
Li, Kamargianni  1 

 

 

 

 
 

 
 

Working Paper 
  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

MaaSLab-WP-18-03 

An Integrated Choice and Latent Variable Model to Explore 
the Influence of Attitudinal Factors on Shared Mobility 

Choices and Their Value of Time Estimation 

Weibo Li, Corresponding Author 
MaaSLab, Energy Institute, University College London 

Email: weibo.li.10@ucl.ac.uk 

 
Maria Kamargianni 

MaaSLab, Energy Institute, University College London 

Email: m.kamargianni@ucl.ac.uk 
 

July, 2018 

To cite this paper: Li, W. and Kamargianni, M. (2018) An Integrated Choice and Latent Variable Model to 
Explore the Influence of Attitudinal Factors on Shared Mobility Choices and Their Value of Time 
Estimation. MaaSLab Working Paper Series Paper No. 18-03. 
 

 

 

UCL, Central House, 14 Upper Woburn Place, WC1H 0NN, 
London, UK 
 

MaaSLab-WP-18-03 

http://www.maaslab.org/
http://www.maaslab.org/


Li, Kamargianni  2 

 

ABSTRACT 

This work studies how the usage of shared mobility services could be influenced by personal attitudes. An 

integrated choice and latent variable (ICLV) model is adopted to explore the effects of three attitudinal 

factors on bike-sharing and car-sharing choices while simultaneously investigating the causes associated 

with each of the attitudes. A group of Chinese commuters’ stated preference mode choice data is collected. 

It is found that the probability to choose bike-sharing could be positively affected by the attitudes towards 

“Willingness to be a green traveler” and “Satisfaction with cycling environment”; while car-sharing 

choice is positively correlated with the attitude towards “Advocacy of car-sharing service”. By taking into 

account the interaction effects between the attitudinal factors and travel time of the two services, 

significant difference is discovered on the estimated value of travel time savings (VTTS) comparing to the 

case of not having attitudinal factors in the model or adding attitudinal factors linearly in utility functions. 

The finding highlights the need to derive different VTTS for travelers with differentiated attitudes, as the 

tastes towards travel time spent could vary substantially. A single VTTS measure across population should 

not be preferred, in order to avoid biased pricing policies for travel demand management. 

 

 

 

Keywords: Bike-sharing; Car-sharing; Commute mode choice; Attitude; Taste heterogeneity; Value of 

time 
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1. INTRODUCTION 
Shared mobility services, in particular bike-sharing and car-sharing, have attracted tremendous 

amount of research attention in the last couple of years. On the demand side, many mode choice studies 

were conducted in order to find evidence and offer guidance to relevant policy making. So far, a variety of 

factors (e.g. socio-economic characteristics, trip and mode attributes, built and natural environmental 

conditions etc.) have been studied with regard to their impacts on the decisions to use bike-sharing and 

car-sharing for daily trips; a review of those works and findings is referred to Li and Kamargianni (2018a) 

& (2018b). Nevertheless, there could be further opportunities to enhance the behavioral realism of shared 

mobility choices and one potential path is via exploring the influence of personal attitudes on mode choice 

decisions. 

 The research in such a dimension has substantial benefits, i.e. explicitly modeling unobserved 

heterogeneity, increasing estimation efficiency and goodness-of-fit, enhancing behavioral realism, and 

extending policy relevance (Abou-Zeid and Ben-Akiva, 2014), and has already been found on various 

mode choice related topics. For instance, Johansson et al. (2006) took into account travelers’ attitudes 

towards a number of issues, such as environment, safety, comfort, convenience and flexibility, to help 

explain the choice behavior towards car and public transport. Paulssen et al. (2014) studied a similar set of 

mode choices and attitudes, and they even further brought in and analyzed the impacts of personal values 

(i.e. the factors that “lie at the heart of an individual’s belief system”) on both mode choices and attitudes. 

Apart from car and public transport, Sarkar and Mallikarjuna (2018) discovered also the significance of 

flexibility perception in affecting the demand for two and three wheeled motorcycles. Kamargianni et al. 

(2015) found that the mode choices when traveling to school could be influenced by teenagers’ attitudes 

towards safety, green lifestyle and physical activity. There were also direct comparisons on model 

performance where mode choice models by adding in latent attitudes and perceptions always 

outperformed the corresponding base models in terms of predictive power (Yanez et al., 2010; Chen and 

Li, 2017). In addition, some similar practices can be found in Bolduc et al. (2008), Daziano and Bolduc 

(2013), Kim et al. (2014), Beck et al. (2017) and Smith et al. (2017) on vehicle type choices (i.e. usually 

involving electric vehicle), Belgiawan et al. (2017) on student’s car purchase decision, Fleischer et al. 

(2012) on flight choice and Song et al. (2018) on high-speed rail choice. 

Although, to our knowledge, bike-sharing choice has rarely been evaluated through attitudinal 

influence, there are works trying to reveal how such factors might affect general cycling choice. Pro-bike 

attitudes, which could include general willingness to cycle and consciousness towards environment and 

sustainability issues, were popular factors that have been analyzed in many studies and were often 

identified as important driving forces to cycling usage (Kamargianni and Polydoropoulou, 2013; 

Maldonado-Hinarejos et al., 2014; Fernandez-Heredia et al., 2016). Similarly, the feelings towards 

internal (e.g. personal fitness) and external (e.g. weather and topography etc.) conditions could also 

heavily affect a traveler’s decision to cycle, as being identified in several cases (La Paix Puello and Geurs, 

2015; Motoaki and Daziano, 2015; Fernandez-Heredia et al., 2016). Nonetheless, these mostly studied 

attitudes may sometimes be less important according to the results of a Spanish case study by Munoz et al. 

(2016), in which the authors found the impacts of pro-bike lifestyles, environmental awareness and the 

perceptions on cycling capability were rather insignificant. Finally, some other attitudinal factors have 

also been examined in the aforementioned cycling choice studies, such as the perceptions of convenience 

and comfort, safety concerns and social norms, which could influence cycling choice as well to some 

extent. 

With respect to car-sharing choice, only few recent studies have started to explore the potential 

influence of attitudinal factors. Efthymiou and Antoniou (2016) and Kim et al. (2017a) identified in both 

of their works that the intention to join a car-sharing scheme could be significantly affected by people’s 
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satisfaction with their current travel patterns and habits. Kim et al. (2017b) discovered further that 

car-sharing choice was highly associated with pro-environmental and privacy-seeking attitudes, and 

perceptions on the symbolic value of cars. In the work by Vinayak et al. (2018), the frequency of using 

car-sharing was not only affected by attitudes such as pro-environmental and neo-urban lifestyle 

preferences, but also by socio-interactions (i.e. someone’s behavior depends on the behaviors of those in 

close proximity). Additionally, Correia et al. (2010) looked at carpooling and found such a mode choice 

could be heavily affected by people’s positive/negative attitudes and familiarity with the service. 

Besides the relatively limited understanding of how shared mobility choices might be influenced 

by attitudinal factors, another matter that has been posed recently is about the estimation of value of travel 

time savings (VTTS) given the presence of personal attitudes. Bahamonde-Birke et al. (2017) proposed 

the need to study the interaction effects between attitudinal factors and travel time or cost in order to have 

a more accurate calculation for the societal VTTS since under such a model specification the value is no 

longer identical across population but reflects taste heterogeneity and needs to be integrated over all 

individuals. This is based on the hypothesis that individuals with different attitudes could have different 

valuations towards trip-related factors and thus the willingness to pay for travel time savings could also be 

different. In fact, such a consideration can be traced back to Amador et al. (2005) which evaluated the 

impact of systematic and random taste heterogeneity on value of time; the authors found that allowing 

taste variations could lead to more realistic VTTS estimates due to the resulted smaller variance of error 

component comparing to which in more restrictive models (i.e. using fixed parameters). 

Thus, in this research, we are not only aiming to enrich the literature by revealing how personal 

attitudes could possibly affect bike-sharing and car-sharing choices, but also trying to provide empirical 

evidence to Bahamonde-Birke’s recent proposal by investigating to what extent the VTTS estimation for 

shared mobility could be affected by the presence of personal attitudes, especially when the interaction 

with travel time or cost is captured. 

The case study is Taiyuan, China. A survey was launched to collect local citizens’ stated preference 

(SP) mode choice data as well as their attitudinal information. This research analyzes the data collected 

from 3,486 individuals and their 6,381 SP commute trip observations. We are particularly interested in 

studying commute mode choices since such effort is needed the most for many Chinese major cities, to 

help increase shared mobility usage for morning peak-hour traffic. Three attitudinal factors are revealed 

from the survey results, and they are “Willingness to be a green traveler”, “Satisfaction with cycling 

environment” and “Advocacy of car-sharing service”. 

Attitudinal information is usually analyzed through an integrated choice and latent variable (ICLV) 

model in today’s mode choice studies (Ben-Akiva et al., 2002; Walker and Ben-Akiva, 2002; Bolduc et al., 

2005; Bolduc and Alvarez-Daziano, 2010); though being less preferred, some other methods proposed in 

earlier days are also available to use (see Bhat and Dubey (2014) for a review). In general, the ICLV model 

provides an integrated modeling framework which consists of a latent variable model and a discrete choice 

model. The latent variable model studies the potential causes of latent variables (i.e. unobserved 

attitudinal factors) via a structural equation system and also analyzes via a set of measurement equations 

the observed indicators through which latent variables are manifested. The discrete choice model 

evaluates mode choice utilities as usual but now taking into account the impacts of latent variables as well 

alongside other explanatory factors. Our research follows such an ICLV modeling framework, and a 

nested logit discrete choice model is developed to relax the IIA property (i.e. independence of irrelevant 

alternatives). 

Through a robust integrated modeling analysis, the impacts of personal attitudes on bike-sharing 

and car-sharing choices can be quantitatively revealed, to provide better understanding of shared mobility 

choice behavior. The value of time analysis will disclose how much difference attitudes could make on 
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VTTS estimates; in other words, this will tell whether different VTTS estimates are needed for travelers 

with differentiated attitudes. Besides, studying bike-sharing and car-sharing choice behavior in China 

could be particularly valuable in this era given the fast expansion of sharing economy in this country. 

The work is structured as follows. Section 2 describes in detail the sample data that will be 

analyzed in the ICLV model. Section 3 explains the modeling framework and section 4 evaluates the 

model estimation results. Finally, section 5 concludes the paper. 

 

 

2. MODE CHOICE AND ATTITUDINAL DATA 

A paper-based questionnaire survey was conducted in summer 2015 at Taiyuan, China. The city 

has more than 3 million populations and has been making constant progress towards a future with less 

dependence on private car and fossil fuel. In 2012, Taiyuan participated as one of the first few member 

cities in China’s “Transit Metropolis” project (Jiang et al., 2013); at the same year, a publicly operated 

bike-sharing scheme was launched and has become one of the most in demand schemes in the country 

(Burkholder, 2015; Hiles, 2015); in 2016, Taiyuan undertook an extensive taxi overhaul project by 

replacing all of its 8,292 taxis with electric vehicles (Global Opportunity Explorer, 2016); finally since 

2017, several EV car-sharing pilot schemes entered the city and were expected to grow rapidly in near 

future due to the strong nationwide interest on such a type of service (Hao, 2017; Xinhua, 2017). 

The survey aimed to capture Taiyuan citizens’ mode choice behavior towards shared mobility 

services, as well as their socio-economic characteristics and personal attitudes towards various 

transport-related issues. Specifically, we designed a SP experiment to gather the mode choice information 

since car-sharing was not an available travel option in 2015 when the survey took place (and even now the 

public still have no wide access to the service as only few pilot schemes exist). The SP part followed the 

traditional orthogonal design (Hensher et al., 2005) rather than efficient design (Rose and Bliemer, 2009) 

mainly due to a project cost constraint on software purchase (more advanced software such as Ngene 

(ChoiceMetrics, 2018) is usually needed to handle an efficient design). Readers are encouraged to take Li 

and Kamargianni (2018a) & (2018b) for more designing details. The attributes in the SP survey will be 

elaborated in the model specification section. 

The way that personal attitudes were captured was presenting in the questionnaire a list of 

statements and the respondents were asked to indicate to what extent they would agree with each of the 

statements. These statements belonged to four subjects: general environmental consciousness, perceptions 

on public transport, on bike-sharing and on car-sharing. The degrees of agreement were measured using a 

7-point Likert-scale (Likert, 1932) where: 1. Completely disagree; 2. Strongly disagree; 3. Disagree; 4. 

Neutral; 5. Agree; 6. Strongly agree and 7. Completely agree. 

To collect the data from Taiyuan citizens, the survey adopted a two-stage stratified sampling 

approach by complying first with the population distribution pattern in Taiyuan’s six administrative zones 

and then with the gender distribution pattern inside each of the zones. 15,000 individuals were contacted 

with the help from a local partner, Shanxi Transportation Research Institute, which also provided 15 

researchers assisting with the questionnaire distribution, questionnaire collection and incorporation of the 

data into electronic datasets. 

 The data cleaning afterwards reduced the sample size to around 9,000 individuals, who provided 

valid mode choice information. However, as this research is more interested in commute trips and 

attitudinal information, the sample was filtered further by keeping only those SP observations where the 

trip purpose is commute and those individuals who responded to the questions about attitudes & 

perceptions and responded in a valid manner (i.e. a tolerance threshold is applied on the number of 

patterned scores given to consecutive statements and if the scores have significant inconsistency among 
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several comparable statements). Eventually, the final dataset for this research includes 3,486 individuals 

with 6,381 SP mode choice observations. 

Table 1 presents the key descriptive statistics of the final sample and the mode choices in the 

labeled SP survey. The commuters mainly consist of those aged between 26 and 45 (83%), and most of 

them are married (85%). Gender and educational level distributions are relatively equal where the number 

of males and females are close and a half of the sample has a university degree. There is a high possession 

rate of public transport card (87%) meaning that most of the commuters can access bus and bike-sharing 

services “barrier-free”. Finally, more than 60% of the respondents have a driving license and almost all 

respondents have a good health to cycle (96%). 

 

TABLE 1 Sample Descriptive Statistics 
  N=3,486 

Gender Male 54% 

Female 46% 

Age under 18 - 

18-25 1% 

26-35 48% 

36-45 35% 

46-59 15% 

60 or above 1% 

Marital status Single 15% 

Married 85% 

Educational level High school or below 22% 

College 29% 

Undergraduate 41% 

Graduate and above 8% 

Driving license Percentage of possession 64% 

Public transport card Percentage of possession 87% 

Cycling capability Healthy enough to cycle 96% 

Household monthly income (after 

tax)* 

Under ￥3000 21% 

￥3000 -￥6000 42% 

￥6000 -￥9000 23% 

￥9000 -￥15000 10% 

￥15000 -￥30000 3% 

Over ￥30000 1% 

Household car Percentage of possession 56% 

Household electric bike  Percentage of possession 44% 

Household bike  Percentage of possession 31% 

Commute Trip Modal Splits (6,381 SP obs.) 

Bike-sharing Car-sharing Bus Taxi Walk Electric bike Car 

11% 14% 27% 4% 12% 10% 22% 

* ￥1 ≈ $0.15 

 

The latent construct of our ICLV model was determined using the collected attitudinal information. 

To reveal the potential latent variables and the best indicators through which the latent variables are 

manifested, a principal component analysis (Jolliffe, 2002) was conducted followed by a varimax rotation 

(Kaiser, 1958) to assess the factor loadings of all possibly relevant statements in the survey. Eventually, 

three latent variables came out with sufficient number of supportive statements. Based on the information 

carried by the statements, we named the three latent variables as: “Willingness to be a green traveler” with 
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five statements as its indicators, “Satisfaction with cycling environment” with four statements and 

“Advocacy of car-sharing service” with four statements. Their statistics are given in Fig. 1, 2 and 3 

respectively, displaying the percentages of the sampled individuals agreeing/disagreeing with different 

levels. 

In Fig. 1, the detected five statements actually coincide with Taiyuan municipality’s 

aforementioned movement towards an eco-friendly transport system. In general, the sampled respondents 

seem to be supportive to such a vision by having more than 60% positive responses (i.e. “Agree”, 

“Strongly agree” or “Completely agree”) in all five statements. The details, however, do differentiate 

slightly. By comparing across the first three statements, we can see even if people are willing to use 

low-carbon transport for themselves and even persuade others, they could be less willing to sacrifice their 

private car usage. Similarly, when mentioning the word “policy” even if in general (the 4
th

 statement), 

people tend to be more conservative in terms of releasing positive responses. 

In Fig. 2, the first two statements reflect the city’s bike-sharing service standards with respect to 

price and station distance. The results show that commuters are mostly satisfied with the current price 

scheme by having nearly 40% of them completely agree with the statement “I am satisfied with the current 

bike-sharing price” and less than 20% expressed negative attitudes (i.e. “Disagree”, “Strongly disagree” 

or “Completely disagree”). Unlike many cities in the world, the charging scheme that Taiyuan 

bike-sharing operator (Taiyuan Public Transport Holdings) adopts does not require a fixed/access fee each 

time. Users only need to pay based on the amount of time they spend (i.e. free in the first hour, ￥1/h for 

the next hour, ￥2/h for the next and ￥3/h for the rest of day). Moreover, a user can return the bike to a 

docking station and get replaced with another one instantly to re-start the time count and avoid being 

charged. As for station distance, the current average distance between any two stations is smaller than 500 

meters (Toutiao, 2017). 

The latter two statements in Fig. 2 reflect the indirect issues that bike-sharing users may consider. 

Firstly, the current traffic rules in Taiyuan have both pros and cons to cyclists. On the one hand, unlike the 

strict rules and punishments that car drivers have to bear, cyclists can travel much more freely. On the 

other hand, however, there are no individual green lights for “going straight” and “turning right” (vehicles 

travel on the right side in China). Hence, bicycles which go straight could have direct conflict with cars 

which turn right. Studies have also shown that cyclists could have great safety concerns if cars were 

closely aside (Fishman et al., 2012; Paschalidis et al., 2016; Piatkowski et al., 2017; Romero et al., 2017). 

Secondly, perceptions on public security may also affect bike-sharing usage due to the fear of crime or the 

perceived sense of being unsafe could discourage travelers from using non-private modes (McCarthy et al., 

2016). Nevertheless, it seems that Taiyuan municipality has created a generally satisfactory cycling 

environment since more than 60% of the sampled individuals give positive responses to both traffic rule 

and public security statements, as well as to the two statements on service standards. 

Finally, Fig. 3 illustrates an overall optimistic view on car-sharing service and its future. However, 

by comparing between “Car-sharing could make me reduce private car usage” and “Car-sharing could 

make me reconsider whether or not to purchase a private car”, it is clearly noticed that respondents are 

more cautious in agreeing with the latter statement, demonstrating their differentiated perceptions towards 

using a car and owning a car. In other words, having a car is not only meant to meet transport demand, but 

is also likely to carry additional values which car-sharing might be less capable to provide. 

Before we move to the modeling analysis, the following hypotheses are proposed to show in what 

ways we expect the latent variables could influence shared mobility choices: 

 Commuters who are more willing to be a low-carbon traveler would be more likely to use 

bike-sharing and car-sharing; 
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 Commuters who are more satisfied with cycling environment would be more likely to use 

bike-sharing; 

 Commuters who are car-sharing advocates would be more likely to use car-sharing. 

 

Fig. 1. The Indicators of “Willingness to be a green traveler” (N = 3,486) 
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Fig. 2. The Indicators of “Satisfaction with cycling environment” (N = 3,486) 

 

Fig. 3. The Indicators of “Advocacy of car-sharing service” (N = 3,486) 
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3. MODEL DEVELOPMENT 
Before the latent construct is introduced, a nested logit model is developed to reveal the effects of 

different explanatory variables (attributes presented in the SP survey and socio-economic factors) on 

mode choices while taking into account inter-alternative correlation given the fact that alternatives were 

labeled in the SP survey and could possibly share unobserved attributes. The model is specified after 

several rounds of tests to drop out the variables with highly insignificant effects and to identify the 

appropriate forms of including variables in utility functions. In particular, systematic taste heterogeneity is 

captured by evaluating the interaction effects between socio-economic factors and SP attributes. Such a 

way of analysis has been increasingly adopted in discrete choice literature since it reveals whether the 

attributes would be differently perceived by different types of choice makers (Cherchi and Ortúzar, 2011; 

Ortúzar and Willumsen, 2011). Additionally, intra-person correlation among the observed mode choices 

was also assessed using a mixed logit structure (Cantillo et al., 2007); however, the parameter did not turn 

out significant and was thus excluded from the final model. This is possibly due to the fact that a large 

proportion of the sampled individuals only have one SP mode choice observation after passing through the 

data cleaning procedure as described in section 2 (i.e. we refined the sample by keeping only the SP 

observations where trip purpose is commute). Table 2 provides a summary of the explanatory variables in 

the model and their measured values. 

Next, to incorporate the latent variables (i.e. personal attitudes), we develop an ICLV model which 

consists of a latent variable model and a discrete choice model (Ben-Akiva et al., 2002; Walker and 

Ben-Akiva, 2002; Bolduc et al., 2005; Bolduc and Alvarez-Daziano, 2010). The former part evaluates the 

latent variables using a set of structural equations (Eq. 1) and a set of measurement equations (Eq. 2). The 

structural equations aim to identify the causes of the different attitudes among individuals and that will 

usually be their unique socio-economic characteristics. The measurement equations intend to establish a 

relationship between the indicators from survey results and personal attitudes; in other words, create a 

channel to observe/measure the latent variables. It is also noteworthy that the indicators are imported into 

our model under their original ordered format (i.e. 7-point Likert-scale) rather than via a continuous 

approximation. For the discrete choice model, we use the nested logit model that has been developed 

earlier and meanwhile introducing the latent variables via two specifications; one model studying their 

linear effects in the utility functions (Eq. 3) and one model studying their interaction effects with travel 

time/cost (Eq. 4). As a result, we can find out how the VTTS estimation could be affected by the different 

model specifications. The latent variable model and the discrete choice model are simultaneously 

estimated using a maximum likelihood estimator. The simultaneous estimation jointly uses all the 

available information and thus can result in both unbiased and efficient parameter values (Raveau et al., 

2010). The estimation is conducted in Pythonbiogeme; in order to accommodate 3 latent variables in a 

single ICLV model, monte-carlo integration is used instead of numerical integration (Bierlaire, 2016). The 

complete modeling framework is described by Fig. 4. 

 
Structural equation (latent variable model): 

 
1

K

j j jk k j jn

k

ATT X  


      (1) 

Measurement equation (latent variable model): 

 
jh jh jh j jh jhnI ATT        (2) 

where 
jATT  is the vector of attitudinal factors, kX  is the vector of explanatory variables and 

jk  
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is the vector of estimated coefficients (
j  is the vector of intercepts). 

jhI  is the vector of indicators 

through which the attitudinal factors are manifested and their effects on the indicators are revealed by the 

parameter vector 
jh  (

jh  is the vector of intercepts). jn  and 
jhn  are the error components normally 

distributed across individuals with mean 0 and variance 1, ~ (0,1)N , and 
j  and 

jh  are their effects 

(standard deviation) respectively. 

 

Utility function (discrete choice model): 

 
1 1

K J

i i ik k ij j i

k j

U X ATT  
 

        (3) 

 
1 1 1

K J K

i i ik k ij j k i

k j k

U X ATT X  
  

        (4) 

where iU  is the utility associated with an alternative mode, kX  is the vector of explanatory 

variables and any form of interactions among them (e.g. systematic taste heterogeneity), and ik  is the 

vector of estimated coefficients ( i  is the vector of alternative specific constants). The effects of 

attitudinal factors are revealed by the parameter vector 
ij . i  is the error component i.i.d. extreme value 

distributed. 

 

TABLE 2 Explanatory Variables and Measurements 
Variable Measurement 

Air pollution air quality index (AQI) by taking the average value of each level (25 for 

excellent level ‘0-50’, 75 for good level ‘51-100’, 125 for light pollution 

‘101-150’, 175 for medium pollution ‘151-200’, 250 for heavy pollution 

‘201-300’, 400 for terrible pollution ‘above 300’) 

Rain 1 if weather is rainy, 0 if otherwise 

Temperature temperature in °C 

Travel cost in RMB 

Travel time in min 

Access time in min, walking time to stations/parking spots 

Wait time In min, waiting time at bus stop 

App availability 1 if a smart phone application is available, 0 otherwise 

Gender (female) 1 if gender is female, 0 if male 

Age (under 35) 1 if age is in the lower half categories in the survey (i.e. “under 18” or “18-25” 

or “26-35”), 0 if in upper half (i.e. “36-45” or “46-59” or “60 or above”) 

Household income (below ￥9,000) 1 if household monthly income is in the lower half categories in the survey (i.e. 

“under ￥3000” or “￥3000-￥6000” or “￥6000-￥9000”), 0 if in upper half 

(i.e. “￥9000-￥15000” or “￥15000-￥30000” or “over ￥30000”) 

Educational level (not have a degree) 1 if educational level is in the lower half categories in the survey (i.e. “high 

school or below” or “college”), 0 if in upper half (i.e. “undergraduate” or 

“graduate and above”) 
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Fig. 4. An ICLV model with 3 latent variables and a nested logit discrete choice model 

 

 

4. MODEL ESTIMATION RESULTS 
 

4.1 Latent Variable Model 
Table 3 presents the results of the latent variable model. For the structural equations, we assessed 

the effects of a variety of socio-economic factors on personal attitudes, including gender, age, household 

income, educational level, marital status and job types. The first four are detected with their significant 

associations with at least one latent variable while the last two do not demonstrate any significant effects 

(and thus dropped out). It is found that gender and age could significantly affect all three personal attitudes. 

Specifically, female commuters are more willing to travel with green modes and tend to be more favorable 

towards car-sharing, but meanwhile, they are less likely to be satisfied with the cycling environment in the 

city. For age effect, the younger generation (under 35) are found to hold relatively negative attitudes across 

all three cases. The other two factors, household income and educational level, the former seems have no 

effect on the willingness to be a green traveler while the latter has no effect on the satisfaction with cycling 

environment. Nevertheless, it is also revealed that those who are less wealthy could be more likely to be 

satisfied with cycling environment and those who are less educated could be less willing to be a green 

traveler; in addition, both groups are found to be less favorable towards car-sharing. Generally speaking, 

most of the discovered impacts can be interpreted intuitively, e.g. it is as expected that female travelers are 

more sensitive to the surrounding issues when they cycle and thus more difficult to be satisfied, wealthier 
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people are more likely to use car and therefore tend to advocate a car-sharing service, and those who are 

more educated are usually more aware about environmental issues and hence more willing to adopt a 

green travel style, etc. In contrast, the interpretation of age effect should be treated with caution, especially 

by observing a negative relationship (with a large t-statistic) between the younger generation and 

advocacy of car-sharing service, which is a relatively surprising result since car-sharing users tend to 

young as per the findings in some earlier studies (Jorge and Correia, 2013). Further research would be 

needed to explore any intrinsic factors that might result in such an outcome. 

With regard to the measurement equations, the results show that all the indicators are positively 

associated with the three latent variables, which are in line with our expectations. In other words, the more 

the respondents hold positive attitudes (i.e. willing to be a green traveler, satisfied with cycling 

environment and advocate car-sharing service), the more they will agree with the selected statements in 

the survey. For each latent variable, the parameters of one of the indicators are normalized to the base 

values as per the model specification requirement (Bierlaire, 2016). 

 

TABLE 3 Results: Latent Variable Model 

 Structural equation 

 coefficient t-statistic 

Willingness to be a green traveler   

green  1.32 23.15 

Gender (female) 0.74 13.90 

Age (under 35) - 0.13 - 2.45 

Educational level (not have a degree) - 0.22 - 4.19 

green  2.07 56.22 

Satisfaction with cycling environment   

cycle  - 0.47 - 5.88 

Gender (female) - 0.34 - 6.57 

Age (under 35) - 0.25 - 4.82 

Household income (below ￥9,000) 1.78 22.05 

cycle  2.07 49.70 

Advocacy of car-sharing service   

carshare  2.08 23.73 

Gender (female) 0.67 12.72 

Age (under 35) - 0.89 - 15.54 

Household income (below ￥9,000) - 0.38 - 5.15 

Educational level (not have a degree) - 0.84 - 14.68 

carshare  2.18 54.77 

 Measurement equation 

 coefficient t-statistic 

Willingness to be a green traveler   

1green
 

  0.24 9.45 

2green  - 0.25 - 9.31 

3green    0   - 

4green    0.11   2.79 

5green    0.40   12.16 
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1green  (I am willing to use low-carbon transport modes for daily trips.)   0.99   69.99 

2green  (I am willing to reduce private car usage to help to alleviate congestion.)   0.95   66.40 

3green  (I am willing to persuade my family and friends to use low-carbon 

transport modes more often.) 
  1   - 

4green  (Stricter policies are needed to alleviate congestion and improve air 

quality.) 
  0.82   43.12 

5green  (I believe a bus system which entirely consists of electric buses will 

significantly improve Taiyuan’s air quality.) 
  0.71 44.83 

1green    0.96   43.81 

2green    1.16   53.84 

3green    1   - 

4green    2.09   57.40 

5green    1.75 57.90 

Satisfaction with cycling environment   

1cycle
 

  1.12 29.64 

2cycle    0.32   11.29 

3cycle    0.12   4.69 

4cycle    0   - 

1cycle  (I am satisfied with the current bike sharing price.)   0.79   37.62 

2cycle  (I am satisfied with the current distance between bike sharing stations.)   0.64   39.35 

3cycle  (I believe the current traffic rule is in favor of cyclist.)   0.95   57.42 

4cycle  (I believe the current status of public security is in favor of cyclist.)   1   - 

1cycle    2.15   52.94 

2cycle    1.80   57.61 

3cycle    1.35   49.69 

4cycle    1   - 

Advocacy of car-sharing service   

1carshare
 

- 0.21 - 8.11 

2carshare    0.01   0.20* 

3carshare    0   - 

4carshare  - 0.33 - 10.91 

1carshare  (Car-sharing would help to reduce congestion.)   1.01   66.24 

2carshare  (I believe car-sharing will become a popular transport option in the 

future.) 
  1.01   75.61 

3carshare  (Car sharing could make me reduce private car usage.)   1   - 

4carshare  (Car sharing could make me reconsider whether or not to purchase a 

private car.) 
  0.77   50.71 
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1carshare    1.16   52.15 

2carshare    0.77   38.55 

3carshare    1   - 

4carshare    1.68   62.36 

* parameter values not meeting the 95% significance level 

 

4.2 Discrete Choice Model 
The results from three different mode choice models are compared in Table 4. The first column 

gives the nested logit mode choice model without adding the latent variables. Inter-alternative correlation 

appears to be significant since the sampled commuters are found to consider between motorized and 

non-motorized options first before making a specific mode choice. Besides, the nesting parameter    is 

greater than 1, which complies with the model specification requirement (Hess et al., 2004; Ortúzar and 

Willumsen, 2011). The shared mobility choices, bike-sharing and car-sharing, could be influenced by a 

variety of factors. Among different natural environmental conditions, air pollution is found to affect the 

two choices in an opposite way, and that is an increase in air pollution level would decrease the utility of 

using bike-sharing while making car-sharing a more appealing option. By observing also the negative 

impact on walk choice and positive impacts on taxi and car choices, it is possible to argue that air pollution 

would make travelers prefer modes that have a closed space (car-sharing etc.) rather than those with more 

exposure (bike-sharing etc.). The other two natural environmental conditions, rainy weather and 

temperature, are not found with significant impacts on commuters’ shared mobility choices. For trip and 

mode attributes, as we have expected, travel time and cost are both negatively correlated with bike-sharing 

and car-sharing usage. In addition, an available smart phone application would increase the probability to 

choose car-sharing while no significant impact is detected for its correlation with bike-sharing choice. The 

difference is possibly due to the different levels of familiarity (and thus different degrees of app 

dependence) with the two services, especially given that bike-sharing has been extensively used in the city 

for many years whereas to date car-sharing is still not a widely available travel option. Systematic taste 

heterogeneity is also captured by detecting the significant interaction effects between a number of 

aforementioned attributes and socio-economic variables. For instance, details are obtained with respect to 

the age effect on bike-sharing choice, i.e. both air pollution and travel cost are negatively correlated with 

bike-sharing usage; however, an age group would possibly value these effects differently and in our case 

that is the younger commuters (under 35) would be more anxious towards the negative impact of air 

pollution while worrying less about travel cost. For car-sharing choice, the only interaction effect that 

turns out significant is between educational level and travel cost where less educated commuters have 

weaker preference than more educated commuters, while an increase in travel cost would further push 

those less educated away from choosing car-sharing. At last, factors affecting other mode choices are also 

available for readers to check, though they will not be discussed in detail given our focus on the two shared 

mobility services. Overall, all factors have the expected impact signs. 

The second and the third columns present the model estimation results when the latent variables 

are involved. As expected, the model fitness improves. For the linear effects of latent variables, it is found 

that a more positive attitude towards “Willingness to be a green traveler” could significantly increase the 

probability to choose bike-sharing and walk to commute, and make car less likely to be chosen. 

Nevertheless, car-sharing choice is not found to be significantly affected by such an attitude. One possible 

explanation is that the city of Taiyuan did not have any operated car-sharing schemes when the survey 

took place in 2015 and people were probably not aware if the service vehicles would be powered by clean 

energy or traditional fossil fuel; thus, it is likely that car-sharing was not perceived as a low-carbon travel 
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option among many survey respondents. The other two personal attitudes, “Satisfaction with cycling 

environment” and “Advocacy of car-sharing service”, do have the results that are in line with our 

hypotheses, i.e. people that are more satisfied with cycling environment would be more likely to choose 

bike-sharing and those who are car-sharing advocates would prefer to use car-sharing for commute. It is 

also noteworthy that car-sharing advocates may be less likely to use car given the observed negative 

impact sign, though the result is not as significant as those discussed above (we decided to present this 

parameter since the t-statistic demonstrated high significance when testing alone the effect of “Advocacy 

of car-sharing service”, and the 95% significance no longer held when adding all three latent variables in 

the model). With regard to the interaction effects of latent variables, the impact signs are similar to which 

in the linear effect model but the taste heterogeneity towards travel time and travel cost is now captured. 

Most of the interaction effects that are discovered with significance are between the attitudes and travel 

time, except for car, which instead has travel cost associated with more significant taste heterogeneity by 

commuters with differentiated attitudes. As for bike-sharing and car-sharing, those with more positive 

attitudes towards “Willingness to be a green traveler” and “Satisfaction with cycling environment” are 

found less uncomfortable with longer bike-sharing travel time, and similarly, car-sharing advocates could 

more easily accept longer car-sharing travel time. 

 

TABLE 4 Results: Discrete Choice Model 

 Without LVs With LVs –  

linear effect 

With LVs – 

interaction effect 

 Coef. t-stat Coef. t-stat Coef. t-stat 

bikeshare    1.06   7.48   0.64   4.44   1.20   7.95 

carshare  - 0.87 - 5.09 - 1.04 - 5.34 - 0.95 - 5.29 

bus    1.27 7.20   1.21 7.10 1.35 7.50 

taxi  - 1.35 - 5.08 - 1.46 - 5.22 - 1.45 - 5.21 

walk    1.18   3.83   0.87   2.79   1.25   4.02 

ebike    0.71 5.05   0.63 4.70 0.77 5.29 

car    0 -   0 - 0 - 

Natural environmental conditions       

Air pollution-bikeshare - 0.0028 - 4.34 - 0.0031 - 4.75 - 0.0031 - 4.76 

Air pollution-carshare 0.0026 5.81 0.0027   5.85 0.0028   6.03 

Air pollution-taxi 0.0027 5.13 0.0028   5.13 0.0029   5.25 

Air pollution-walk - 0.0023 - 4.07 - 0.0022 - 4.03 - 0.0022 - 4.01 

Air pollution-car   0.0019   5.70   0.0021 5.79   0.0021 5.85 

Rain-bus 0.28   3.39   0.30   3.40   0.32   3.49 

Rain-taxi   0.53   3.79   0.56   3.83   0.59   3.89 

Rain-walk - 0.46 - 3.29 - 0.46 - 3.24 - 0.44 - 3.07 

Rain-ebike - 0.61 - 5.03 - 0.59 - 4.79 - 0.57 - 4.60 

Rain-car   0.34   3.60   0.35 3.58   0.37 3.63 

Temperature-bus - 0.01 - 3.83 - 0.01 - 3.82 - 0.01 - 3.75 

Trip and mode attributes       
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Travel cost-bikeshare - 0.332 - 3.24 - 0.297 - 2.87 - 0.269 - 2.59 

Travel cost-carshare - 0.016 - 2.70 - 0.015 - 2.62 - 0.017 - 2.68 

Travel cost-bus - 0.373 - 5.05 - 0.386 - 5.02 - 0.402 - 5.13 

Travel cost-taxi - 0.018 - 2.11 - 0.019 - 2.13 - 0.019 - 2.04 

Travel cost-car - 0.001 - 0.03* - 0.001 - 0.08* - 0.017 - 1.20* 

Travel time-bikeshare - 0.041 - 13.48 - 0.042 - 13.72 - 0.054 - 14.14 

Travel time-carshare - 0.007 - 3.27 - 0.008 - 3.40 - 0.009 - 3.52 

Travel time-bus - 0.015 - 3.82 - 0.016 - 3.92 - 0.016 - 3.86 

Travel time-taxi - 0.007 - 0.56* - 0.006 - 0.47* - 0.007 - 0.52* 

Travel time-walk - 0.010 - 0.54* - 0.009 - 0.47* - 0.002 - 0.08* 

Travel time-ebike - 0.038 - 5.15 - 0.039 - 5.26 - 0.039 - 5.16 

Travel time-car - 0.001 - 0.35* - 0.001 - 0.38* - 0.001 - 0.18* 

Access time-bus - 0.05 - 5.80 - 0.05 - 5.81 - 0.05 - 5.84 

Wait time-bus - 0.01 - 2.84 - 0.01 - 2.75 - 0.01 - 2.59 

App availability-carshare   0.17   2.56   0.18   2.65   0.19   2.68 

Systematic taste heterogeneity       

Gender (female) * Travel time-bus   0.006   3.60   0.006   3.44   0.006   3.53 

Age (under 35) * Air pollution-bikeshare - 0.004 - 4.93 - 0.004 - 4.68 - 0.004 - 4.72 

Age (under 35) * Air pollution-walk - 0.002 - 3.42 - 0.002 - 3.23 - 0.002 - 3.21 

Age (under 35) * Temperature-bus - 0.014 - 3.41 - 0.014 - 3.47 - 0.016 - 3.56 

Age (under 35) * Travel cost-bikeshare   0.354 3.18   0.359 3.18   0.354 3.13 

Age (under 35) * Travel time-bus   0.007 2.73   0.007 2.75   0.007 2.82 

Age (under 35) * Travel time-ebike - 0.010 - 2.86 - 0.010 - 2.88 - 0.010 - 2.84 

Household income (below ￥9,000) * Travel 

cost-bus 

  0.128   2.65   0.138   2.75   0.146   2.77 

Household income (below ￥9,000) * Travel 

time-ebike 

  0.016   2.32   0.016   2.35   0.016   2.33 

Educational level (not have a degree) * Travel 

cost-carshare 

- 0.010 - 3.28 - 0.009 - 2.92 - 0.009 - 2.93 

Educational level (not have a degree) * Travel 

cost-car 

- 0.018 - 3.05 - 0.022 - 3.36 - 0.024 - 3.41 

Latent variables (personal attitudes)       

Green travel-bikeshare     0.173   7.00   

Green travel-walk     0.139   4.80   

Green travel-car   - 0.060 - 3.71   

Cycle satisfaction-bikeshare     0.052   2.27   
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Car-sharing advocacy-carshare     0.038   2.65   

Car-sharing advocacy-car   - 0.021 - 1.62*   

Green travel * Travel time-bikeshare       0.004   5.60 

Green travel * Travel time-walk       0.006   3.32 

Green travel * Travel cost-car     - 0.006 - 3.21 

Cycle satisfaction * Travel time-bikeshare       0.002   2.48 

Car-sharing advocacy * Travel time-carshare       0.001   2.57 

Car-sharing advocacy * Travel cost-car     - 0.002 - 1.44* 

Inter-alternative correlation & Model fitness     

motorized  1.72   6.07#   1.68   6.11#   1.58   6.32# 

2  
0.18 0.21 0.21 

* parameter values not meeting the 95% significance level 

# t-test against base value of 1 

 

4.3 Value of Time 
Recall the earlier arguments that taste heterogeneity should be taken into account for more realistic 

VTTS estimation (Amador et al., 2005; Bahamonde-Birke et al., 2017), in this research, we intend to offer 

empirical evidence of the extent to which personal attitudes could have influence on the estimated values. 

Table 5 displays the VTTS estimates for the two shared mobility services resulted from our three mode 

choice models; 1. without the latent variables, 2. latent variables entered linearly in the utility functions 

and 3. latent variables’ interaction effects with travel time/cost are captured so that the value will be 

integrated over all individuals in order to calculate the societal VTTS. It is easily observed that VTTS for 

both bike-sharing and car-sharing would increase when having personal attitudes in the model, especially 

when the taste heterogeneity towards travel time is captured. Although such an increasing trend is 

consistent with several earlier findings that more restrictive models tend to underestimate the value of time 

(Hensher, 2001a; Hensher, 2001b; Amador et al., 2005), it should be noted that over-estimation could also 

be the case sometimes depending on the chosen variables, functional form and the nature of data, as 

explained by Amador et al. (2005). Moreover, for both bike-sharing and car-sharing, we found VTTS 

could increase by around 40% from the model specification without the latent variables to the 

specification capturing their interaction effects with travel time, which is also very close to the detected 

amount of increase in Amador et al. (2005) when allowing the taste towards travel time to vary randomly. 

Overall, VTTS is an important indicator that is often used to guide the design of pricing policies 

for travel demand management. However, the above results would imply a need to derive different VTTS 

for travelers with differentiated attitudes since the value could vary substantially when people have 

distinct tastes towards travel time/cost. We hereby generate another set of results trying to provide an 

indication for how much the difference could be between those having relatively positive attitudes and 

negative attitudes. Table 6 shows our findings based on the model that takes into account the interaction 

effects. Recall the taste towards bike-sharing travel time could be affected by both “Willingness to be a 

green traveler” and “Satisfaction with cycling environment”, we therefore use the results from structural 

equations to select individuals whose socio-economic characteristics are all positively correlated with the 

two attitudes to formulate a group representing those having a positive attitude in general, and vice versa a 

group for those having a negative attitude. For car-sharing travel time taste that could be affected by 
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“Advocacy of car-sharing service”, the same procedure applies to formulate the two contrasting groups. It 

is revealed that VTTS among those holding a relatively negative attitude could be 20% and 40% higher 

respectively for bike-sharing and car-sharing than those holding a relatively positive attitude, which, in 

terms of intuition means that those who are more comfortable with the travel time spent on the two shared 

mobility services would have lower willingness to pay for travel time savings. As a conclusion, the need to 

look at and disclose the corresponding VTTS for commuters with differentiated attitudes is clearly 

highlighted; otherwise, a single and over simplified measure of VTTS across population could be 

misleading and potentially bias any pricing policies for effective travel demand management. 

However, it should be noted that the analysis of value of time in this research aims mainly to offer 

an indication demonstrating the extent to which personal attitudes could have influence on the estimated 

values. A more accurate derivation of VTTS for practical application would need to involve studies of 

many other factors such as trip distance (Wardman, 1998; Axhausen et al., 2008; Li and Kamargianni, 

2018b), specific local context (Shires and De Jong, 2009), demographics (Jara-Diaz, 2003; Trottenberg 

and Belenky, 2011; Kamargianni et al., 2014; Kamargianni et al., 2015) and other potential individual 

heterogeneity (Bastin et al., 2010). 

 

TABLE 5 Value of Travel Time Savings across Models 
 Without LVs With LVs – 

linear effect 

With LVs – 

interaction effect 

Bike-sharing ￥7.4 ($1.1)/h ￥8.5 ($1.3)/h ￥10.3 ($1.5)/h 

Car-sharing ￥26.3 ($3.9)/h ￥31.7 ($4.8)/h ￥37.8 ($5.7)/h 

 

TABLE 6 Value of Travel Time Savings by Groups (model: with LVs – interaction effect) 
 Being positive towards 

“green travel” + “cycle 

satisfaction” 

Being negative towards 

“green travel” + “cycle 

satisfaction” 

Bike-sharing ￥9.6 ($1.4)/h ￥11.3 ($1.7)/h 

 Being positive towards 

“car-sharing advocacy” 

Being negative towards 

“car-sharing advocacy” 

Car-sharing ￥31.7 ($4.8)/h ￥45.5 ($6.8)/h 

 

 

5. CONCLUSIONS 
This work studies how the usage of shared mobility services could be influenced by personal 

attitudes. An ICLV modeling framework is adopted to explore the effects of three attitudinal factors on 

bike-sharing and car-sharing choices while simultaneously investigating the potential causes associated 

with each of the attitudes. A group of Chinese commuters’ SP mode choice data is collected for the 

analysis. It is found that the probability to choose bike-sharing for a commute trip could be positively 

affected by the attitudes towards “Willingness to be a green traveler” and “Satisfaction with cycling 

environment” and car-sharing choice is positively correlated with the attitude towards “Advocacy of 

car-sharing service”. Moreover, by taking into account the interaction effects between the attitudinal 

factors and travel time of the two shared mobility services, significant difference is discovered on the 

estimated VTTS comparing to the case of not having the attitudinal factors in the model or adding the 

attitudinal factors linearly in utility functions. The finding highlights the possibility to derive different 

VTTS for travelers with differentiated attitudes, as the tastes towards travel time spent could vary 
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substantially. In other words, for practical application, a single measure of VTTS across population should 

not be preferred, in order to avoid biased pricing policies for travel demand management. 

Although the work offers the state-of-the-art evidence of the extent to which personal attitudes 

could have influence on value of time estimation, several strategies could be adopted by future research to 

disclose more benefits of mode choice analyses involving latent variables. The work of Bahamonde-Birke 

et al. (2017) distinguished between the concepts of ‘attitude’ and ‘perception’, and a key difference 

between the two is attitudes are often explained by socio-economic characteristics whereas perceptions 

are usually formulated based on mode-related attributes. Due to data constraints, we only worked with 

three attitudinal factors in this research; however, studying perceptional factors in a mode choice analysis 

could potentially bring more practical values (Chorus and Kroesen, 2014), i.e. by having measures that 

could alter mode-related attributes and in turn affecting perceptions, mode choice behavior and modal 

substitution pattern could be shifted towards a socially desirable outcome. Another critical challenge 

encountered by many ICLV studies (including this work) with a simultaneous model estimation structure 

and relying on maximum simulated likelihood inference approach is the extremely lengthy computation 

time, especially when multiple latent variables are involved. Bhat and Dubey (2014) proposed an 

alternative inference approach, maximum approximate composite marginal likelihood, to shorten model 

estimation time since the dimensionality of integration in the likelihood function will be independent to 

the number of latent variables and will require no more than bivariate normal cumulative distribution 

function to be evaluated for likelihood maximization (Bhat, 2011). So far, the application of such a new 

strategy is only compatible with specific modeling tool (i.e. GAUSS programming language) and would 

require complex coding inputs. Nonetheless, it is still a good alternative approach for future studies to 

consider, especially when there is a need to handle a broader range of attitudinal and perceptional factors. 
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