-

based 

 Simulation 

(Weikl and 
Bogenberger, 

2015) 

 

Maximise profit FFCS Operator-
based 

MILP Branch-and-cut 

(Alfian et al., 

2014) 

 

Minimise cost One-way 

station-based 

Operator-

based 

ILP Simulation 

(Bruglieri et al., 

2014) 

Maximise satisfied demand One-way 

station-based 

 

Operator-

based 

MILP MILP-based heuristic, 

CPLEX 

(Correia et al., 

2014) 

Maximise profit One-way 

station-based 

 
 

User-based ILP Not stated 
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 Objective Carsharing 

type 

Relocation 

type 

Mathematical 

model 

Algorithms (or solver) 

(Jorge et al., 

2014) 

Maximise profit One-way 

station-based 

 

Operator-

based 

MILP DES 

(Nourinejad and 

Roorda, 2014) 

Minimise fleet size and cost One-way 

station-based 

Operator-

based 

MILP Simulation-optimisation, 

particle swarm 

 

(Lee and Park, 
2014a) 

Station clustering method One-way 

station-based 

 

Operator-

based 

 GA 

(Lee and Park, 
2014b) 

Minimise relocation cost 

and time 

One-way 

station-based 

 

Operator-

based 

 GA 

(Repoux et al., 

2014b) 

 

Simulate  One-way 

station-based 

Operator-

based 

 Simulation 

(Saade and 

Doig, 2014) 

Minimise VMT One-way Operator + 

user-based 

relocation 

 

MILP  

(Zakaria et al., 

2014) 
 

Minimise unmet demand 

and relocation 

One-way 

station-based 

Operator-

based 

ILP CPLEX; 

Greedy algorithm 

(Bianchessi et 
al., 2013) 

 

Determine dynamic pricing 
for one-way carsharing 

One-way 
station-based 

 

User-based  Simulation 

(Clemente et al., 
2013) 

 

Design a user-based 
relocation approach 

One-way User-based 
 

DES 

(Fan, 2013) Minimise cost One-way 
station-based 

 

Operator-
based ILP (stochastic)  

(Lee and Park, 
2013) 

Minimise relocation 
distance 

One-way 
station-based 

 

Operator-
based 

 GA 

(Waserhole et 
al., 2013) 

Maximise satisfied demand One-way 
station-based 

User-based Closed-queuing 
theory 

Scenario-based; fluid 
approximation; simplified 

stochastic models; 

asymptotic approximation 

 

(Zarkoob, 2013) Minimising cost One-way 

station-based 

Operator-

based 

ILP, stochastic 

programming, 
dynamic 

programming 

 

Two-threshold policy 

(Di Febbraro et 

al., 2012) 

 

Minimising fleet 

distribution with target 

level 

One-way 

station-based 

User-based NLP Reform as ILP, branch and 

bound 

(Jorge et al., 

2012) 

 

Maximise profit One-way 

station-based 

Operator-

based 

MILP Agent-based simulation 

(Nair and 

Miller-Hooks, 

2011) 
 

Minimise cost One-way 

station-based 

Operator-

based 

MIP Divide-and-conquer, con-

generation 

(Kek et al., 

2009) 
 

Minimise cost One-way 

station-based 

Operator-

based 

MILP CPLEX 

(Fan et al., 

2008) 
 

Minimise cost One-way 

station-based 

Operator-

based 

ILP CPLEX 

(Uesugi et al., 

2007) 
 

Develop user-based 

relocation mechanism 

One-way User-based  Simulation 

(Kek et al., 

2006) 
 

Compare two relocation 

mechanisms 

One-way 

station-based 

Operator-

based 

 Simulation 

(Barth et al., 

2004) 

Develop user-based 

relocation mechanism 

One-way User-based  Simulation 
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Table A.5 Review of dynamic pricing in shared mobility 

 Type of 

shared 

mobility 

Relocation 

mechanism 

Objective Constraints Methodology Algorithm User behaviour 

model 

Demand 

prediction 

Price Application 

(Angelopoulos 
et al., 2018) 

BS, FFBS Alternate 
pick-up/drop-

off location 

Maximise the 
equilibrium 

level of the 

vehicle sharing 
system under 

the budget 

constraint 

Budget for 
incentivization; 

Fleet size; 

Parking spaces 

 Proposed 
algorithm 

Accept if the 
incentive is greater 

than the additional 

cost of walking 

No demand 
prediction. 

Demand is 

known in 
advance 

Determined 
by the 

algorithm 

Capital 
Bikeshare, DC, 

357 stations and 

~2800 bikes; FP7 
MOVESMART 

project, 46 zones, 

4 spaces each 

zone, 46 bikes 

 
(Jorge et al., 

2015b) 

CS Adjust 

demand 

pattern by 
price 

Maximise the 

profit of the 

one-way 
carsharing 

operator 

 

Fleet size; 

Parking spaces; 

Conservation of 
flow 

Optimisation 

(mixed integer 

non-linear 
programming) 

 

Local search 

with 

perturbation 

Demand as a linear 

function of price, 

with elasticity of -
1.5 

Known max 

demand; No 

demand 
forecast 

Determined 

by 

optimisation 

Lisbon, 75 

stations 

(Drwal et al., 

2017) 

CS Alternate 

drop-off 

location 

Maximise the 

profit of the 

one-way 
carsharing 

operator and 

users’ utility 

Positive utility Optimisation 

(mixed integer 

programming) 

CPLEX Utility is a function 

of additional 

walking distance 
and price 

No demand 

forecast 

Determined 

by 

optimisation 

Total 4139 

transactions from 

an operator in 
Grenoble, 28 

stations 

(Brendel et al., 

2016) 

FFCS Alternate 

drop-off 

location 

  Simulation  A nonlinear function 

of price from 

survey, n=26 

Prediction 

based on 

historical and 
real time data 

Incentive as a 

function of 

additional 
walking time 

 

 

(Chemla et al., 
2013) 

BS Alternate 
drop-off 

location 

Minimise the 
cost of 

additional 

walking time, 
cycling time 

and cost of 

parking the bike 
of the entire 

system 

 

Target number 
of bikes per 

station; 

demand 

Optimisation 
(linear 

programming) 

 Minimise the cost of 
additional walking 

time, cycling time 

and cost of parking 
the bike 

Fixed arrival 
rate 

Fixed for 
leaving bike 

at a particular 

station 

Synthetic, max 
250 stations 

(Pfrommer et 

al., 2014) 

BS Alternate 

drop-off 

location 

Minimise total 

incentive and 

the diversion 
from the 

optimal fill 

level 

Maximum 

incentive of each 

diverted trip 

Optimisation Self-designed The probability of 

alternate drop-off 

station is 
proportional to the 

amount of incentive 

Short-term 

prediction 

Determined 

by 

optimisation 

Synthetic, 49,800 

potential 

customers on 
average 
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 Type of 

shared 

mobility 

Relocation 

mechanism 
Objective Constraints Methodology Algorithm User behaviour 

model 
Demand 

prediction 
Price Application 

(Ruch et al., 

2014) 

BS Alternate 

drop-off 
location 

Maintaining the 

fill levels of the 
stations  

 Rule-based 

control 

 Not stated Historical 

data from 
Barclays 

Cycle Hire, 

London 

Function of 

the trip 
contribution 

to the 

equilibrium of 
the system 

 

 

(Waserhole and 
Jost, 2016) 

CS Adjust 
demand 

pattern by 

price 

Maximise the 
number of trips 

Maximum 
demand per unit 

time on each pair 

of stations; 
Fleet size 

 

Optimisation Greedy 
algorithm 

A function of the 
price 

 

Not stated Determined 
by 

optimisation 

 

(Aeschbach et 
al., 2015) 

BS Alternate 
pick-up/drop-

off location 

Promote the 
service level of 

bikesharing 

systems (the 
percentage of 

users being 

served) 
 

Fleet size; 
Parking spaces 

Simulation  Known participation 
ratio; 

 

Historical 
data from 

Barclays 

Cycle Hire, 
London 

Not stated 5,110,650 
records, 745 

stations, 18912 

racks and 9109 
bikes 

(Singla et al., 
2015) 

BS Alternate 
pick-up/drop-

off location 

Promote the 
service level of 

bikesharing 

systems (the 
percentage of 

users being 

served) 
 

Budget for 
incentivization 

 

 Self-proposed 
algorithm 

Acceptable cost of 
walking to a 

different station 

from survey, n=26 

Historical 
data from 

Hubway, 

Boston 

Determined 
by the 

proposed 

algorithm 

Hubway bike, 95 
stations, 694 

bikes, 552,030 

rentals 

(Ghosh and 

Varakantham, 
2017) 

BS Paid 

relocation 

Minimise the 

lost demand 

Capacity of 

stations; 
Maximum travel 

distance of 

trailers; 
Distance of the 

current location 

of trailers and 
the pickup 

station; 

Capacity of 
trailers; 

Budget 

 

Optimisation 

(MILP for 
relocation, LP 

for task 

allocation) 

CPLEX Known acceptance 

ratio 

Predict 

possible 
scenarios 

Bid by the 

bidders and 
the operator 

assign the 

second lowest 
bid to the 

lowest bidder 

95 stations, 6 

hours 
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 Type of 

shared 

mobility 

Relocation 

mechanism 
Objective Constraints Methodology Algorithm User behaviour 

model 
Demand 

prediction 
Price Data 

(Hara and Hato, 

2017) 

CS Dynamic 

pricing to 
change 

demand 

patterns 

Maximise the 

sum of assigned 
users’ values 

Fleet size; 

Flow 
conservation at 

each node 

Optimisation 

(ILP) 

LP for single-

minded bidding 
case; 

Primal dual + 

branch and 
bound for multi-

minded case 

 

Dynamic DCM Static 

problem, 
known 

demand in 

advance 

Computed by 

the Vickrey-
Clarke-

Groves 

mechanism 

Synthetic, 2000 

or 5000 bidders 

(Barth et al., 

2004) 

CS Trip joining 

and splitting 

Decrease the 

number of staff 

relocation event 

 Simulation  100% participation 

rate 

Generated trip 

based on the 

input O/D 
matrix, no 

relationship 

with price 
 

No price 

considered 

Synthetic, 200 

trips per day, 22-

30 vehicles 

(Di Febbraro et 

al., 2012) 

CS Alternate 

drop-off 
location 

Minimise the 

rejection ratio 

 Simulation  Known participation 

ratio 

Not stated 

 

Not stated Carsharing in 

Turin, 117 cars, 
89 parking 

spaces, 2800 

users 
(Herrmann et 

al., 2014) 

FFCS Alternate 

pick-up and 
drop-off 

location; 

Paid 
relocation; 

Demand 

pooling 

  Simulation 

(only concept) 

  Short-term 

prediction 

 Survey, n=87; 

(Schulte and 

Voß, 2015) 

FFCS Alternate 

pick-up and 

drop-off 
location; 

Paid 

relocation; 
Demand 

pooling 

 

Reduce cost and 

CO2 emission 

 Discrete event 

simulation 

 Likelihood of 

participating the 

user-based 
relocation scheme 

based on the survey 

by (Herrmann et al., 
2014) 

Short-term + 

long-term 

prediction 

Fixed 

incentive rate 

per minute 

Car2go Hamburg 

(Qian and 

Ukkusuri, 2017) 

Taxi Dynamic 

pricing to 

change 
demand 

patterns 

Maximise the 

expected total 

revenue 
throughout the 

planning 

horizon 

Maximum and 

minimum of the 

price multiplier; 
The number of 

drivers 

Optimisation 

(dynamic 

programming) 

Approximate 

dynamic 

programming 

Demand is a 

deterministic 

function of price, 
coefficient is 

synthetic 

Not stated Determined 

by 

optimisation 

2013 NY taxi 
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 Type of 

shared 

mobility 

Relocation 

mechanism 
Objective Constraints Methodology Algorithm User behaviour 

model 
Demand 

prediction 
Price Data 

(Riquelme et 

al., 2015) 

Ridesourcing Dynamic 

pricing to 
change 

demand 

patterns 

Maximise the 

throughput or 
revenue 

 Queueing 

theory 

 Inherent reservation 

price 

Arrival rate as 

a function of 
available 

drivers 

Static & 

multiple 
thresholds 

pricing 

Synthetic 

(Madden and 

Russell, 2012) 

Car rental Dynamic 

pricing to 

change 
demand 

patterns 

Maximise the 

profit of the car 

rental company 

Fleet size of 

different types of 

vehicles; 
Conservation of 

flow 

 

Optimisation 

(mixed integer 

programming) 

Linear 

programming 

A function of price 

with known 

elasticity 

No demand 

prediction 

Determined 

by 

optimisation 

A Portuguese car 

rental company, 

13 stations, 5 car 
classes, 3 market 

segments, 28 

days 
(Chen et al., 

2017) 

Ridesourcing Dynamic 

pricing to 

change 
demand 

patterns 

General (profit 

or social 

welfare) 

Conservative of 

flow; 

Number of 
drivers; 

The number of 

drivers leaving 
any node is less 

than the number 

of drivers that is 
currently at the 

node 
 

Optimisation  Price vs customer’s 

value 

No demand 

prediction 

Determined 

by the 

optimisation 

 

(Qiu, 2017) Shared 

mobility on-
demand 

service 

 

Dynamic 

pricing to 
change 

demand 

patterns 

Maximise the 

profit 

 DCM; 

DP 

Parametric value 

function 
approximation 

MNL No demand 

prediction 

Determined 

by the 
optimisation 

Synthetic, 11,000 

potential 
requests, 50-200 

cars 

(Banerjee et al., 

2017) 

Shared 

mobility 

Dynamic 

pricing to 

change 
demand 

patterns 

 

General (profit 

or social 

welfare) 

Conservative of 

flow; 

Demand quantile 
is less than 1 

Closed queuing 

theory 

Self-proposed 

algorithm 

Price vs customer’s 

value 

Known 

Poisson rate 

Determined 

by the 

optimisation 

 

(Banerjee et al., 

2016) 

Shared 

mobility 

Dynamic 

pricing to 

change 
demand 

patterns 

 

General (profit 

or social 

welfare) 

Conservative of 

flow; 

Demand quantile 
is less than 1 

Closed queuing 

theory 

Not stated Price vs customer’s 

value 

Known 

Poisson rate 

Determined 

by the 

optimisation 

 

(Ciari et al., 

2015) 
 

FFCS Dynamic 

pricing to 

change 
demand 

patterns 

Impact of 

pricing schemes 

on FFCS 
carsharing 

N/A Agent-based 

simulation 

N/A Deterministic 

function of price 

Predetermined 

total demand, 

n=8982 

Half-price in 

off-peak time 

Mobility Zurich, 

551 vehicles and 

492 stations 
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 Type of 

shared 

mobility 

Relocation 

mechanism 
Objective Constraints Methodology Algorithm User behaviour 

model 
Demand 

prediction 
Price Data 

(Giorgione et 

al., 2019) 

Round-trip 

carsharing 

Dynamic 

pricing to 
change 

demand 

patterns 
 

Impact of 

dynamic pricing 
on round-trip 

carsharing 

N/A Agent-based 

simulation 

N/A Deterministic 

function of price 

Predetermined 

demand 
profiles 

Price 

sensitivity is a 
function of 

available 

vehicles 

Network based 

on Berlin, one 
day, around 200 

total requests 

(Qiu et al., 

2018) 

Shared 

mobility on-
demand 

service 

Dynamic 

pricing to 
change 

demand 

patterns 

Maximise the 

profit 

 DCM; 

DP 

Parametric 

approximation 
of the policy 

space 

 

MNL No demand 

prediction 

Determined 

by the 
optimisation 

Synthetic, 

100,000 requests, 
500-750 cars 

(Pan et al., 

2018) 

FFBS Alternate 

pick-up 

location 

Maximise the 

service level 

Conservative of 

flow 

DP Loss-reduced 

reinforcement 

pricing 
algorithm 

 

Price vs customer’s 

value 

No demand 

prediction 

Determined 

by the 

optimisation 

Mobike 

Shanghai, 

102,361 records, 
19*41 regions 

(Bian and Liu, 
2019) 

Ridesharing Dynamic 
pricing to 

change 

demand 
patterns 

Minimise the 
cost 

All passengers 
are satisfied; 

Maximum 

vehicle capacity; 
Conservation of 

flow; 
Subtour 

elimination; 

Maximum 
tolerable extra 

in-vehicle time 

 

MILP  Known maximum 
extra in-vehicle time 

and willingness-to-

pay 

No demand 
prediction 

Maximum 
willingness to 

pay minus 

cost of not 
detour-cost of 

detour 

10 passengers 

(Xu et al., 2018) EVCS Dynamic 

pricing to 

change 
demand 

patterns 

Maximise the 

profit 

Constraints of 

resource (max 

fleet size, 
available parking 

spots at each 

station, # of 
personnel); 

Conservative of 

vehicle and 
personnel flow 

 

MINLP, non-

convex 

Outer-

approximation 

algorithm 

Logarithm function 

of price 

No demand 

prediction 

Determined 

by the 

optimisation 

Smove 

Singapore, max 

5000 vehicles 
and 500 stations 

(Shaheen et al., 
2018a) 

EVCS Alternate 
pickup/drop-

off location 

Impact of two 
incentive 

schemes on user 

behaviour 

 survey     Survey with 
n=473, 2014.9-

2016.3, Car2go 

in San Diego; 
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 Type of 

shared 

mobility 

Relocation 

mechanism 
Objective Constraints Methodology Algorithm User behaviour 

model 
Future 

Demand 

prediction 

Price Data 

(Sayarshad and 

Gao, 2018) 

Taxi  Max social 

welfare 

Threshold of 

queue length; 
maximum 

demand 

 

DP  Demand is a 

deterministic 
nonlinear function 

of price 

Known arrival 

rate 

Determined 

by 
optimisation 

13 passengers, 2 

vehicles 

(Di Febbraro et 

al., 2019) 

CS Alternate 

drop-off 

location 

Max profit Max walking 

distance between 

intended and 
actual 

destination; Max 

discount 

ILP for 

determining 

destination 
locations and 

nonlinear for 

profit 
maximisation 

B&B for ILP 

and gradient-like 

method for 
nonlinear 

MNL for agree/not 

agree to change 

destination 

Known OD 

matrix 

Determined 

by 

optimisation 

Genoa, 16 zones, 

50-100 vehicles 

(Li et al., 2018) EVCS  Min the number 

of unbalanced 
stations  

Max discount; 

min/max car 
inventory of 

stations 

  Always choose the 

cheapest station pair 

Known arrival 

rate 

Linear with 

the additional 
walking 

distance 

50 stations. 250 

vehicles 

(Oliveira, 2018) Car rental Demand 
elasticity 

Max profit The price-
dependent 

demand is the 

upper bound of 
the number of 

rentals; 
Station capacity; 

Feasibility of 

resulting states; 
Upgrading 

polices; 

Purchasing 
budget; 

Competition 

from other 
companies 

 

DP, MINLP, 
constraint 

programming 

Biased random-
key genetic 

algorithm 

Function of price No demand 
prediction 

Determined 
by 

optimisation 

Guerin Car 
Rental Solutions, 

a Portuguese car 

rental company 

(Chung et al., 
2018) 

BS Alternate 
pickup/drop-

off station 

Compare 
different 

incentivize 

policies 
 

 

  Simulation  No demand 
prediction 

Determined 
by the 

bikesharing 

operator 

Citi Bike,7744 
trips 

(Jiao, 2018) ridehailing Surge pricing Impact of surge 
pricing during a 

special event 

 Descriptive, 
linear 

regression 

    July 3-5 2015, 
Uber, Austin, 

43532 records, 

2500 zones 



172 

 

 Type of 

shared 

mobility 

Relocation 

mechanism 
Objective Constraints Methodology Algorithm User behaviour 

model 
Future 

Demand 

prediction 

Price Data 

(Silva, 2018) Car rental Demand 

elasticity 

Joint pricing 

and fleet 
management 

Max profit MILP with 

rolling horizon 

CPLEX No individual 

behaviour 

Linear 

function of 
price 

 

Determined 

by 
optimisation 

Synthetic 

(P. Cheng et al., 
2019) 

BS Spatial 
flexibility 

   An algorithm to 
determine the 

price based on 

the budget and 
additional 

walking distance 

 
 

Not stated Forecasted by 
historical data 

Determined 
by the 

algorithm 

1400,865 bikes 

(Oliveira et al., 

2018) 

Car rental Demand 

elasticity 

Joint pricing 

and fleet 
management 

Max profit MINLP Decomposition 

and biased 
random-key GA 

Function of price No demand 

prediction 

Determined 

by 
optimisation 

Portuguese car 

rental company 

(Lu, 2018) Ridehailing Surge pricing Impact of 

dynamic pricing 

 Difference-in-

difference 

    Natural 

experiment, 4-6 
Nov 2016 and 

22-24 Oct 2016 

(Saade and 
Doig, 2014) 

CS Fixed 
incentive for 

alternate 
drop-off 

 

Mixed user- and 
operator-based 

relocation 

Min VMT MILP  Acceptance ratio 
drawn from 

distribution 

No demand 
prediction 

Fixed  

(Al-Kanj et al., 
2018) 

SAV Demand 
elasticity 

Dispatch, 
pricing and fleet 

sizing 

Max revenue DP Value function 
approximation 

Have some priors 
and learn the true 

acceptance ratio-

price curve 
 

 

Possible 
future demand 

scenarios 

Decide by 
adaptive 

learning 

32874 trips, 96 
time steps, 21634 

zones 

(Allahviranloo 
and Chow, 

2019) 

SAV Dynamic 
pricing for 

time slots 

Fleet sizing, 
vehicle routing 

and time slot 

pricing 

Min cost Bilevel 
optimisation 

The upper level 
is solved by 

Bender’s 

decomposition 

WTP depends on 
the fleet size and 

routing/scheduling 

results from the 
upper level model, 

and the fleet sizing 

problem is 
influenced by the 

spatial temporal 

distribution of 
demand 

No demand 
prediction 

Two pricing 
mechanisms:  

PM0: set the 

price of each 
time slot to 

the min of 

WTP in the 
population 

and PM1: set 

the prices 
based on the 

fleet size 

 

NYC, MTA 
travel data and 

NYMTC 

household travel 
survey data, 322 

residents, 2,606 

trips, average 
duration 11 mins 
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 Type of 

shared 

mobility 

Relocation 

mechanism 
Objective Constraints Methodology Algorithm User behaviour 

model 
Future 

Demand 

prediction 

Price Data 

(Asghari and 

Shahabi, 2018) 

Ridehailing Demand 

elasticity 

compute which 

location should 
we sacrifice in 

order to 

increase the 
generated 

revenue in the 

following time 
period and max 

it 

  Proposed 

algorithm 

Demand as a 

function of price 

Synthetic 

demand 
prediction 

accuracy 

Decide by the 

algorithm 

NYC taxi, 1 

hour, 39437 
drivers and 

500000 trips per 

day 

(Lv et al., 2018) BS Dynamic 
pricing for 

changing 

dropping off 
location 

Location 
truthful and 

budget feasible 

incentive 
mechanism 

  Proposed 
algorithm 

Incentive is greater 
than the additional 

cost of users 

No demand 
prediction 

Decide by the 
algorithm 

Mobike Beijing, 
10-14 May 2017, 

4000 bikes, 

1000-5000 users 
participating and 

5000 demands 

(Lippoldt et al., 
2019) 

FFCS Incentive (5-
20 free 

minutes) if 

users return 
vehicles to the 

central area 

The 
effectiveness of 

a user-based 

relocation 
incentivisation 

program in 
Cologne 

 

 

 Descriptive     FFCS in 
Cologne, 5 June - 

16 July 2017 and 

28 Aug - 2 Oct 
2017 

(Lippoldt et al., 

2018) 

FFCS Incentive 

(price or free 

minutes) for 
trips starting 

in the 

peripheral 
area or ending 

in the central 

area 
 

 

The 

effectiveness of 

two user-based 
relocation 

incentivisation 

programs in 
Milan 

 Descriptive     FFCS in Milan, 6 

weeks starting in 

May 2017 

(Herrenkind et 
al., 2019) 

CS (one-way) Alternate 
drop-off 

location 

Design an 
incentive 

computation 

program 

 Machine 
learning 

   Decided by 
the algorithm 

SP in April and 
Oct 2016, n=274, 

on walking 

distance, time of 
day, weather, 

temperature, and 

incentive 
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 Type of 

shared 

mobility 

Relocation 

mechanism 
Objective Constraints Methodology Algorithm User behaviour 

model 
Future 

Demand 

prediction 

Price Data 

(Karamanis et 

al., 2018) 

Ridehailing Surge pricing Impact of 

dynamic pricing 

 Agent-based 

modelling 

 NL No demand 

prediction 

Determined 

by 
maximising 

expected 

revenue 
 

London, 18 hours 

(Oliveira et al., 

2019) 

Car rental Demand 

elasticity 

Dynamic 

pricing + fleet 
management 

 

 

Max profit Stochastic ILP Co-evolutional 

GA 

Known demand-

price function 

No demand 

prediction 

Determined 

by 
optimisation 

Same as Oliveira 

(2017b) 

(Lei et al., 

2019) 

Ridehailing Demand 

elasticity 

Dynamic 

pricing + 

vehicle 
relocation 

 

Max revenue DP Value function 

approximation 

Demand as a 

function of disutility 

Known arrival 

rate 

Determined 

by 

optimisation 

16 zones, 2 h (8 

time steps), 320-

480 vehicles 

(Zha et al., 
2018) 

Ridehailing Commission 
rate cap 

Spatial pricing Max revenue   Demand as a 
function of average 

trip fare, and 

average waiting 
time 

No demand 
prediction 

Determined 
by 

optimisation 

Didi, Jan 1-21 
2016, 7,816,328 

requests,7700 

cars 

(Lei Wang et 
al., 2019) 

EVCS Dynamic 
pricing to 

alternate 

pickup/drop-
off location 

Incentive Incentive by the 
rank list of 

vehicles and 

stations based on 
the weighted 

sum of: idle time 

of vehicles, 
pickup and drop-

off demands of 

each station, and 
demands of the 

nearby stations 

  No customer 
behaviour 

No demand 
prediction 

Not mention EVCARD, 9 h (9 
time steps), 40 

vehicles and 20 

stations 
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Appendix B: Stated choice survey (socio-demographic questions) 
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Appendix C: Carsharing usage and operator’s revenue (with and without the latency of risk preference) 

Table C.1 Carsharing usage and operator’s revenue with various actual behaviour (prior expected behaviour: Linear) 

Behaviour model Error term set Of spontaneous users, the % 

using carsharing 

Of advance reservation users, the % 

using GAR 

Of Adv→Spon. users, the % of using 

carsharing 

 

 
 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

Linear 1 60% 60% 50% 90% 89% N/A N/A 70% N/A £27.74 

2 80% 87% 54% 90% 91% N/A N/A 50% 60% £31.59 

3 30% 77% 41% 90% 72% N/A N/A 60% 40% £25.95 
4 60% 51% 55% 90% 99% N/A N/A 40% N/A £32.65 

5 80% 60% 65% 100% 100% N/A N/A N/A N/A £28.18 

6 60% 70% 46% 100% 90% N/A N/A N/A 50% £31.58 
7 40% 38% 45% 60% 72% N/A N/A 60% 80% £25.25 

8 60% 62% 52% 90% 72% N/A N/A 60% 50% £29.00 

9 90% 77% 40% 90% 89% N/A N/A 80% N/A £32.33 
10 70% 76% 55% 90% 63% N/A N/A 50% 50% £28.30 

Mean 

 

63% 66% 50% 89% 84% N/A N/A 59% 52% £29.26 

CARA (attribute-level) 1 60% 60% 46% 50% 45% N/A N/A 70% 50% £24.39 

2 80% 72% 52% 60% 45% N/A N/A 50% 60% £26.25 

3 30% 62% 41% 40% 40% N/A N/A 60% 40% £20.04 

4 60% 56% 58% 40% 54% N/A N/A 40% 50% £26.32 

5 80% 60% 55% 60% 56% N/A N/A 70% 50% £25.24 

6 60% 78% 48% 60% 52% N/A N/A 50% 50% £28.22 
7 40% 26% 45% 30% 48% N/A N/A 60% 80% £22.06 

8 60% 72% 48% 40% 36% N/A N/A 60% 50% £23.05 

9 90% 62% 40% 40% 46% N/A N/A 80% 40% £26.25 
10 70% 56% 55% 40% 46% N/A N/A 50% 50% £23.04 

Mean 

 

63% 60% 49% 46% 47% N/A N/A 59% 51% £24.49 

CRRA (attribute-level) 

 

1 60% 60% 46% 50% 45% N/A N/A 70% 50% £24.39 

2 80% 72% 51% 60% 40% N/A N/A 50% 60% £26.06 

3 30% 59% 44% 30% 37% N/A N/A 60% 40% £19.19 
4 60% 56% 58% 40% 54% N/A N/A 40% 50% £26.32 

5 80% 60% 55% 60% 56% N/A N/A 70% 50% £25.24 

6 60% 78% 48% 60% 52% N/A N/A 50% 50% £28.22 
7 40% 26% 45% 30% 48% N/A N/A 60% 80% £22.06 

8 60% 72% 48% 40% 32% N/A N/A 60% 50% £22.14 

9 90% 62% 40% 40% 46% N/A N/A 80% 40% £26.25 
10 70% 56% 55% 40% 42% N/A N/A 50% 50% £22.56 

Mean 

 

63% 60% 49% 45% 45% N/A N/A 59% 51% £24.24 

Quadratic (attribute-level)  N/A 
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Behaviour model Error term set Of spontaneous users, the % 

using carsharing 
Of advance reservation users, the % 

using GAR 
Of Adv→Spon. users, the % of using 

carsharing  

  t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

CARA (utility-level) 1 60% 60% 49% 60% 62% N/A N/A 70% 50% £24.74 

2 80% 81% 54% 70% 63% N/A N/A 50% 60% £27.84 
3 30% 62% 43% 40% 48% N/A N/A 60% 40% £20.60 

4 60% 55% 57% 50% 65% N/A N/A 40% 50% £27.49 

5 80% 60% 58% 100% 70% N/A N/A N/A 50% £27.03 
6 60% 76% 47% 70% 57% N/A N/A 50% 50% £28.78 

7 40% 26% 45% 30% 48% N/A N/A 60% 80% £22.06 

8 60% 72% 52% 40% 62% N/A N/A 60% 50% £23.51 
9 90% 62% 41% 40% 54% N/A N/A 80% 40% £26.92 

10 

 

70% 60% 55% 50% 40% N/A N/A 50% 50% £23.43 

Mean 

 

63% 61% 50% 55% 57% N/A N/A 59% 51% £25.24 

CRRA (utility-level) 1 60% 60% 50% 80% 78% N/A N/A 70% N/A £26.41 
2 80% 81% 54% 70% 80% N/A N/A 50% 60% £29.30 

3 30% 71% 41% 70% 66% N/A N/A 60% 40% £23.93 

4 60% 52% 56% 80% 78% N/A N/A 40% 50% £30.42 
5 80% 60% 63% 100% 90% N/A N/A N/A 50% £27.84 

6 60% 70% 47% 100% 70% N/A N/A N/A 50% £30.52 

7 40% 35% 45% 50% 65% N/A N/A 60% 80% £23.91 
8 60% 66% 51% 70% 62% N/A N/A 60% 50% £26.31 

9 90% 74% 40% 80% 78% N/A N/A 80% N/A £30.84 

10 
 

70% 72% 55% 70% 46% N/A N/A 50% 50% £25.28 

Mean 

 

63% 64% 50% 77% 71% N/A N/A 59% 51% £27.48 

Quadratic (utility-level)  N/A 
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Table C.2 Carsharing usage and operator’s revenue with various actual behaviour (prior expected behaviour: CARA-attribute) 

Behaviour model Error term set Of spontaneous users, the % 

using carsharing 

Of advance reservation users, the % 

using GAR 

Of Adv→Spon. users, the % of using 

carsharing 

 

 
 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

Linear 1 60% 60% 49% 20% 80% N/A N/A 70% 50% £22.77 

2 90% 87% 55% 90% 100% N/A N/A 50% N/A £28.03 

3 40% 80% 42% 100% 60% N/A N/A N/A 40% £22.79 
4 60% 42% 60% 90% 10% N/A N/A 80% 50% £21.96 

5 80% 70% 65% 100% 100% N/A N/A N/A N/A £26.04 

6 50% 69% 46% 70% 69% N/A N/A 80% 50% £27.21 
7 60% 50% 45% 100% 20% N/A N/A N/A 80% £19.58 

8 60% 60% 51% 100% 70% N/A N/A N/A 50% £26.61 

9 90% 72% 40% 80% 80% N/A N/A 40% N/A £26.29 
10 

 

70% 76% 55% 90% 62% N/A N/A 50% 50% £25.44 

Mean 

 
66% 67% 51% 84% 66% N/A N/A 66% 57% £24.67 

CARA (attribute-level) 1 60% 60% 50% 50% 80% N/A N/A 70% N/A £26.95 

2 90% 84% 54% 80% 92% N/A N/A 50% 60% £29.78 
3 40% 77% 42% 90% 58% N/A N/A 60% 40% £23.58 

4 60% 42% 57% 90% 63% N/A N/A 80% 50% £30.50 

5 80% 70% 65% 100% 100% N/A N/A N/A N/A £26.14 

6 50% 72% 46% 80% 79% N/A N/A 80% 50% £30.31 

7 60% 50% 45% 100% 40% N/A N/A N/A 80% £21.80 

8 60% 60% 51% 100% 70% N/A N/A N/A 50% £26.28 
9 90% 72% 40% 80% 80% N/A N/A 40% N/A £29.38 

10 

 

70% 76% 55% 90% 62% N/A N/A 50% 50% £25.86 

Mean 

 

66% 66% 50% 84% 72% N/A N/A 65% 58% £27.06 

CRRA (attribute-level) 

 

1 60% 60% 49% 20% 74% N/A N/A 80% 50% £24.06 

2 90% 84% 54% 80% 74% N/A N/A 50% 60% £27.79 

3 40% 77% 43% 90% 37% N/A N/A 60% 40% £21.86 
4 60% 52% 53% 40% 54% N/A N/A 80% 50% £25.83 

5 80% 67% 58% 70% 58% N/A N/A 70% 50% £24.07 

6 60% 72% 47% 60% 70% N/A N/A 80% 50% £28.35 

7 40% 32 45% 40% 36% N/A N/A 60% 80% £20.55 

8 60% 62% 46% 90% 42% N/A N/A 60% 50% £23.83 

9 90% 72% 41% 70% 60% N/A N/A 40% 40% £25.87 
10 

 

70% 68% 55% 70% 36% N/A N/A 50% 50% £22.57 

Mean 

 
65% 65% 49% 63% 54% N/A N/A 68% 53% £24.48 

Quadratic (attribute-level)  N/A 
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Behaviour model Error term set Of spontaneous users, the % 

using carsharing 
Of advance reservation users, the % 

using GAR 
Of Adv→Spon. users, the % of using 

carsharing  

  t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

CARA (utility-level) 1 60% 60% 49% 20% 80% N/A N/A 80% 50% £24.37 

2 90% 84% 55% 80% 100% N/A N/A 50% N/A £28.25 
3 40% 80% 42% 100% 60% N/A N/A N/A 40% £24.19 

4 60% 48% 58% 60% 58% N/A N/A 80% 50% £27.12 

5 80% 70% 65% 100% 100% N/A N/A N/A N/A £25.59 
6 60% 72% 45% 60% 82% N/A N/A 80% N/A £27.65 

7 40% 38% 45% 60% 42% N/A N/A 60% 80% £22.06 

8 60% 60% 51% 100% 70% N/A N/A N/A 50% £26.86 
9 90% 72% 40% 80% 88% N/A N/A 40% N/A £27.28 

10 

 

70% 80% 55% 100% 40% N/A N/A N/A 50% £24.80 

Mean 

 

65% 66% 50% 76% 72% N/A N/A 71% 53% £25.82 

CRRA (utility-level) 1 60% 60% 49% 20% 80% N/A N/A 80% 50% £24.37 
2 90% 87% 55% 90% 100% N/A N/A 50% N/A £27.90 

3 40% 80% 42% 100% 60% N/A N/A N/A 40% £22.88 

4 60% 44% 59% 81% 20% N/A N/A 80% 50% £24.07 
5 80% 70% 65% 100% 100% N/A N/A N/A N/A £25.84 

6 60% 66% 47% 80% 66% N/A N/A 80% 50% £27.63 

7 40% 41% 45% 70% 38% N/A N/A 60% 80% £22.27 
8 60% 60% 51% 100% 70% N/A N/A N/A 50% £26.86 

9 90% 72% 40% 80% 88% N/A N/A 40% N/A £27.13 

10 
 

70% 76% 55% 90% 54% N/A N/A 50% 50% £24.68 

Mean 

 

65% 66% 51% 81% 68% N/A N/A 69% 55% £25.36 

Quadratic (utility-level)  N/A 
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Table C.3 Carsharing usage and operator’s revenue with various actual behaviour (prior expected behaviour: CRRA-attribute) 

Behaviour model Error term set Of spontaneous users, the % using 

carsharing 

Of advance reservation users, the % 

using GAR 

Of Adv→Spon. users, the % of using 

carsharing 

 

 
 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

Linear 1 60% 60% 50% 50% 80% N/A N/A 80% N/A £25.63 

2 90% 87% 55% 90% 100% N/A N/A 50% N/A £28.53 

3 40% 80% 42% 100% 60% N/A N/A N/A 40% £22.54 
4 60% 51% 56% 90% 73% N/A N/A 80% 50% £29.59 

5 80% 70% 65% 100% 100% N/A N/A N/A N/A £25.74 

6 50% 76% 47% 70% 63% N/A N/A 80% 50% £27.68 
7 60% 60% 45% 100% 70% N/A N/A N/A 80% £20.54 

8 60% 60% 51% 100% 70% N/A N/A N/A 50% £26.33 

9 90% 77% 40% 90% 90% N/A N/A 80% N/A £27.86 
10 

 

70% 76% 55% 90% 63% N/A N/A 50% 50% £24.91 

Mean 

 
66% 70% 50% 88% 77% N/A N/A 75% 53% £25.94 

CARA (attribute-level) 

 

1 60% 60% 49% 50% 70% N/A N/A 80% 50% £25.58 

2 90% 81% 54% 70% 93% N/A N/A 50% 60% £28.98 
3 40% 77% 42% 90% 63% N/A N/A 60% 40% £23.30 

4 60% 52% 56% 80% 66% N/A N/A 80% 50% £28.16 

5 80% 66% 65% 90% 98% N/A N/A 60% N/A £25.53 

6 50% 80% 47% 50% 60% N/A N/A 80% 50% £29.90 

7 60% 56% 45% 90% 61% N/A N/A 60% 80% £20.85 

8 60% 62% 51% 90% 62% N/A N/A 60% 50% £24.74 
9 90% 74% 40% 80% 80% N/A N/A 80% N/A £27.36 

10 

 

70% 72% 55% 80% 56% N/A N/A 50% 50% £23.36 

Mean 

 

66% 68% 50% 77% 71% N/A N/A 70% 54% £25.80 

CRRA (attribute-level) 1 60% 60% 50% 50% 80% N/A N/A 80% N/A £25.89 

2 90% 84% 54% 80% 92% N/A N/A 50% 60% £29.20 

3 40% 77% 42% 90% 63% N/A N/A 60% 40% £23.31 

4 60% 51% 57% 90% 63% N/A N/A 80% 50% £28.64 

5 80% 70% 65% 100% 100% N/A N/A N/A N/A £25.85 

6 50% 78% 47% 60% 70% N/A N/A 80% 70% £30.20 

7 60% 60% 45% 100% 70% N/A N/A N/A 80% £21.00 

8 60% 60% 51% 100% 70% N/A N/A N/A 50% £25.89 

9 90% 71% 47% 90% 80% N/A N/A 80% 40% £28.32 

10 

 

70% 76% 57% 90% 62% N/A N/A 50% 50% £25.51 

Mean 

 
66% 69% 50% 85% 74% N/A N/A 73% 55% £26.38 

Quadratic (attribute-level)  N/A 
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Behaviour model Error term set Of spontaneous users, the % using 

carsharing 
Of advance reservation users, the % 

using GAR 
Of Adv→Spon. users, the % of using 

carsharing  

  t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

CARA (utility-level) 1 60% 60% 50% 50% 80% N/A N/A 80% N/A £25.86 

2 90% 84% 55% 80% 100% N/A N/A 50% N/A £28.14 
3 40% 80% 42% 100% 60% N/A N/A N/A 40% £24.01 

4 60% 51% 57% 90% 64% N/A N/A 80% 50% £28.65 

5 80% 70% 65% 100% 100% N/A N/A N/A N/A £25.48 
6 50% 78% 47% 60% 70% N/A N/A 80% 50% £29.52 

7 60% 60% 45% 100% 70% N/A N/A N/A 80% £20.55 

8 60% 60% 51% 100% 70% N/A N/A N/A 50% £26.33 
9 90% 77% 40% 90% 89% N/A N/A 80% N/A £27.86 

10 

 

70% 80% 55% 100% 60% N/A N/A N/A 50% £25.67 

Mean 

 

66% 70% 51% 87% 76% N/A N/A 75% 53% £26.21 

CRRA (utility-level) 1 60% 60% 50% 50% 80% N/A N/A 80% N/A £25.63 
2 90% 87% 55% 90% 100% N/A N/A 50% N/A £28.53 

3 40% 80% 42% 100% 60% N/A N/A N/A 40% £22.60 

4 60% 51% 57% 90% 64% N/A N/A 80% 50% £28.68 
5 80% 70% 65% 100% 100% N/A N/A N/A N/A £25.74 

6 50% 76% 47% 70% 63% N/A N/A 80% 50% £27.68 

7 60% 60% 45% 100% 70% N/A N/A N/A 80% £20.54 
8 60% 60% 51% 100% 70% N/A N/A N/A 50% £26.33 

9 90% 77% 40% 90% 90% N/A N/A 80% N/A £27.86 

10 
 

70% 76% 55% 90% 63% N/A N/A 50% 50% £24.91 

Mean 

 

66% 70% 51% 88% 76% N/A N/A 75% 53% £25.85 

Quadratic (utility-level)  N/A 
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Table C.4 Carsharing usage and operator’s revenue with various actual behaviour (prior expected behaviour: CARA-utility) 

Behaviour model Error term set Of spontaneous users, the % using 

carsharing 

Of advance reservation users, the % 

using GAR 

Of Adv→Spon. users, the % of using 

carsharing 

 

 
 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

Linear 1 60% 60% 50% 90% 88% N/A N/A 50% N/A £25.88 

2 90% 87% 53% 90% 82% N/A N/A 50% 60% £29.10 

3 40% 80% 42% 100% 60% N/A N/A N/A 40% £22.48 
4 60% 51% 55% 90% 99% N/A N/A 40% N/A £30.27 

5 80% 60% 65% 100% 100% N/A N/A N/A N/A £27.97 

6 60% 70% 47% 100% 60% N/A N/A N/A 50% £29.12 
7 60% 56% 45% 90% 72% N/A N/A 60% 80% £21.41 

8 60% 70% 55% 100% 100% N/A N/A N/A N/A £27.28 

9 90% 76% 40% 90% 89% N/A N/A 40% N/A £30.12 
10 70% 76% 55% 90% 62% N/A N/A 50% 50% £26.73 

Mean 

 

67% 69% 51% 94% 81% N/A N/A 48% 53% £27.04 

CARA (attribute-level) 1 60% 60% 49% 50% 60% N/A N/A 50% 50% £23.85 

2 90% 81% 52% 70% 49% N/A N/A 50% 60% £26.97 

3 40% 77% 42% 90% 58% N/A N/A 60% 40% £23.15 
4 60% 53% 57% 70% 64% N/A N/A 40% 50% £27.58 

5 80% 48% 55% 60% 56% N/A N/A 40% 50% £25.15 

6 60% 78% 48% 60% 52% N/A N/A 50% 50% £28.98 

7 60% 48% 45% 70% 57% N/A N/A 60% 80% £19.44 

8 60% 73% 52% 70% 60% N/A N/A 60% 50% £23.55 

9 90% 64% 42% 60% 60% N/A N/A 40% 45% £27.77 
10 

 

70% 60% 55% 50% 50% N/A N/A 50% 50% £23.59 

Mean 

 
67% 64% 49% 65% 57% N/A N/A 49% 50% £25.00 

CRRA (attribute-level) 1 60% 60% 46% 50% 50% N/A N/A 50% 50% £23.03 
2 90% 84% 51% 80% 46% N/A N/A 50% 60% £27.44 

3 40% 77% 43% 90% 49% N/A N/A 60% 40% £22.55 

4 60% 54% 57% 60% 62% N/A N/A 40% 50% £26.68 
5 80% 48% 55% 60% 56% N/A N/A 40% 50% £25.15 

6 60% 78% 48% 60% 52% N/A N/A 50% 50% £28.55 

7 60% 48% 45% 70% 57% N/A N/A 60% 80% £19.44 

8 60% 73% 52% 70% 60% N/A N/A 60% 50% £23.55 

9 90% 60% 43% 50% 50% N/A N/A 40% 40% £26.43 

10 
 

70% 56% 55% 40% 36% N/A N/A 50% 50% £21.81 

Mean 

 

67% 64% 49% 63% 52% N/A N/A 48% 49% £24.46 

Quadratic (attribute-level)  

 

N/A 
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Behaviour model Error term set Of spontaneous users, the % using 

carsharing 
Of advance reservation users, the % 

using GAR 
Of Adv→Spon. users, the % of using 

carsharing 
 

  t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

CARA (utility-level) 1 60% 60% 50% 90% 98% N/A N/A 50% N/A £26.55 

2 90% 87% 54% 90% 91% N/A N/A 50% 60% £30.95 
3 40% 80% 42% 100% 70% N/A N/A N/A 40% £24.65 

4 60% 51% 55% 90% 99% N/A N/A 40% N/A £30.70 

5 80% 60% 65% 100% 100% N/A N/A N/A N/A £28.01 
6 60% 70% 47% 100% 70% N/A N/A N/A 50% £30.93 

7 60% 60% 45% 100% 90% N/A N/A N/A 80% £22.27 

8 60% 70% 55% 100% 100% N/A N/A N/A N/A £27.28 
9 90% 76% 40% 90% 89% N/A N/A 40% N/A £30.28 

10 

 

70% 76% 55% 90% 62% N/A N/A 50% 50% £26.30 

Mean 

 

67% 69% 51% 95% 87% N/A N/A 46% 51% £27.82 

CRRA (utility-level) 1 60% 60% 50% 90% 88% N/A N/A 50% N/A £25.88 
2 90% 87% 53% 90% 82% N/A N/A 50% 60% £29.10 

3 40% 80% 42% 100% 60% N/A N/A N/A 40% £22.54 

4 60% 51% 55% 90% 99% N/A N/A 40% N/A £30.27 
5 80% 60% 65% 100% 100% N/A N/A N/A N/A £28.00 

6 60% 70% 47% 100% 60% N/A N/A N/A 50% £29.12 

7 60% 56% 45% 90% 72% N/A N/A 60% 80% £21.41 
8 60% 70% 55% 100% 100% N/A N/A N/A N/A £27.28 

9 90% 76% 40% 90% 89% N/A N/A 40% N/A £30.12 

10 
 

70% 76% 55% 90% 62% N/A N/A 50% 50% £26.73 

Mean 

 

67% 69% 51% 94% 81% N/A N/A 48% 53% £27.05 

Quadratic (utility-level)  N/A 
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Table C.5 Carsharing usage and operator’s revenue with various actual behaviour (prior expected behaviour: CRRA-utility) 

Behaviour model Error term set Of spontaneous users, the % 

using carsharing 

Of advance reservation users, the % 

using GAR 

Of Adv→Spon. users, the % of using 

carsharing 

 

 
 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

Linear 1 60% 60% 50% 90% 80% N/A N/A 70% 50% £27.46 

2 80% 87% 54% 90% 91% N/A N/A 50% 60% £31.22 

3 30% 77% 40% 90% 63% N/A N/A 60% 40% £24.52 
4 60% 51% 55% 90% 99% N/A N/A 40% N/A £32.23 

5 80% 60% 63% 100% 90% N/A N/A N/A 50% £27.81 

6 60% 72% 46% 90% 89% N/A N/A 50% 50% £31.05 
7 40% 38% 45% 60% 68% N/A N/A 60% 80% £24.66 

8 60% 62% 52% 90% 72% N/A N/A 60% 50% £28.93 

9 90% 77% 40% 90% 89% N/A N/A 80% N/A £31.98 
10 

 

70% 76% 55% 90% 54% N/A N/A 50% 50% £27.70 

Mean 

 
63% 66% 50% 88% 80% N/A N/A 58% 53% £28.76 

CARA (attribute-level) 1 60% 60% 46% 50% 45% N/A N/A 70% 50% £24.37 

2 80% 72% 52% 60% 45% N/A N/A 50% 60% £25.96 

3 30% 62% 41% 40% 40% N/A N/A 60% 40% £20.02 

4 60% 56% 58% 40% 54% N/A N/A 40% 50% £26.27 

5 80% 60% 55% 60% 56% N/A N/A 70% 50% £25.24 

6 60% 78% 48% 60% 52% N/A N/A 50% 50% £28.20 

7 40% 26% 45% 30% 48% N/A N/A 60% 80% £21.59 

8 60% 72% 48% 40% 36% N/A N/A 60% 50% £22.74 

9 90% 62% 40% 40% 46% N/A N/A 80% 40% £26.23 

10 70% 56% 55% 40% 46% N/A N/A 50% 50% £23.01 

Mean 

 
63% 60% 49% 46% 47% N/A N/A 59% 51% £24.36 

CRRA (attribute-level) 

 

1 60% 60% 47% 50% 50% N/A N/A 70% 50% £24.35 
2 80% 78% 53% 60% 40% N/A N/A 50% 60% £25.32 

3 30% 59% 42% 30% 37% N/A N/A 60% 40% £19.17 

4 60% 56% 58% 40% 54% N/A N/A 40% 50% £26.27 
5 80% 60% 55% 60% 56% N/A N/A 70% 50% £25.24 

6 60% 78% 48% 60% 52% N/A N/A 50% 50% £28.24 

7 40% 29% 45% 30% 47% N/A N/A 60% 80% £21.59 

8 60% 72% 48% 40% 32% N/A N/A 60% 50% £21.99 

9 90% 62% 42% 40% 46% N/A N/A 80% 40% £26.23 

10 70% 56% 55% 40% 42% N/A N/A 50% 50% £22.53 
Mean 

 

63% 61% 49% 45% 46% N/A N/A 59% 50% £24.09 

Quadratic (attribute-level)  N/A 
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Behaviour model Error term set Of spontaneous users, the % 

using carsharing 
Of advance reservation users, the % 

using GAR 
Of Adv→Spon. users, the % of using 

carsharing  

  t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

CARA (utility-level) 1 60% 60% 49% 60% 62% N/A N/A 70% 50% £24.76 

2 80% 81% 54% 70% 63% N/A N/A 50% 60% £27.81 
3 30% 62% 43% 40% 48% N/A N/A 60% 40% £20.58 

4 60% 55% 57% 50% 65% N/A N/A 40% 50% £27.43 

5 80% 60% 55% 100% 60% N/A N/A N/A 50% £26.65 
6 60% 76% 47% 70% 57% N/A N/A 50% 50% £28.76 

7 40% 29% 45% 30% 47% N/A N/A 60% 80% £21.59 

8 60% 72% 52% 40% 62% N/A N/A 60% 50% £23.49 
9 90% 65% 42% 50% 55% N/A N/A 80% 40% £27.59 

10 

 

70% 60% 55% 50% 40% N/A N/A 50% 50% £23.41 

Mean 

 

63% 62% 50% 56% 56% N/A N/A 58% 51% £25.21 

CRRA (utility-level) 1 60% 60% 50% 90% 89% N/A N/A 70% N/A £27.71 
2 80% 87% 54% 90% 91% N/A N/A 50% 60% £31.55 

3 30% 77% 41% 90% 72% N/A N/A 60% 40% £25.90 

4 60% 51% 55% 90% 99% N/A N/A 40% N/A £32.54 
5 80% 60% 65% 100% 100% N/A N/A N/A N/A £28.23 

6 60% 70% 46% 100% 90% N/A N/A N/A 50% £31.54 

7 40% 38% 45% 60% 72% N/A N/A 60% 80% £25.20 
8 60% 62% 52% 90% 72% N/A N/A 60% 50% £28.93 

9 90% 77% 40% 90% 89% N/A N/A 80% N/A £32.28 

10 
 

70% 76% 55% 90% 63% N/A N/A 50% 50% £28.27 

Mean 

 

63% 66% 50% 89% 84% N/A N/A 59% 52% £29.21 

Quadratic (utility-level)  N/A 
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Appendix D: Results from maximising consumer surplus 

Table D.1 Carsharing usage and operator revenue (with consumer surplus maximising objective function) 

Behaviour model Error term set Of spontaneous users, the % 

using carsharing 

Of advance reservation users, 

the % using GAR 

Of Adv→Spon. users, the % of using 

carsharing 

 

 
 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

Linear 1 70% 60% 55% 90% 98% N/A N/A 70% N/A £27.30 

2 90% 90% 55% 100% 100% N/A N/A N/A N/A £30.73 

3 40% 80% 45% 100% 100% N/A N/A N/A N/A £23.74 
4 70% 51% 55% 90% 99% N/A N/A 70% N/A £32.36 

5 80% 60% 65% 100% 100% N/A N/A N/A N/A £28.18 

6 60% 79% 59% 100% 90% N/A N/A N/A 50% £30.77 
7 70% 60% 45% 100% 90% N/A N/A N/A 80% £21.71 

8 60% 90% 75% 100% 100% N/A N/A N/A N/A £25.80 

9 90% 77% 80% 90% 91% N/A N/A 90% N/A £31.07 
10 70% 78% 60% 90% 99% N/A N/A 50% N/A £26.42 

Mean 

 

70% 72% 59% 96% 97% N/A N/A 70% 65% £27.81 

CARA (attribute-level) 1 70% 60% 55% 100% 100% N/A N/A N/A N/A £14.67 

2 90% 90% 55% 100% 100% N/A N/A N/A N/A £17.12 

3 50% 80% 45% 100% 100% N/A N/A N/A N/A £12.51 

4 90% 60% 55% 100% 100% N/A N/A N/A N/A £14.54 

5 90% 90% 65% 100% 100% N/A N/A N/A N/A £15.77 

6 60% 80% 60% 100% 100% N/A N/A N/A N/A £16.47 
7 80% 70% 45% 100% 100% N/A N/A N/A N/A £11.59 

8 70% 90% 75% 100% 100% N/A N/A N/A N/A £14.59 

9 100% 80% 80% 100% 100% N/A N/A N/A N/A £14.64 
10 90% 90% 60% 100% 100% N/A N/A N/A N/A £13.99 

Mean 

 

79% 80% 60% 100% 100% N/A N/A N/A N/A £14.59 

CRRA (attribute-level) 

 

1 70% 60% 55% 100% 100% N/A N/A N/A N/A £14.78 

2 90% 90% 55% 100% 100% N/A N/A N/A N/A £17.12 

3 50% 80% 45% 100% 100% N/A N/A N/A N/A £12.51 
4 90% 60% 55% 100% 100% N/A N/A N/A N/A £14.54 

5 90% 90% 65% 100% 100% N/A N/A N/A N/A £15.77 

6 60% 80% 60% 100% 100% N/A N/A N/A N/A £16.92 
7 80% 70% 45% 100% 100% N/A N/A N/A N/A £11.59 

8 70% 90% 75% 100% 100% N/A N/A N/A N/A £14.59 

9 100% 80% 80% 100% 100% N/A N/A N/A N/A £14.64 
10 90% 90% 60% 100% 100% N/A N/A N/A N/A £13.99 

Mean 

 

79% 80% 60% 100% 100% N/A N/A N/A N/A £14.64 

Quadratic (attribute-level)  N/A 
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Behaviour model Error term set Of spontaneous users, the % 

using carsharing 
Of advance reservation users, 

the % using GAR 
Of Adv→Spon. users, the % of using 

carsharing  

  t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

CARA (utility-level) 1 70% 70% 50% 100% 100% N/A N/A N/A N/A £15.81 

2 90% 90% 55% 100% 100% N/A N/A N/A N/A £18.17 
3 50% 80% 45% 100% 100% N/A N/A N/A N/A £13.39 

4 80% 60% 55% 100% 100% N/A N/A N/A N/A £16.99 

5 80% 90% 65% 100% 100% N/A N/A N/A N/A £17.83 
6 60% 80% 60% 100% 100% N/A N/A N/A N/A £17.80 

7 70% 60% 45% 100% 100% N/A N/A N/A N/A £13.33 

8 70% 90% 75% 100% 100% N/A N/A N/A N/A £15.81 
9 100% 80% 80% 100% 100% N/A N/A N/A N/A £15.52 

10 80% 90% 60% 100% 100% N/A N/A N/A N/A £15.19 

Mean 

 
75% 79% 59% 100% 100% N/A N/A N/A N/A £15.99 

CRRA (utility-level) 1 70% 60% 55% 90% 98% N/A N/A 70% N/A £27.36 

2 90% 90% 55% 100% 100% N/A N/A N/A N/A £30.67 
3 40% 80% 45% 100% 100% N/A N/A N/A N/A £23.82 

4 70% 51% 55% 90% 99% N/A N/A 70% N/A £32.11 

5 80% 70% 65% 100% 100% N/A N/A N/A N/A £28.18 
6 60% 80% 61% 100% 90% N/A N/A N/A 50% £30.69 

7 70% 60% 45% 100% 90% N/A N/A N/A 80% £22.06 

8 60% 90% 75% 100% 100% N/A N/A N/A N/A £25.71 
9 90% 77% 80% 90% 91% N/A N/A 90% N/A £31.02 

10 70% 78% 60% 90% 100% N/A N/A 50% N/A £26.18 

Mean 

 
70% 74% 60% 96% 97% N/A N/A 70% 65% £27.78 

Quadratic (utility-level)  N/A 
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Appendix E: Results of risk-averse users 

Table E.1 Carsharing usage and operator revenue (with risk-averse users) 

Behaviour model Error term set Of spontaneous users, the % 

using carsharing 

Of advance reservation users, 

the % using GAR 

Of Adv→Spon. users, the % of using 

carsharing 

 

 
 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

Linear 1 60% 60% 50% 90% 89% N/A N/A 70% N/A £27.74 

2 80% 87% 54% 90% 91% N/A N/A 50% 60% £31.59 

3 30% 77% 41% 90% 72% N/A N/A 60% 40% £25.95 
4 60% 51% 55% 90% 99% N/A N/A 40% N/A £32.65 

5 80% 60% 65% 100% 100% N/A N/A N/A N/A £28.18 

6 60% 70% 46% 100% 90% N/A N/A N/A 50% £31.58 
7 40% 38% 45% 60% 72% N/A N/A 60% 80% £25.25 

8 60% 62% 52% 90% 72% N/A N/A 60% 50% £29.00 

9 90% 77% 40% 90% 89% N/A N/A 80% N/A £32.33 
10 70% 76% 55% 90% 63% N/A N/A 50% 50% £28.30 

Mean 

 

63% 66% 50% 89% 84% N/A N/A 59% 52% £29.26 

CARA (attribute-level) 1 60% 50% 50% 100% 100% N/A N/A N/A N/A £31.38 

2 80% 90% 55% 100% 100% N/A N/A N/A N/A £31.15 

3 30% 80% 40% 100% 100% N/A N/A N/A N/A £26.45 

4 60% 50% 55% 100% 100% N/A N/A N/A N/A £31.38 

5 60% 50% 65% 100% 100% N/A N/A N/A N/A £30.62 

6 60% 70% 45% 100% 100% N/A N/A N/A N/A £32.21 
7 40% 50% 45% 100% 100% N/A N/A N/A N/A £26.43 

8 60% 60% 50% 100% 100% N/A N/A N/A N/A £30.31 

9 90% 80% 40% 100% 100% N/A N/A N/A N/A £31.50 
10 70% 80% 55% 100% 100% N/A N/A N/A N/A £29.98 

Mean 

 

61% 66% 50% 100% 100% N/A N/A N/A N/A £30.14 

CRRA (attribute-level) 

 

1 60% 60% 50% 100% 100% N/A N/A N/A N/A £28.53 

2 80% 90% 55% 100% 100% N/A N/A N/A N/A £29.83 

3 30% 80% 40% 100% 100% N/A N/A N/A N/A £25.13 
4 60% 50% 55% 100% 100% N/A N/A N/A N/A £30.02 

5 60% 50% 65% 100% 100% N/A N/A N/A N/A £29.93 

6 60% 70% 45% 100% 100% N/A N/A N/A N/A £31.35 
7 40% 50% 45% 100% 100% N/A N/A N/A N/A £25.14 

8 60% 60% 55% 100% 100% N/A N/A N/A N/A £29.02 

9 90% 80% 40% 100% 100% N/A N/A N/A N/A £30.28 
10 70% 80% 55% 100% 100% N/A N/A N/A N/A £28.70 

Mean 

 

61% 67% 50% 100% 100% N/A N/A N/A N/A £28.79 

Quadratic (attribute-level)  N/A 
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Behaviour model Error term set Of spontaneous users, the % 

using carsharing 
Of advance reservation users, 

the % using GAR 
Of Adv→Spon. users, the % of using 

carsharing  

  t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

CARA (utility-level) 1 60% 60% 50% 100% 100% N/A N/A N/A N/A £34.46 

2 80% 90% 55% 100% 100% N/A N/A N/A N/A £35.77 
3 30% 80% 40% 100% 100% N/A N/A N/A N/A £31.07 

4 60% 50% 55% 100% 100% N/A N/A N/A N/A £36.25 

5 60% 40% 65% 100% 100% N/A N/A N/A N/A £35.10 
6 60% 70% 45% 100% 100% N/A N/A N/A N/A £37.14 

7 40% 50% 45% 100% 100% N/A N/A N/A N/A £31.04 

8 60% 60% 55% 100% 100% N/A N/A N/A N/A £34.96 
9 90% 80% 40% 100% 100% N/A N/A N/A N/A £36.38 

10 70% 80% 55% 100% 100% N/A N/A N/A N/A £34.62 

Mean 

 
61% 66% 50% 100% 100% N/A N/A N/A N/A £34.68 

CRRA (utility-level) 1 60% 60% 50% 90% 100% N/A N/A 70% N/A £30.01 

2 90% 90% 55% 100% 100% N/A N/A N/A N/A £31.91 
3 30% 80% 40% 100% 100% N/A N/A N/A N/A £26.82 

4 60% 51% 55% 90% 100% N/A N/A 40% N/A £32.59 

5 60% 50% 65% 100% 100% N/A N/A N/A N/A £31.12 
6 60% 70% 45% 100% 100% N/A N/A N/A N/A £33.10 

7 40% 50% 45% 100% 100% N/A N/A N/A N/A £25.66 

8 60% 60% 55% 100% 100% N/A N/A N/A N/A £30.54 
9 90% 77% 40% 90% 91% N/A N/A 80% N/A £32.16 

10 70% 76% 55% 90% 100% N/A N/A 50% N/A £29.04 

Mean 

 
62% 66% 50% 96% 99% N/A N/A 60% N/A £30.29 

Quadratic (utility-level)  N/A 
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Appendix F: Results of the non-overlapping demand pattern 

Table F.1 Carsharing usage and operator revenue (for non-overlapping demand pattern) 

Behaviour model Error term set Of spontaneous users, the % 

using carsharing 

Of advance reservation users, the % 

using GAR 

Of Adv→Spon. users, the % of using 

carsharing 

 

 
 t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

Linear 1 60% 66% 38% 89% 90% N/A N/A 70% N/A £28.92 

2 90% 50% 51% 90% 91% N/A N/A 70% 60% £33.26 

3 50% 77% 52% 90% 72% N/A N/A 60% 50% £27.85 
4 70% 51% 55% 90% 99% N/A N/A 70% N/A £33.60 

5 80% 80% 60% 100% 100% N/A N/A N/A N/A £30.13 

6 50% 70% 56% 100% 90% N/A N/A N/A 80% £33.28 
7 60% 56% 62% 60% 72% N/A N/A 70% 80% £26.86 

8 70% 89% 68% 90% 71% N/A N/A 50% 70% £31.55 

9 100% 78% 40% 90% 90% N/A N/A 90% N/A £34.07 
10 60% 79% 50% 90% 63% N/A N/A 40% 50% £29.95 

Mean 

 

69% 70% 53% 89% 84% N/A N/A 66% 61% £30.95 

CARA (attribute-level) 1 60% 71% 36% 54% 80% N/A N/A 80% 70% £25.80 

2 90% 50% 50% 80% 90% N/A N/A 70% 60% £29.90 

3 50% 77% 54% 90% 63% N/A N/A 60% 40% £24.47 

4 70% 51% 55% 90% 60% N/A N/A 70% 50% £31.75 

5 80% 80% 65% 100% 100% N/A N/A N/A N/A £30.70 

6 50% 70% 57% 100% 70% N/A N/A N/A 80% £32,76 
7 60% 60% 57% 60% 40% N/A N/A 80% 80% £24.22 

8 70% 88% 68% 80% 70% N/A N/A 60% 70% £30.31 

9 100% 78% 42% 90% 80% N/A N/A 80% N/A £32.57 
10 62% 78% 51% 89% 60% N/A N/A N/A 50% £29.13 

Mean 

 

69% 70% 53% 83% 71% N/A N/A 70% 65% £29.16 

CRRA (attribute-level) 

 

1 60% 75% 35% 50% 80% N/A N/A 80% N/A £27.15 

2 90% 50% 50% 80% 92% N/A N/A 70% 60% £30.48 

3 50% 77% 53% 90% 63% N/A N/A 60% 50% £24.81 
4 60% 51% 60% 90% 67% N/A N/A 80% 60% £29.09 

5 80% 80% 55% 100% 50% N/A N/A N/A 50% £29.06 

6 50% 70% 56% 60% 78% N/A N/A 80% 80% £31.46 
7 60% 56% 63% 60% 64% N/A N/A 70% 80% £23.71 

8 70% 87% 68% 70% 73% N/A N/A 60% 70% £28.79 

9 100% 78% 43% 90% 62% N/A N/A 90% 40% £31.21 
10 60% 79% 50% 90% 62% N/A N/A 40% 50% £26.73 

Mean 

 

68% 70% 53% 78% 69% N/A N/A 72% 55% £28.25 

Quadratic (attribute-level)  N/A 
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Behaviour model Error term set Of spontaneous users, the % 

using carsharing 
Of advance reservation users, the % 

using GAR 
Of Adv→Spon. users, the % of using 

carsharing  

  t=1 t=2 t=3 t=1 t=2 t=3 t=1 t=2 t=3 Revenue 

CARA (utility-level) 1 60% 71% 35% 90% 98% N/A N/A 50% N/A £27.64 

2 90% 50% 51% 90% 91% N/A N/A 70% 60% £32.11 
3 50% 77% 52% 90% 70% N/A N/A 60% 50% £26.48 

4 70% 51% 55% 90% 99% N/A N/A 70% N/A £31.75 

5 80% 80% 65% 100% 100% N/A N/A N/A N/A £30.70 
6 50% 70% 57% 100% 70% N/A N/A N/A 80% £32.76 

7 60% 60% 57% 100% 40% N/A N/A N/A 80% £24.22 

8 70% 88% 68% 80% 74% N/A N/A 60% 70% £30.31 
9 100% 78% 40% 90% 89% N/A N/A 90% N/A £32.36 

10 60% 79% 50% 90% 62% N/A N/A 40% 50% £27.69 

Mean 

 
69% 70% 53% 92% 81% N/A N/A 63% 67% £29.60 

CRRA (utility-level) 1 60% 66% 38% 89% 90% N/A N/A 70% N/A £28.89 

2 90% 50% 51% 90% 91% N/A N/A 70% 60% £33.22 
3 50% 77% 52% 90% 72% N/A N/A 60% 50% £27.80 

4 70% 51% 55% 90% 99% N/A N/A 70% N/A £33.50 

5 80% 80% 65% 100% 100% N/A N/A N/A N/A £30.40 
6 50% 70% 56% 100% 90% N/A N/A N/A 80% £33.24 

7 60% 56% 62% 60% 72% N/A N/A 70% 80% £26.81 

8 70% 89% 68% 90% 71% N/A N/A 50% 70% £31.49 
9 100% 78% 40% 90% 89% N/A N/A 90% N/A £34.02 

10 60% 79% 50% 90% 63% N/A N/A 40% 50% £29.92 

Mean 

 
69% 70% 54% 89% 84% N/A N/A 66% 61% £30.93 

Quadratic (utility-level)  N/A 
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