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ABSTRACT 

Understanding household long-term decisions concerning residential 

location/relocation, car ownership and short-term activity travel choices are crucial for 

land use and transport planning. However, when addressing these issues, multitudes of 

choice models applying individual or unitary household decision-making mechanisms 

have dominated in transport studies, ignoring the interactions among household 

members in consensual decision making in real situations. To promote the investigation 

of these issues from a group decision-making perspective, this study explores the 

applicability of various group decision-making approaches to investigate multiple 

long-term decisions and short-term choices.  

Specifically, this thesis has four main research objectives: 1) adopt a utilitarian 

approach to develop an integrated model that links household members’ consensual 

long-term decisions like housing, vehicle ownership and short-term activity-travel 

decisions like time use, explicitly capturing expenditure tradeoff for long-term 

decisions on housing and car ownership; 2) employ the Nash bargaining approach to 

model household members’ consensual car ownership choice and examine this choice 

from the perspective of household time allocation; 3) apply an egalitarian bargaining 

approach (capture household members’ concern for equity) to model household 

residential relocation choice, make a comparative study among this approach, Nash 

bargaining approach, and conventional utilitarian approach, and then accommodate 

these heterogeneous group decision mechanisms in a unified modeling framework; 4) 

examine the impacts of vehicle usage rationing policy on household car ownership and 

spouses’ time allocation patterns. 

The database that serves for empirical applications of the formulated models is from a 

two-wave household activity-travel diary survey conducted in Beijing. This thesis 

contributes to current literature by adopting new approaches to investigate various 
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group decision-making mechanisms among household members, comparing and 

assessing the predictive performance of different group decision approaches, as well as 

explicitly capturing household’s long-term expenditure tradeoff. Insights and findings 

from this study are helpful for gaining profound understanding of spatial distribution 

of residence, household car ownership and individuals’ activity-travel patterns, which 

will be conducive to the formulation of relevant policies for sustainable urban 

development. 
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Chapter 1 Introduction 

1.1 Background and motivation 

In recent decades, fast-economic growth has greatly contributed to the rapid pace of 

urban expansion, especially in the megacities of developing countries. For example, 

the megacities in China have undergone rapid urban expansion as a consequence of 

massive rural-to-urban migration and dramatic development of housing industry on the 

city fringes (Zhao et al., 2010).  In Beijing, the capital city, average urban land growth 

rate has reached 7.28% per year in the period 1970-2013 (Zhang et al., 2016). The 

expansion of cities creates more possibilities for relocation, especially from the central 

areas to suburban areas, which may be driven by rising housing price, urban housing 

demolition in response to government’s plans for spatial restructuring, etc.   

Accompanying the fast-economic development and urban expansion, a rapid pace of 

motorization is also witnessed in the developing world. Taking Beijing as an example, 

the number of private cars nearly quadrupled from 1.07 million (6.6% household car 

ownership) in 2003 to 4.05 million (42.3% household car ownership) in 20121. The fast 

growth in vehicle ownership has led to serious traffic congestion and air pollution 

problems. As a response, since 2008, the transportation authority in Beijing has been 

implementing the plate-number-based vehicle usage rationing policy with the 

objectives of mitigating traffic congestion as well as discouraging car ownership. This 

policy intervention may have helped in restraining people’s desire to buy cars, but it 

                                                 

 

1 Information source: National Bureau of Statistics of China. http://www.stats.gov.cn/ 

http://www.stats.gov.cn/
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may also turn out to motivate financially well-off people to buy additional cars so as to 

maintain access to cars (Goddard, 1999).  

All the above phenomena suggest that research efforts are needed to fully understand 

the behavioral mechanisms of household’s decision-making on long-term decisions 

like residential location/relocation, and car ownership. These are important household 

decisions that not only affect the transportation system, but also have a profound impact 

on land-use, urban sprawl and the overall urban environment. Existing studies 

addressing these choices have dominantly used individual or unitary household 

decision-making mechanisms. However, in real situations, due to their enduring 

impacts and household members’ possible divergent preferences for these choices, they 

are very likely to be collaboratively decided by household members. Household 

members with divergent preferences will communicate and negotiate with each other 

until they make an agreement on final decisions. The consideration of household 

member’s group decision behavior in transportation field started from 1990s, and the 

main methods for capturing group decision mechanism is through the adoption of 

decision-theoretic aggregation approaches, which rely on the specification of 

preference aggregation rules for derivation of group utility functions. Merely rely on 

this stream of methods is insufficient to capture and model the complex decision-

making among household members. It is necessary to explore methods from other 

theories, in particular, bargaining theory, which is a very important branch of game 

theory used for study of negotiation problems.  

In terms of the investigated problems, existing studies mainly focus on investigating 

household members’ collaborative decisions concerning activity generation and 

scheduling, and time allocation to activity participation. Only very few attempts are 

made to capture household members’ interactive decision-making mechanisms 
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concerning long-term choices. Details about relevant literature will be discussed in the 

next chapter.   

Figure 1.1 General framework of long-term and short-term decisions 

Figure 1.1 presents a general framework of long-term and short-term decisions. It 

sketches the possible interconnections within long-term decisions and short-term 

decisions themselves, and the interactions between these two types of decisions with 

different time scales. Apart from purely investigating long-term decision problems 

separately, it should be noted that these long-term decisions may interact with each 

other. For example, households may have limited money resource, so they are likely to 

experience expenditure trade-off regarding long-term decisions on housing and car 

ownership. Therefore, this kind of interaction and tradeoff need to be explicitly 

considered by modeling multi-dimensional choices instead of single choice.  

Besides, the above long-term decisions might interact with short-term decisions as well.  

It is noted that the multitudes of household long-term and short-term decisions are 

interdependent in some ways, making it important to properly recognize the 

interconnections between them (Pinjari et.al, 2011). On one hand, long-term decisions 

like household housing location and car ownership impact the spatial context of 

households and long-term ability to travel and influence the household’s budgets for 

activity-travel participation (Bhat and Guo, 2004; Miller, 2004). Thus, household 

Influencing factors 

Household demographics 

and socio-economics 

Built environment 

Transportation and 

accessibility 

Land-use and 

transportation policies 

Car Ownership 

Residential Location Residential Relocation 

Short-term time use/travel decisions  

Activity participation Travel Time use 

Long-term decisions (lifestyle and mobility) 
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members make short-term activity participation decisions such as time allocation 

pattern and travel conditional on their long-term lifestyle and mobility preferences (top-

down process) (Ettema et al., 2007; Van Acker and Witlox, 2010). On the other hand, 

the regular and accumulated occurrence of daily/weekly activity-travel behavior feeds 

back information about resource needs and opportunities and may in turn exert an 

influence on lifestyle and mobility choices eventually (bottom-up process). 

Consequently, integrated modeling of long-term and short-term decisions will help to 

better understand their reciprocal interactions and behavioral linkages as well as 

identify the potential effects of different planning and transportation policies from a 

holistic view (Glickman et al., 2015). These reciprocal forces and influences have not 

been fully explored and addressed in current literature. With the maturation of activity-

based study in both their theoretical foundations and empirical implementation, it is 

worthwhile to consolidate activity-based models into long-term choice models so as to 

examine the interactions between household long-run decisions and daily activity 

participation. 

For activity-based study, it is worth noting that travel and activity participation jointly 

influence the time allocated by household members to travel and non-travel activities. 

The notions of time and space lie at the heart of activity-based analysis (Pendyala, 2009) 

and individuals’ time-use decisions as a result of their activity-travel patterns have been 

the central basis of activity-based approach (Bhat, 2005). In the temporal dimension, 

household members consider time constraints, while in spatial dimension, they 

consider travel distances, residential location/relocation and so on. By combining the 

time and space dimensions into an integrated framework, the time-space interactions 

and constraints can be explicitly taken into account. Therefore, it is important to 

consider decisions on time allocation patterns in the integrated modeling framework.  

1.2 Research objectives and contributions 
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Motivated by the phenomena and existing research described above, as well as the 

necessity of exploring other group decision theories (especially game theory) for 

further study of household choice behaviors (as identified by Timmermans and Zhang, 

2009; Zhang and Daly, 2009), this study seeks to contribute to the exploration of 

household members’ collaborative decision-making behavior, both methodologically 

and empirically. It will address various household choices (residential 

location/relocation, car ownership, time allocation), as well as the interactions between 

these choices. Specifically, this dissertation can contribute through its four main 

objectives:  

Firstly, a utilitarian2 approach (based on additive type of group utility function) will be 

adopted to reflect household members’ group decision making mechanism. Utilitarian 

approach is a conventional approach for modeling group decision-making problems 

and been widely used due to its simplicity in model formulation. Thus, this approach 

serves as a starting point for modeling of household members’ interactive and 

consensual decision-making problems in this thesis 3 . It will be applied in the 

formulation of an integrated model that links household long-term decisions like 

housing, vehicle ownership and short-term activity-travel decisions like time allocation 

to activity participation, so as to model both long-term and short-term decisions from 

a group decision-making perspective. In this integrated model, the expenditure tradeoff 

for long-term decisions on housing and car ownership will be explicitly captured.   

                                                 

 

2 Utilitarian solution deals with the efficiency of the group’s choice. It selects an agreement under which 

the weighted sum of the players’ utilities is maximized (Rachmilevitch, 2015).  

3  It should be noted that Nash bargaining and egalitarian bargaining are not suitable for modeling 

residential location problems, because threat points need to be set. They are suitable for modeling 

residential relocation problems, because current residence can serve as the threat points. 
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Secondly, apart from using the conventional utilitarian approach, Nash bargaining4  

approach (originated from game theory) will be applied to model household members’ 

consensual car ownership choice. Nash bargaining is capable of capturing household 

members’ concern for equity and giving each player the power to veto the desires of 

all others in comparison with the conventional utilitarian approach5. Car ownership 

decision will be investigated from the perspective of household time allocation to 

capture household members’ tradeoffs regarding spending money on cars to save travel 

time for activity participation.  

Thirdly, in consideration that family members (a group of people united by kinship) 

may seek more for egalitarianism when making household choices, while the Nash 

bargaining solution puts more emphasis on utilitarianism than egalitarianism, the 

egalitarian bargaining solution6 from cooperative game theory (Roth, 1979; Corfman 

and Gupta, 1993) will be employed to study household choice problem in residential 

relocation context. Besides, a comparative study will be carried out among the 

egalitarian bargaining approach, Nash bargaining approach, and conventional 

utilitarian approach by applying these approaches to model residential relocation of 

households. These three approaches decrease sequentially in capturing group’s concern 

for equity, while increase sequentially in capturing group’s concern for efficiency. 

                                                 

 

4 Nash bargaining solution is “between” the utilitarian and egalitarian solution points, which balances 

fairness and efficiency (Rachmilevitch, 2016). It selects and agreement under which the Nash product is 

maximized. 

5 It should be noted that for car usage, there may be a main user, and the choice on car ownership may 

have greater impact on that main user. Thus, Nash bargaining approach is more suitable because it 

balances fairness and efficiency (a tradeoff/compromise between egalitarianism and utilitarianism).   

6 Egalitarian solution deals with the evaluation of how equitable an approach is in distributing benefits 

or losses resulted from the group’s choice. It selects the weakly efficient agreement under which both 

players receive identical payoffs (Rachmilevitch, 2015).  
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Furthermore, latent class choice model will be developed to accommodate these 

heterogeneous group decision mechanisms in a unified modeling framework.  

Fourthly, the proposed models will be calibrated and applied to empirical case studies 

using revealed preference data collected in Beijing. Moreover, the impacts of transport 

policies on household car ownership and spouses’ time allocation patterns will be 

examined through sensitivity analysis, such as the plate-number-based vehicle usage 

rationing policy under implementation in Beijing.    

Through the achievement of these objectives, we can have a profound understanding 

of spatial distribution of residence, household car ownership and individuals’ activity-

travel patterns. The insights and findings will be conducive to transport planner and 

policy makers for formulation of relevant policies for sustainable urban development, 

including policies on household spatial distribution, housing and car ownership.  

1.3 Outline of the thesis 

To achieve the above-mentioned research objectives, the thesis is structured as follows. 

After the introductory chapter, the next chapter presents a review of transport studies 

that have addressed household members’ collaborative decision-making problems. 

After that, several research gaps that motivate the formation of this thesis are identified 

and discussed.  

Chapter 3 provides the theoretical framework for this thesis. The definition of group 

decision-making is given, together with a detailed description of two main streams of 

mathematical modeling approaches (decision-theoretic aggregation approaches and 

cooperative bargaining approaches) that can be used to address group decision making 

problems. These two streams of approaches have different theoretical foundations and 

differ in their pursuit and balance between utilitarianism and egalitarianism. Some of 
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these approaches will be adopted to specific model formulations in Chapter 4, Chapter 

5 and Chapter 6 respectively.   

Chapter 4 adopts the utilitarian approach (based on additive type of group utility 

function) to model household members’ consensual decision-making concerning long-

term decisions like housing, vehicle ownership and short-term activity-travel decisions 

like time allocation to activity participation. An integrated model is developed to link 

these long-term and short-term choices. It incorporates a monetary constraint to capture 

the household members’ tradeoffs over long-term expenditures on housing and cars. 

The proposed model is applied to an empirical case study in Beijing to calibrate the 

parameters, demonstrate its applicability and analyze household members’ decisions 

on housing, car ownership and time use over in-home and out-of-home activities.  

Because the conventional utilitarian solution cannot capture household members’ 

equity concern, Chapter 5 tries to employ the Nash bargaining approach (the 

corresponding solution is a compromise between utilitarianism and egalitarianism) to 

model household members’ consensual decision-making on car ownership. It is 

consolidated into a two-stage model to link household members’ short-term time 

allocation decisions to long-term car ownership decision and investigate car ownership 

from the perspective of household time allocation. Nash equilibrium approach is 

applied to capture household member’s interactive but non-cooperative decision-

making on time allocation. To demonstrate the applicability of the model and evaluate 

its predictive power, it is applied to an empirical case study in Beijing. A sensitivity 

analysis is also carried out to assess the impacts of plate-number-based vehicle usage 

rationing policies.  

Nevertheless, Nash bargaining solution puts more emphasis on utilitarianism than 

egalitarianism. In consideration that family is a group of people united by kinship and 

family members care about mutual benefits, they may seek more for egalitarianism 
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when collaboratively making some household choices (such as residential relocation 

choice), Chapter 6 applies the egalitarian bargaining approach to model household 

members’ collaborative decision-making on residential relocation. To test the 

predictive performance of different approaches for modeling group decision-making, a 

comparative study is carried out among the proposed egalitarian bargaining approach, 

the Nash bargaining approach, and the conventional utilitarian approach in the 

residential relocation context using panel data collected in Beijing. Apart from 

developing homogeneous group decision models separately, latent class choice model 

is also formulated to accommodate the three heterogeneous group decision mechanisms 

in a unified modeling framework.  

After using various group decision-based approaches to address several dimensions of 

household members’ consensual decision-making problems, Chapter 7 identifies a 

series of further research opportunities concerning group decision and negotiation 

problems in transportation studies, especially for newly emerged and future 

transportation problems. Furthermore, a few paths for methodological explorations 

toward the representation and modeling of group decision making are also pointed out.  

The final chapter presents a summary of this research, discusses policy implications 

and points out limitations of this study and recommendations for future research.  
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Chapter 2 Group-decision related transport studies: 

literature review  

2.1 Introduction 

This chapter provides a review of transport studies that have addressed household 

decision problems, so as to present an overall picture of current research status and 

justifications for this study. In the broad scope of transportation, research efforts have 

been devoted to modeling and analyzing group decision problems at both macroscopic 

(among organizations, countries, unions and government, transport service providers 

and users, and many other stakeholders) and microscopic level (among family members 

and members of social network groups). The review here will focus on transport 

research that have examined household choice problems to keep pertinent to this study. 

For household choice modeling, a normal practice in transport studies is to regard an 

individual or a unitary household as the basic decision unit, ignoring the interactions 

among household members in consensual decision making. Unitary household 

decision-making modeling approach defines a single household level utility, without 

consideration of the bargaining that occur among household members to reach a final 

decision. The corresponding utility function is defined either based on household level 

attributes or an unweighted sum of individual members’ utilities. Multitudes of choice 

models applying individual or unitary household decision-making mechanisms have 

dominated in transport modeling (to name a few: Lerman, 1976; Train, 1980; Golob 

and Van Wissen, 1989; Bhat and Koppelman, 1993; Bhat and Pulugurta, 1998; Wen 

and Koppelman, 1999; Kim and Kim, 2004; Habib and Miller, 2009; Roorda et al., 

2009; Li et al., 2010; Pinjari et al., 2011; Glerum et al., 2013; Cirillo et al., 2015; 

Glickman et al., 2015; Moeckel, 2017).  
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However, household members often interact with each other and make a lot of choices 

collectively. Therefore, the assumption of individual or unitary household decision-

making is inappropriate for these scenarios, which could lead to biased results and 

compromise the validity of forecasts. It should be noted that many studies have 

accommodated intra-household interactions through the specification of error terms, 

but these studies do not address group decision-making problems and lack theoretical 

support from group decision theories (e.g. Golob and McNally, 1997; Fuji et al., 1999; 

Gliebe and Koppelman 2001;2002; Vovsha et al. 2003; 2004a; 2004b; Srinivasan and 

Athuru, 2005).     

In transportation field, the study of household members’ choice behavior based on 

group decision theories only started from 1990s. Indeed, there are lot of group decision 

and negotiation scenarios among members linked by family ties, including activity 

generation and scheduling, time allocation to activity participation, car ownership, 

allocation of family resource (e.g. car usage allocation in car deficient households), 

allocation of household responsibilities (e.g. allocation of maintenance tasks, escort of 

children), residential location/relocation, etc. Following paragraphs will review studies 

that have addressed these group decision scenarios.  

2.2 Review on group-decision related transport studies 

In activity-based modeling, research efforts have been devoted to identifying the 

interpersonal linkages among household members in their activity-travel behavior, and 

remarkable research progress has been witnessed in the past couple of decades. Within 

activity-based modeling, time allocation problem is a frequently studied topic that 

involves different household members as collective decision makers. The problem may 

include the time allocation to participating in independent activities, joint activities, 

allocated activities (Gliebe and Koppelman 2002; Zhang et al., 2005a; Zhang and 

Fujiwara, 2006; Zhang et al., 2007b; Kato and Matsumoto, 2009). These studies on 
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time allocation may vary in classification of activity types, approaches for capturing 

group decision mechanism, case study areas and involvement of decision makers. 

Gliebe and Koppelman (2002) modeled the time allocation of two adult household 

members for their participation in independent and joint activities. Additive-type utility 

function was adopted to represent joint decisions and is embedded into the proposed 

proportional shares model. The empirical analysis showed that employment 

commitments and childcare responsibilities had significant effects on tradeoffs 

between joint and independent activities. Unlike the additive-type group utility 

function adopted by Gliebe and Koppelman (2002) to represent group decision-making 

mechanism, Zhang et al. (2005a) introduced several approaches for explicitly 

incorporating group decision mechanisms and adopted multi-linear group utility 

function to model household members’ joint decisions on time allocation to various in-

home and out-of-home activities. Results from empirical case studies showed that 

husband has the highest influence in the allocation of time in nearly half the households; 

in one-fifth the wife has more influence, while the remaining households show 

evidence of equal relative influence. Later, another group utility function – the iso-

elastic group utility function was adopted by Zhang and Fujiwara (2006) to represent 

the joint decisions on time allocation of elderly couples. Apart from considering time 

allocation on activity participation undertaken merely by household members in the 

above-mentioned studies, Wang and Li (2009) considered household members’ 

tradeoff between hiring domestic helpers for undertaking household maintenance (so 

as to save maintenance time for participation in other activities) and assuming the 

maintenance responsibilities by themselves. An additive type household utility 

function is adopted to aggregate individual members’ utilities and utility of hiring 

domestic helper.  

In terms of household members’ involvement in activity generation and scheduling, 

Gliebe and Koppelman (2005) considered two adult household members as decision 

makers and tried to model and identify their joint activity participation and travel 
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patterns on a full-day. Additive-type utility function was adopted to represent joint 

decisions and embedded into parallel choice constrained logit (PCCL) model. 

Parameterization of an importance function showed that in making joint activity-travel 

decisions, significantly greater emphasis was placed on the individual utilities of 

workers relative to non-workers and on the utilities of women in households with very 

young children. In an effort to consider more household members instead of merely 

two adults, the joint choice of daily activity pattern types by all household members 

was investigated by Bradley and Vovsha (2005). Additive-type utility function was 

adopted. When constructing group utility function, apart from the sum of individual 

utility, added utility terms (pair-wise component for two members’ joint choice of 

activity pattern, triple-wise component for three members’ joint choice of activity 

pattern) were included. Focusing on the generation of social-recreational tours, Lim 

(2015) modeled male-head’s and female-head’s joint decision making on generation of 

household social/recreational activity participation patterns. Predictive assessments of 

four types of model were compared, including multinomial logit (MNL), multi-linear 

logit (MLL), parallel constrained logit (PCL) and trivariate binary probit (TBP). Result 

showed that MNL and MLL models performed better in predicting household-level 

outcomes than PCL and TBP models, as the former models are estimated to match 

household-level outcomes of choices. 

Escort pattern of students in trips to and from school is another aspect in the field of 

activity-based modeling that are highly likely to be determined together by several 

family members. Rahmati and Samimi (2016) adopted the additive structure of group 

decision modeling approach to predict the decision on household’s escort pattern made 

by father and mother in dual-worker households. The household utility function was 

comprised of household and individual level characteristics. The model was compared 

with the conventional way of choosing a representative decision maker (individual 

level model) to model group decisions, and the former showed significant improvement 

in prediction accuracy. Similar problem of school trip accompaniment of children was 
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also addressed by Ermagun and Levinson (2016). They modeled and tested the 

involvement of father, mother and child as joint decision makers in determining school 

trip accompaniment of children, using multi-linear group utility function. The elasticity 

results showed that the elasticities of parameters derived from the unitary household 

model were two times larger than those from the group-decision model in 20% of cases, 

which is a direct consequence of overlooking intra-household bargaining and 

interaction in model specification. However, Weiss and Habib (2018) found that there 

are basic flaws with the multi-linear utility function for negative utilities. Instead, they 

used a generalized parallel constrained choice model initially proposed by Gliebe and 

Koppelman (2005) to model intra-household escort decision of high school students. 

The group decision behavior was captured by feeding weighted values into the group 

decision utility, similar to the usage of additive-type utility function.  

Apart from the above activity-based studies, for traditional transportation problems like 

car ownership and residential location, although not substantial, some research efforts 

are also devoted to exploring household members’ joint decision-making concerning 

these long-term choices. Regarding car ownership modeling, Zhang et al. (2007c) and 

Zhang et al. (2009) modeled household members’ group decision on vehicle type 

choice (classified by engine displacement into small-sized car, middle-sized car and 

large-sized car). Zhang et al. (2009) made a further step by attempting to incorporate 

heterogeneous group decision-making mechanisms, in consideration that different 

members in households might employ different decision strategies to arrive at final 

decisions. Three types of utility functions are considered for modeling household 

members’ joint decision-making mechanism, including the mutli-linear, maximum and 

minimum. The proposed heterogeneous group decision model was demonstrated to be 

effective when applied to the analysis of household vehicle type choice behavior.  

The choice on residential location is also likely to be the outcome of a collaborative 

decision due to the direct impacts on all household members. Although not many, the 
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involvement of multiple household members (especially workers from dual-worker 

households) in the modeling of residential location choice has been addressed by 

several researchers (Timmermans et al., 1992; Borgers and Timmermans, 1993; Molin 

et al., 1997; 2000; Rivera and Tiglao, 2005). In recognition that residential choice 

behavior is often the result of a joint decision-making process, especially in the case of 

two-worker households, Timmermans et al. (1992) and Borgers and Timmermans 

(1993) captured the joint choice behavior of members from dual earner households 

through a process of Hierarchical Information Integration (HII) based on experiment 

design and SP (stated preference) data collection. Firstly, spouses were assumed to act 

separately in grouping the large number of attributes influencing residential choice into 

higher order constructs, obtaining part-worth utilities associated with these higher order 

constructs and integrating part-worth utilities into their overall preference scores for 

the constructs. Then, the overall preference scores of the constructs were treated as 

factors in the subsequent experiment design and spouses were asked to imagine that 

they gave the ratings for the higher order constructs and choose jointly among the 

choice set. MNL model was adopted to analyze multi-person choice behavior. Indeed, 

the consideration of higher order constructs as influencing factors in the joint choice 

model bears some similarity to the usage of additive type group utility function. Later, 

Molin et al. (1997, 2000) tested the predictive ability of various implementations of 

Hierarchical Information Integration when applied to model residential choice of 

housing co-ops. When investigating the residential location choice, workplace location 

choice and mode choice behavior of two-worker households, Rivera and Tiglao (2005) 

modeled how the two workers of a household assess benefits and disbenefits associated 

with each other. The method of constructing utility function for two worker’s joint 

choices was by adding up the relevant attributes of both workers to generate total utility 

of the household, which is similar to the mechanism of using additive-type group utility 

function.  
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2.3 Research gaps 

As discussed above, multitudes of choice models applying individual or unitary 

household decision-making mechanisms have dominated in transport studies. Although 

a few research efforts have been devoted to modeling choice problems from a group 

decision-making perspective, there is still a lot of room for further exploration and 

improvement.  

(1) In terms of theories and methodologies, the mainstream methods for modeling 

household decision problems in current studies are decision-theoretic aggregation 

approaches (by adopting additive type or multilinear type of group utility function), 

supported by the theory of preference aggregation. Theories and methodologies for 

modeling and analyzing group decision mechanisms are rather limited and are in 

great need of wider development. As claimed by Timmermans and Zhang (2009) 

and Zhang and Daly (2009), game theory could serve as a promising and powerful 

tool for study the group decision behavior of households. It has not yet been applied 

to study household group decision problems. Thus, efforts are needed for 

introducing and employing the various game-theoretic approaches to model 

household group decision behavior as well as test the validity of developed 

theoretical models through empirical applications.   

(2) Current studies on household group decision-making problems mainly focus on 

investigating household members’ collaborative decisions concerning activity 

generation and scheduling, and time allocation to activity participation. Very 

limited research efforts have been devoted to investigating household members’ 

joint decisions on long-term choices, such as car ownership, residential 

location/relocation, etc. Nevertheless, due to their enduring impacts and household 

members’ possible divergent preferences for these choices, it is highly likely that 

household members will negotiate with each other to reach an agreement on final 
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decisions. Thus, research efforts are needed to explore household members’ 

collaborative decision-making concerning long-term choices, to be more consistent 

with real situations and make better predictions.  

(3) Despite that residential location choice has been considered as an isolated group 

decision-making problem, the consolidation of group decision-based decision on 

residence with other dimensions of group decision-based choices within a 

household (e.g. car ownership, joint activity participation) is rarely examined. 

Residential location is an important determinant of housing expenditure. Due to 

resource constraints (e.g. monetary resource), household’s long-term choices on 

residence (or housing) may interact and compete with other long-term choices 

(such as car ownership), resulting in a tradeoff among them. Apart from exploring 

multiple dimensions of long-term consensual choices, their interactions with 

household members’ individual or collective decisions on short-term activity-travel 

patterns is another area that is under-researched.    

(4) When addressing group decision-making problems in transportation, few studies 

have examined the impacts of transport policies, which is another area in need of 

improvement. Explicitly considering the implications of policy under 

implementation in model formulation and empirical case studies can provide more 

consistent predictions and insightful findings for transport planners and policy 

makers.  

2.4 Summary 

In transportation study, a normal and dominant practice for addressing household 

decision-making problems is to treat an individual or a unitary household as the basic 

decision unit, ignoring the interactions among household members in consensual 

decision making. Only started from 1990s, a few research efforts have been devoted to 



 

18 

 

  

the modeling of household members’ decision-making problems based on group 

decision theories. The relevant literature is reviewed in detail in this chapter.  

Existing studies have addressed household members’ collaborative decision-making 

on time allocation, activity generation and scheduling, escort of students, vehicle type 

choice, and residential location. The main methods used to model household group 

decision behavior are the decision-theoretic aggregation approaches (based on 

constructing additive and multilinear types of group utility functions), supported by the 

theory of preference aggregation. There are several research limitations. 1) The 

methodology framework is relatively limited. It is worthwhile to introduce other group 

decision theories (in particular, game theory) for further examination of household 

choice behavior. 2) Very limited research efforts have been devoted to exploring family 

members’ consensual decision-making on long-term choices (such as car ownership, 

residential location/relocation). 3) The interactions and competitions between multiple 

consensual long-term choices, or their interactions with household members’ 

individual or collective decisions on short-term activity-travel behavior is rarely 

examined. 4) Few studies have investigated the impacts of transport policies. 

Thus, this study aims to fill these research gaps by formulating relevant theoretical 

models and applying the proposed models to empirical case studies. The theories, 

methodologies, specific model formulations and empirical applications will be 

discussed in following chapters.  
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Chapter 3 Group decisions: theories and modeling 

approaches 

3.1 Introduction  

Group decision-making, also known as collaborative decision-making, refers to the 

collective decisions made by a group of people/entities. The group is defined as a 

collection of people/entities united by bonds among members’ interests and goals that 

are sufficiently strong to overcome disunifying influences (Deutsch, 1973). These 

bonding relationships may be enduring (e.g. family relationship) or transient (e.g. 

social network relationship and business relationship). In line with the view of Corfman 

and Gupta (1993), the groups and group decisions in this study encompass negotiators 

and bargaining tasks, with negotiations (bargaining) being regarded as a subset of 

group-decision making. Although group choice models and bargaining models tend to 

differ in their contexts of origins, the similarities between the underlying problems that 

they address are greater than the differences (Corfman and Gupta, 1993).  

Group decision research includes the development and study of approaches for 

understanding, analyzing and assisting groups or individuals within groups, as they 

interact and collaborate to reach a consensual decision (Kilgour and Eden, 2010). To 

represent the group decision making and negotiation behavior, a variety of 

mathematical modeling approaches related to group choice and negotiations have been 

developed. These approaches have been evolving for sixty years, with different 

theoretical foundations, such as utility theory, bargaining theory, etc. Methods based 

on utility theory for group decision-making modeling normally use some decision-

theoretic aggregation rules (corresponding to different rationality postulations of 

group’s behavior) to aggregate the cardinal utilities of individuals into group utility. 

While methods based on cooperative bargaining theory normally rely on a series of 
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axioms to prescribe bargaining solutions that specify how the surplus should be shared 

among players, and there will be status quo as the threat point for failing to reach a 

unanimous agreement. Threat point refers to the point of payoffs that players will 

receive if they fail to reach an agreement in decision-making.  

Both these two streams of methods can be adopted to model group decision-making 

problems, but they differ in terms of theoretic foundations and decision mechanisms, 

and the threat point plays an important role in cooperative bargaining approaches. The 

decision-theoretic aggregation approaches primarily emphasis on the specification of 

how a group should behave so that its actions are in consistency with some postulates 

of rationality. By contrast, in cooperative bargaining approaches, rationality postulates 

are imposed on individuals instead of the group, and the allocation of payoffs among 

individuals is a main concern (Corfman and Gupta, 1993). Following sections will give 

detailed introduction of the two main streams of approaches for modeling group 

decision-making problems.   

In general, a primary mission of these mathematical models for group decision-making 

is to explore the specification of decision rules that aggregate and map the (possibly 

divergent) preferences of group members into preference order, collective choice, 

group utility function, or bargained outcome. There are many potential mapping rules. 

One main concern in evaluating decision rules is related to the equity and efficiency. 

In other words, the decision rules may differ in their pursuit and balance between 

principles of egalitarianism and utilitarianism. Egalitarianism philosophy deals with 

the evaluation of how equitable an approach is in distributing benefits or losses resulted 

from the group’s choice, while utilitarianism philosophy deals with the efficiency of 

the group’s choice.  

3.2 Decision-theoretic aggregation approaches 
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The decision-theoretic approach relies on cardinal measures of individual preferences 

and the specification of rationality postulates for the group’s behavior to derive 

preference aggregation rules (Corfman and Gupta, 1993). It is supported by the theory 

of preference aggregation, which studies the aggregation of individual preferences into 

group preferences (Dyer and Sarin, 1979; Brock, 1980). Based on specified group 

preference aggregation rules, cardinal utility functions of individuals are combined to 

yield a group utility function. The additive type and multilinear type are two commonly 

used aggregation rules for deriving group utility function. 

3.2.1 Additive group utility  

Additive-type of group utility function was introduced in the pioneering study of 

Harsanyi (1955). Similar to the expected utility theory for individual level decision 

making, this approach imposes rationality assumption on group’s actions. Harsanyi 

(1955) proposed the additive-type of group utility function under the condition that 

group members behave in a Bayesian rational manner. It is a weighted sum of 

individuals’ utilities, based on linear aggregation rule, with the following mathematical 

formulation, 

𝑢𝐺(𝑥) = ∑𝑤𝑖𝑢𝑖(𝑥)

𝑛

𝑖=1

                                                                                                (3.1) 

where 𝑢𝐺(𝑥) is the group utility for the consequence 𝑥  of an alternative. 𝑤𝑖  is the 

relative weight related to individual i's preference. 𝑢𝑖(𝑥)  (scaled from 0 to 1) is 

individual i's cardinal utility for the consequence 𝑥  of an alternative. Solve the 

maximization problem with group utility 𝑢𝐺(𝑥) as the objective function, then solution 

for the corresponding group decision problem can be obtained. It is later noticed and 

analyzed by researchers that the additive formulation only deals with the efficiency of 

group’s choice (utilitarianism philosophy), without capturing group’s equity concern 

for fair distribution of benefits among group members (Diamond, 1967; Keeney and 
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Kirkwood, 1975). Therefore, the corresponding solution is called (weighted) utilitarian 

solution (Hinojosa and Mármol, 2011; Argenziano and Gilboa, 2015; Rachmilevitch, 

2015; 2016). 

The conventional approach based on additive type of group utility function has been 

widely used in transportation for studying household members’ joint decision problems 

concerning time allocation (Gliebe and Koppelman, 2002; Wang and Li, 2009; Kato 

and Matsumoto, 2009), activity scheduling or participation (Gliebe and Koppelman, 

2005; Bradley and Vovsha, 2005; Dubernet and Axhausen, 2013), and residential 

location (Timmermans et al., 1992; Borgers and Timmermans, 1993; Rivera and Tiglao, 

2005).  

3.2.2 Multilinear group utility 

Two decades after the introduction of additive group utility function, the multilinear 

group utility function was proposed by Keeney and Kirkwood (1975) based on 

multiattribute utility theory, which can address the weakness of ignoring equity concern 

in the additive group utility function. Group’s equity concern is captured by introducing 

multiplicative items in group utility function (Keeney and Kirkwood, 1975; Keeney, 

1976; Keeney and Raiffa, 1993). The mathematical formulation is,  

𝑢𝐺(𝑥) = ∑𝑤𝑖𝑢𝑖(𝑥)

𝑛

𝑖=1

+ 𝑤 ∑ 𝑤𝑖𝑤𝑗𝑢𝑖(𝑥)𝑢𝑗(𝑥)

𝑛

𝑖=1;
𝑗>𝑖

+ ⋯+ 𝑤𝑛−1𝑤1𝑤2 ⋯𝑤𝑛𝑢1(𝑥)𝑢2(𝑥)⋯𝑢𝑛(𝑥) 

                                                                                                                                  (3.2) 

where 𝑤 > −1, and 0 < 𝑤𝑖 < 1. The first weighted additive component is identical to 

equation (3.1). Parameter 𝑤 represents the degree to which a group prefers equity or 

inequity in their decision-making. The multilinear aggregation function can reflect a 

group’s attitude towards equity or inequity through the following mechanism. When 
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𝑤 = 0, it reduces to the simple additive form of group utility function, indicating that 

a group is inequity neutral. If 𝑤 > 0, the group is equity prone (prefer a balanced 

distribution of benefits across group members); conversely, if 𝑤 < 0, the group is 

inequity prone (prefer an imbalanced distribution of benefits across group members) 

(Dyer and Sarin, 1979; Corfman and Gupta, 1993). The reason that this structure works 

is because, for two different distributions of utilities that are equal in the weighted 

additive component, the product of the weighted utilities that are distributed closer in 

their values will be higher. Thereby, the group utility will increase for a positive 𝑤 and 

decrease for a negative 𝑤 . But this may not hold for groups with three or more 

individuals and large negative value of 𝑤 , to circumvent this issue, Keeney and 

Kirkwood (1975) specified that the value of 𝑤 should be greater than negative one 

(Weiss and Habib, 2018).  

In transportation studies, starting from Zhang et al. (2005a), multi-linear group utility 

function has been applied to modeling group decision problems (Zhang et al. 2007b; 

Zhang et al. 2007c; Zhang et al., 2009; Lim et al, 2015; Ermagun and Levinson, 2016; 

Fu and Lam, 2018). However, Weiss and Habib (2018) found a fundamental flaw of 

the multi-linear group utility structure for negative utilities, which is likely to happen 

in discrete choice framework (a hypothetical example has been given in their work to 

illustrate the details). For positive utilities, there are still issues because the magnitude 

of interaction component is closely related to the value size of the weighted utility 

function. In other words, weighted utilities that are larger in their values will lead to 

higher interaction components. Consequently, the degree that equity influences the 

utility of a given choice is dependent on how much benefit that choice provides, which 

may bias the estimation of parameters in the utility function.  

Apart from using the additive and multilinear group utility functions based on decision-

theoretic aggregation rules for constructing group utility function, Zhang and his 

colleagues have adopted the iso-elastic type of social welfare function proposed by 
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Atkinson’s (1970) as group utility function to capture household members’ group 

decision-making mechanism in their studies (Zhang and Fujiwara, 2006; Zhang et al., 

2007a; Zhang et al., 2009). Details about this type of utility function can be found in 

appendix A1.  

3.3 Cooperative bargaining approaches 

As mentioned earlier, bargaining problem is also regarded as a type of group decision-

making. Bargaining theory is an important branch of game theory7 that deals with the 

analysis of bargaining problems, in which players are supposed to communicate and 

bargain with each other to reach a consensus on final decision. When dealing with 

bargaining problems, bargaining solutions will be obtained. A bargaining solution can 

be interpreted as a formula that determines a unique outcome for each bargaining 

situation. There are two main streams of theoretic approaches for modeling bargaining 

problems, one is for modeling cooperative bargaining and the other is for modeling 

non-cooperative bargaining. The cooperative bargaining theory is based on employing 

the axiomatic method to evaluate bargaining rules, abstracting away from the detailed 

bargaining procedures, while the non-cooperative bargaining theory attempts to model 

the detailed bargaining procedures of bargainers (Corfman and Gupta, 1993). This 

study focuses on the adoption and application of cooperative bargaining approaches for 

modeling household group decision-making behavior. Therefore, attention will be put 

                                                 

 

7 Game theory, alternatively named interactive decision theory, is the study of mathematical models of 

conflict and cooperation between intelligent and rational decision-makers, whose interests are 

interlinked or interdependent (Roger, 1991; Aumann, 1987). In a nutshell, game theory is concerned with 

the study of multi-person decision problems (Gibbons, 1992). 
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to the introduction of cooperative bargaining approaches. A brief introduction about 

the non-cooperative bargaining approaches is provided in appendix A3.  

The stream of methodologies for addressing cooperative bargaining problems start by 

assuming that binding agreements are possible among players involved (Hart and Mas-

Colell, 2012). It covers the pure bargaining problem (grand coalition of all players) as 

well as the coalitional bargaining problem, which involves the formation of coalitions 

among a subset of players. Because household members are a group of people united 

by kinship, they are more likely to reach grand coalition instead of sub-coalitions, the 

following paragraphs will focus on introducing approaches for modeling pure 

bargaining problems. Interested readers can refer to Appendix A2 for detailed 

information about coalitional bargaining. 

Pure bargaining problem is one of the simplest yet most fruitful paradigms in 

cooperative game theory, in which two or more players with possible divergent 

preferences bargain with each other to choose from a set of feasible outcomes (Roth, 

1979). If they cannot reach a unanimous agreement (fail in bargaining), a given 

disagreement outcome (or status quo) will be the result of the bargaining problem. 

There is an incentive to reach a unanimous agreement as long as there is at least one 

feasible outcome that all the player prefer to the disagreement (threat point) outcome. 

Every player has the power to veto the desires of all others, but there is no such veto 

power in decision-theoretic aggregation approaches. Here we will introduce two 

important approaches for modeling pure bargaining problems: Nash bargaining and 

Egalitarian bargaining.   

3.3.1 Nash bargaining 

For pure bargaining problems, the most prominent and widely used solution concept is 

the Nash bargaining solution (Nash, 1953). It is based on the principle of maximizing 

the product of players’ surplus utilities, applicable to bargaining scenarios when 
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negotiators with personal preferences are motivated to achieve proportionate 

cooperation (MacCrimmon and Messick, 1976). Nash bargaining solution is “between” 

the utilitarian and egalitarian points (Rachmilevitch, 2016). Therefore, it balances 

fairness and efficiency. In other words, it represents a compromise between 

egalitarianism and utilitarianism. Moreover, Nash bargaining solution is demonstrated 

to be more utilitarian than egalitarian (Rachmilevitch, 2016). That is to say, it puts more 

emphasis on utilitarianism than egalitarianism. Theoretically, the symmetric Nash 

bargaining solution should satisfy four axioms (properties): invariant to affine 

transformations, Pareto optimality, independence of irrelevant alternatives and 

symmetry (Osborne and Rubinstein, 1994; Muthoo, 1999). Under these four axioms 

that describe the behavior of players, a unique Nash bargaining solution can be obtained. 

Mathematically, the Nash bargaining solution for a two-person bargaining problem can 

be obtained by maximizing the following expression (also called Nash product), 

(𝑢1(𝑥) − 𝑢1(𝑑))
𝛼
(𝑢2(𝑥) − 𝑢2(𝑑))

1−𝛼
                                                               (3.3) 

where 𝑢1(𝑥) and 𝑢2(𝑥) are the utility functions of player 1 and player 2 respectively. 

𝑢1(𝑑) and 𝑢2(𝑑) are the status quo utilities (also called threat point utilities), which are 

the utilities that players are supposed to get if they fail to reach an agreement in their 

decision making. Notation 𝛼 represents the bargaining power of player 1, while 1 − 𝛼 

is the bargaining power of player 2. The bargaining solution is claimed to be symmetric 

when players have equal bargaining power, and asymmetric otherwise. Although 

mostly used for two-person bargaining scenarios, it can be generalized to obtain Nash 

bargaining solution for n-person bargaining games (Okada, 2010). N-person bargaining 

games are more complicated because apart from grand cooperation of all players, there 

might exist coalitions among a subset of players.   

Because Nash bargaining solutions is defined by a fairly simple formula, possesses 

sound strategic foundations and applicable to a large class of bargaining scenarios, it 
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has received more applications than other bargaining solutions (Muthoo, 1999). In 

transportation studies, Nash bargaining solution has been employed to study problems 

like carpool (Li et al., 2016), control of signalized intersections (Abdelghaffar et al., 

2018), bargaining between countries (Hihara, 2011), bargaining between union and 

government (Blondiau et al., 2018), etc. It has not yet been applied to study household 

level group decision problems in transportation field.  

3.3.2 Egalitarian bargaining 

Because the Nash bargaining approach do not permit interpersonal comparisons, the 

egalitarian bargaining solution is proposed. It is in close connection with Rawls’ (1971) 

theory of justice by concerning for the least advantaged person (Kalai, 1977; Roth, 

1979). The egalitarian bargaining solution is based on the principle of maximizing the 

minimum of players’ surplus utilities and the outcomes tend toward equality. 

Theoretically, the unweighted egalitarian bargaining solution should satisfy four 

axioms (properties): Pareto optimality, independence of irrelevant alternatives, 

symmetry and resource monotonicity (Kalai, 1977).  Egalitarian bargaining solution 

can be obtained by maximizing the following expression,   

𝑚𝑖𝑛 {
1

𝑤1
(𝑢1(𝑥) − 𝑢1(𝑑)),

1

𝑤2
(𝑢2(𝑥) − 𝑢2(𝑑))}                                              (3.4) 

Maximization of the above function can be called lexical max-min function (Corfman 

and Gupta, 1993). Egalitarianism is the motivation to the use of max-min solutions 

(Rawls, 1971; Kalai, 1977; Hinojosa and Mármol, 2011). 𝑤1 and 𝑤2 are the positive 

weight of player 1 and player 2 respectively in consensual decision making. If 𝑤1 ≠

𝑤2, then it is generalized to the weighted egalitarian (or proportional) solution (Bossert 

and Tan, 1995). The egalitarian bargaining solution concept is in good conformity with 

experimental findings that suggest bargainers do make interpersonal comparisons and 

outcomes tend toward equality (Corfman and Gupta, 1993). Egalitarian bargaining 
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solution has been applied to study the negotiation between marine container terminal 

operators (Pujats et al., 2018).  

3.4 Summary 

This chapter presents the definition of group decision-making, and a detailed 

description of two main streams of mathematical modeling approaches that can be used 

to address group decision making problems. These two streams of approaches differ in 

their theoretical foundations and representation of group decision mechanism.  

Decision-theoretic aggregation approaches (supported by the theory of preference 

aggregation) study the aggregation of individual preferences into group preferences, 

based on rationality postulates for the group’s behavior. The variations in specification 

of group preference aggregation rules can lead to different structure of group utility 

functions. Models based on the additive type of group utility function will produce 

utilitarian solutions because the additive structure only deals with the efficiency of 

group’s choice (utilitarianism philosophy), without capturing group’s equity concern 

for fair distribution of benefits (egalitarianism philosophy). While models based on 

multilinear type of group utility function made a progress by capturing group’s equity 

concern, but it is under criticism for some issues.  

Cooperative bargaining approaches (supported by cooperative game theory) study the 

formulation of axioms to establish and evaluate bargaining rules based on rationality 

postulates for individuals’ behavior. Unlike decision-theoretic aggregation approaches, 

threat point (status quo) plays an important role in cooperative bargaining approaches. 

The most prominent and widely used solution concept is the Nash bargaining solution, 

which is based on the principle of maximizing the product of players’ surplus utilities. 

The solution point is a compromise between egalitarianism and utilitarianism. Another 

solution concept is the egalitarian bargaining solution, which is based on the principle 
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of maximizing the minimum of players’ surplus utilities. Just as the name implies, 

egalitarian bargaining solution deals with the pursuit of egalitarianism.  

Following chapters will adopt some of the above approaches to model household 

members’ group decision making problems. Specifically, Chapter 4 uses the utilitarian 

approach (based on additive type of group utility function) to model household 

members’ consensual decision-making concerning long-term decisions like housing, 

vehicle ownership and short-term activity-travel decisions like time allocation to 

activity participation. Because the conventional utilitarian solution cannot capture 

household members’ equity concern, Chapter 5 tries to employ the Nash bargaining 

approach (which is a compromise between utilitarianism and egalitarianism) to model 

household members’ consensual decision-making on car ownership from the 

perspective of time allocation. However, Nash bargaining solution puts more emphasis 

on utilitarianism than egalitarianism. In consideration that family is a group of people 

united by kinship and family members care about mutual benefits, they may seek more 

for egalitarianism when collaboratively making some household choices (such as 

residential relocation choice), Chapter 6 applies the egalitarian bargaining approach to 

model household members’ collaborative decision-making on residential relocation. In 

addition, a comparative study is carried out among the egalitarian bargaining approach, 

the Nash bargaining approach, and the conventional utilitarian approach in the 

residential relocation context.  
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Chapter 4 Modeling household housing and car 

ownership decisions: a utilitarian approach8 

4.1 Introduction and motivation 

In recent years, the rapid economic growth has greatly contributed to the rapid pace of 

urban expansion and motorization, especially in the megacities of developing countries. 

Accompanying this rapid development, some phenomena and problems began to 

emerge. For example, the urban sprawl and rising housing price have made residents 

live away from the central areas of a city, stimulating the dramatic growth of travel 

distance and motorized travel. As a result, residents are more reliant on cars to some 

extent and traffic congestion becomes worse and worse (Gakenheimer, 1999). For 

example, Beijing has experienced rapid urban expansion, with an average urban growth 

rate of 7.28% per year in the period 1970-2013 (Zhang et al., 2016); while the number 

of private cars nearly quadrupled from 1.07 million (6.6% household car ownership) to 

4.05 million (42.3% household car ownership) in the period 2003 to 20129 . The 

varying spatial context and transport accessibility are very likely to bring changes to 

activity-travel patterns of dwellers as well, because land-use, transportation and activity 

participation are claimed to be closely intertwined (Krizek and Waddell, 2002).  

                                                 

 

8 This chapter is based on a paper submitted for publication in journal Transportmetrica A and is currently 

under first round revision.  

9 Information source: National Bureau of Statistics of China. http://www.stats.gov.cn/ 

 

http://www.stats.gov.cn/


 

31 

 

  

To gain deep insights into above phenomena, research efforts need to be devoted to 

investigating how urban residents make long-term decisions like housing and mobility. 

To fully understand the behavioral mechanisms of household’s long-term decision-

making, it is worthwhile to explore how these long-term choices interact with each 

other. For example, household members may have to make tradeoffs concerning long-

term expenditures on housing and cars, especially for households that are not 

financially well-off and have limited money resource.  

Merely focusing on the investigation of household long-term decisions may lead to 

biased results and findings. It is noted that multitudes of household long-term decisions 

like housing, employment and vehicle ownership that constitute a part of an overall 

lifestyle package, and daily activity participation decisions are interdependent in some 

ways, making it important to properly recognize the interconnection between daily 

activity-travel demand and long-term choices (Pinjari et.al, 2011). On one hand, long-

term decisions like household housing location and car ownership determines the 

association between the household and the rest of the urban environment, impacts the 

spatial context of households and long-term ability to travel, and influences the 

household’s budgets for activity-travel participation (Bhat and Guo, 2004; Miller, 

2004). Thus, household members make short-term activity participation decisions such 

as time allocation pattern and travel conditional on their long-term lifestyle and 

mobility preferences (top-down process) (Ettema et al., 2007; Van Acker and Witlox, 

2010). On the other hand, the regular and accumulated occurrence of daily/weekly 

activity-travel behavior feeds back information about resource needs and opportunities 

and may in turn exert an influence on lifestyle and mobility choices eventually (bottom-

up process). Consequently, integrated modeling of long-term and short-term decisions 

will help to better understand their reciprocal interactions and behavioral linkages as 

well as identify the potential effects of different planning and transportation policies 

(Glickman et al., 2015). Some efforts have been devoted to tackling these issues from 
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an integrated perspective, especially with the recent progress of integrating activity-

based travel demand models into land-use-transport interaction (LUTI) models.  

4.1.1 Review on LUTI models 

The focus here is to provide a review of studies that have tried to integrate activity-

based sub-models into LUTI modeling, introduce representative models and identify 

further research opportunities. Previously, researchers have made substantial reviews 

of research on LUTI modeling, covering various fields including transportation, urban 

planning, economics, regional science, geography, psychology (e.g. Timmermans 

(2003); Hunt et al., (2005); Chang (2006); Waddell (2011); Li et al., (2014); 

Acheampong and Silva (2015)), interesting readers can refer to these studies for a broad 

review.  

Since the late 1980s, advances in computing power and efficiency of data storage have 

allowed researchers to build models that can address complexities in representing the 

dynamics of land-use and input of detailed household and individual level information, 

which are favorable to the development of activity-based sub-models in LUTI 

modeling framework. Krizek and Waddell (2002) developed a framework for 

analyzing household choices relating to four dimensions of lifestyle: residential 

location (neighborhood type), vehicle ownership, activity participation frequency and 

travel characteristics, with the adoption of factor analysis and cluster analysis to 

uncover different lifestyles. They recognized an integrated decision process of 

household decisions regarding these dimensions and pointed out the need of additional 

research to capture how households make complex tradeoffs across these choice 

dimensions, which required the development of behavioral models. 

Behavioral models are generally disaggregate (Iacono et al., 2008). Two main streams 

of disaggregate modeling approaches have been employed to integrate activity-based 

sub-models into LUTI modeling, one is through the development of utility 
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maximization models and the other is through the development of micro-simulation 

models (Acheampong and Silva, 2015; Nurul Habib, 2018). These approaches are 

capable of accounting for the behaviors of individuals in space and/or time, along with 

interactions between them. Utility maximization models address household members’ 

decision-making behaviors through formulation of mathematical models based on 

random utility maximization theory. While micro-simulation models simulate 

household members’ decision-making behaviors using algorithms that replicate the 

observed choice results from data (Hess and Daly, 2014). This paper will give more 

attention to studies that have adopted the former stream of approaches as they are more 

relevant to our proposed model.  

Adoption of utility theory allows for the development of a new generation of models 

aiming to provide a robust framework that could capture the complex choice behavior 

dynamics involved in land-use and activity-travel decisions at disaggregate level. 

Lerman (1976) has made a pioneering effort to link residential location, housing type, 

auto ownership and commute mode in a multinomial logit model (MNL) based on 

utility maximization theory. Later, to differentiate the time horizons and reflect a 

sequential decision mechanism that characterize long- and short-run decisions, the 

MNL model was extended to nested structure such as nested logit model and cross-

nested logit model, which integrated long-term choices like home location, workplace 

location and short-term choices like travel mode and departure time (Abraham et.al, 

1997; Vega and Reynolds-Feighan, 2009; Yang et al., 2013). Wang et al. (2011) made 

an incremental step in the direction of integrating land use modeling and activity-based 

travel modeling for operational use. They developed an individual work-at-home 

model and a workplace choice model that matches individual workers to individual 

jobs, using the logit model structure.  

An important step towards the integration of activity-based techniques to LUTI models 

is the development of activity-based accessibility measure. It was introduced by Ben-
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Akiva and Bowman (1998) to integrate the activity-based model system into a 

residential location model, using a nested logit model system. The activity-based 

accessibility measure for household residential choice capturing additional effects is 

attributable to a more comprehensive measure of accessibility, and was proved to be 

more sensitive to the congestion management policy and changes in auto service level 

in comparison with trip-based accessibility measure. As an important variable in 

linking short-term activity and travel decisions with long-term residential choice 

decisions, it was later adopted by many researchers (e.g. Jara‐Díaz and Martínez, 1999; 

Shiftan, 2008; Wong et al, 2012; Glickman et al., 2015). Their results showed that 

activity-based accessibility measure was highly significant in residential choice model, 

indicating the great influence of activity accessibility.  

Additionally, based on microeconomic theories, López-Ospina et al. (2015) presented 

an extension of the classical theory of time allocation by developing a microeconomic 

model with hierarchical temporal structure that differentiates the temporal dimensions 

in choice-making process, with a macro level for long-term choices such as residential 

location, job and education and a micro level for short-term choices such as leisure and 

shopping. In the studies described above, activity-based approaches are always nested 

into the land-use models, indicating a hierarchical structure based on the assumption 

that decisions on residence, car ownership and so on are long-term commitments, while 

decisions on travel and activity participation are short-term commitments. By contrast, 

Ettema et al. (2011) explored the influence of social interactions on long-term 

residential decision and short-term decisions (goods consumption and engagement in 

activities) by incorporating these decisions into a multi-dimensional choice construct 

in a non-hierarchical structure, arguing that various longer and shorter-term mobility 

decisions are linked by the existence of money and time constraints in a non-

hierarchical way.  
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Despite these efforts and a clear identification of the necessity of exploring behavioral 

interactions between daily activity-travel patterns and longer-term household choices 

by researchers (e.g. Krizek and Waddell, 2002; Wegener, 2004), still relatively few 

studies have employed the state-of-the-art activity-based modelling techniques to 

investigate the complex interrelationships between long-run household decisions and 

short-run activity-travel patterns of household members (Shiftan et al., 2011; Glickman 

et al., 2015), especially when it comes to the explicit incorporation of time and 

monetary constraints so as to provide a robust behavioral foundation for model 

development. It has been revealed that time and monetary constraints are important in 

integrated land-use/transport interaction modeling because households face these 

constraints when making housing, car ownership and activity-travel decisions 

(Moeckel, 2017).   

Among the few attempts, Eliasson and Mattsson (2000) considered time and monetary 

constraints in their theoretical model concerning choice dimensions on residential zone, 

house type, car ownership and travel pattern in terms of trip frequencies and travel 

mode. However, monetary constraint only restricts the expenditure on travel in their 

study, while expenditure tradeoff for long-term decisions on housing and car ownership 

is left out of consideration. As for time constraint, it was only used to restrict time 

expenditure on travel related activities, without consideration of decisions on time 

allocated to non-travel activities. Besides, their proposed theoretical model was not 

applied to any empirical studies and seemed difficult to carry out an empirical study 

because of the large number of residential zones and destination zones in choice set. 

The prototype of LUTI model proposed by Ettema et al. (2011) also considered time 

and monetary constraints regarding long-term choice (dwelling) and short-term choices 

(activity participation and consumption of goods). But they did not involve car 

ownership decision, nor the tradeoff between long-term expenditures on housing and 

car ownership. The activities concerned were only out-of-home discretionary activities, 

and no separation was made between time expenditure on travel and non-travel 
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activities, nor establishment of explicit linkages between residential location and travel 

time expenditure. Moreover, some of the parameters are chosen arbitrarily, because 

they do not include a calibration procedure and an empirical case study to demonstrate 

the applicability of developed model in realistic situations and obtain reliable forecasts.  

In addition, previous studies have generally addressed household long-term choices as 

if they were made by a single individual, ignoring the interactions among household 

members in consensual decision making. However, in real situations, due to their 

enduring impacts and household members’ possible divergent preferences for these 

choices, they are very likely to be collaboratively decided by household members. Thus, 

model formulation that does not take into account the multiplicity of decision makers 

in households cannot be entirely satisfactory, necessitating the development of models 

from the perspective of household group decision. 

4.1.2 Research objectives 

To address the above-mentioned research limitations, this chapter intends to contribute 

to the behavioral integration of activity-travel patterns into LUTI modeling by 

developing an integrated model that links household long-term decisions on housing 

and car ownership together with short-term decisions on activity participation and 

travel. In consideration that households may have limited money resource, a monetary 

constraint is incorporated for an initial attempt of capturing household members’ 

tradeoffs concerning long-term expenditures on housing and cars. For activity 

participation, household members’ time allocation patterns will be explored, because 

in activity-based study, travel and activity participation jointly influence the time 

allocated by household members to travel and non-travel activities, while individuals’ 

time-use decisions as a result of their activity-travel patterns have been the central basis 

of activity-based approach (Bhat, 2005). This enables investigation of long-term 

decisions from the perspective of household members’ time allocation.  
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A utilitarian approach (based on additive type of group utility function) will be adopted 

to model household members’ interactive and consensual decision-making concerning 

the long-term and short-term decisions. The proposed models will capture the decision-

making process of household members with various socio-economic and socio-

demographic backgrounds, so as to investigate and understand how these decisions are 

made. In consideration that households may have limited money resource, a monetary 

constraint is incorporated to capture the tradeoffs among expenditures on housing, car 

and other goods. In the following sections, this chapter will formulate a hierarchical 

household decision model that integrates long-term choices on housing, vehicle 

ownership and short-term time allocation decisions.   

4.2 Model framework 

Household long-term decisions such as those related to housing and car ownership are 

supposed to be jointly made by household members due to its long-lasting impact, 

which makes it appropriate to adopt group decision approaches for modeling the joint 

decision mechanism (Zhang et al., 2009). Because children in many cases neither have 

the capacity nor the power to act as decision makers and following the normal practice 

of studies on household decision problems in the literature (e.g. Chiappori et al, 2012), 

we assume that only husband and wife are involved in the household long-term 

decision-making process to simplify the problem. Admittedly, the proposed model 

framework can be easily extended to include a third stakeholder such as children, which 
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will make the model more complicated but yet still tractable, without fundamental 

change of the model structure.    

Note: out-of-home ind* refers to out-of-home independent activity  

Figure 4.1 Theoretical framework of two-stage model 

Because simultaneous decision-making mechanism cannot disentangle the 

interdependencies and hierarchical differences between long-term and short-term 

choices, sequential decision-making mechanism is assumed for modeling long-term 

and short-term decisions in this study, which is similar to the nested structure that is 

commonly used to address multidimensional choice problem involving both long-term 

and short-term choices (e.g. Ben-Akiva and Bowman, 1998; Eliasson and Mattsson, 

2000; Waddell, 2001). For our study, this enables the investigation of housing and car 

ownership choice from the perspective of time allocation, with the assumption that 

household members choose their optimal expected time allocation patterns under 

selected housing and car ownership choices. A two-stage model framework is 

formulated to represent the sequential decision-making mechanism, as shown in figure 

4.1. For long-term decisions, household members make collaborative housing and car 

ownership decisions to satisfy their lifestyle and mobility preferences, taking into 

consideration of the possible resultant influence on their expected daily time allocation 

patterns as well. The decisions are supposed to be constrained by available money 

Long-term decisions (lifestyle and mobility) 

  

Housing Car ownership Money resource 

Short-term time allocation decisions  

Time resource Travel 

Activity participation 

(in-home, out-of-home 

ind*, out-of-home joint) 
Time use 
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resource. Under determined housing and car ownership choices, household members 

will optimize their expected time allocation patterns on participation in in-home, out-

of-home independent and out-of-home joint activities, subjecting to time resource 

constraint (top-down). Their expected daily time allocation patterns will impact the 

long-term choices as well because they are taken into account when making long-term 

housing and car ownership choices (bottom-up). It should be noted that intra-household 

interactions are also accommodated by allowing different members in the household to 

affect the housing and car ownership choices differently depending on their own 

activity-travel patterns, because one choice can be advantageous to one member but 

disadvantageous to another. 

4.2.1 First stage model: housing and car ownership decisions 

In the first stage model, husband and wife are supposed to jointly decide housing choice 

and car ownership level to maximize household group utility function (GUF), with the 

location of workplace being exogenously given. GUF is a weighted sum of time 

expenditure on activity participation and money expenditure on goods consumption, 

which is expressed as, 

𝑀𝑎𝑥   𝐺𝑈𝐹 = 𝑡 ∑∑𝜃𝑖𝑗ln (𝑇𝑖
𝑗
+ 1) + ∑∑𝜗𝑖𝑘ln (𝐸𝑘 + 1)

𝑘𝑖𝑗𝑖

                    (4.1) 

𝐸𝑐𝑎𝑟 + 𝐸ℎ𝑜𝑢𝑠𝑒 + 𝐸𝑜𝑡ℎ𝑒𝑟 = 𝐼                                                                  (4.2) 

        𝐸𝑐𝑎𝑟 = 𝑛∙𝑝𝑐𝑎𝑟𝑠/𝐿                                                                                  (4.3)      

where i=h,w represent husband and wife respectively. The set of activities include in-

home activity, out-of-home independent activity, and out-of-home joint activity, 

named as hom, ind, jnt respectively. 𝑇𝑖
𝑗
 is the time that household member i allocated 

for performing activity j (j= hom, ind, jnt). Constant t aggregates daily time utility to 

yearly level. 𝐸𝑘 is the money expenditure for goods k, which includes car, house and 

other goods (k=house, car, other), and all the money expenditures are subjected to the 
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restriction of yearly household disposable income 𝐼 as expressed in equation (4.2). 

Specifically, 𝐸𝑐𝑎𝑟  is household car expenditure averaged over the whole car usage 

period L, while 𝐸ℎ𝑜𝑢𝑠𝑒 is the yearly housing expenditure as a function of 𝑥 (residential 

distance to CBD) and 𝐼  (Brueckner, 2011). 𝑝𝑐𝑎𝑟𝑠  is the average price of cars in a 

household. 𝜃𝑖𝑗  and 𝜗𝑖𝑘  are the relative weights of time utility and money utility for 

particular activity participation or goods consumption.  

To calculate housing expenditure, housing demand can be given in the following 

function (Brueckner, 2011),  

𝑞 = 𝛼𝑝𝛽𝐼𝜃                                                                                             (4.4) 

where 𝑝 is the price per unit of housing, and 𝐼 is the household income. The parameters 

β and θ, which are negative and positive respectively, give the price and income 

elasticities of demand. Multiply both sides of the above equation by 𝑝, which yields 

𝐸ℎ𝑜𝑢𝑠𝑒 = 𝑝𝑞 = 𝑝(𝛼𝑝𝛽𝐼𝜃) = 𝛼𝑝𝛽+1𝐼𝜃                                                                (4.5) 

As can be observed, housing expenditure is expressed as a function of the price p and 

income 𝐼, with no need for physical measurement of housing consumption. As stated 

by Brueckner (2011), one of the regularities of urban spatial structure is that the price 

per square foot of housing floor space 𝑝 declines as distance to the CBD 𝑥 increases. It 

is supposed to be a convex relationship, with a marginally decreasing effects of the 

housing price with respect to distance to CBD. By using an exponential function to 

represent relationship between 𝑝 and 𝑥, we could obtain the following expression of 

housing expenditure: 

𝐸ℎ𝑜𝑢𝑠𝑒 = 𝛼𝑝𝛽+1𝐼𝜃 = 𝛼(𝑒−𝑎𝑥+𝑏)𝛽+1𝐼 𝜃 = 𝑒−𝜆𝑥+𝛾𝐼𝜃                                  (4.6) 

4.2.2 Second stage model: time allocation decision 
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After determining housing location 𝑥 and car ownership 𝑛 in the first stage, we can 

proceed to compute the average daily travel distance 𝐷𝑖 based on a regression model 

(Giuliano and Dargay, 2006),  

𝐷𝑖 = 𝛽𝑖𝑍𝑖 + 𝜉𝑖𝑥 + 𝜚𝑖𝐴𝑖                                                                                         (4.7) 

where 𝑍𝑖  is a set of household and individual level characteristics for member 𝑖 , 

including socio-demographic variables, socio-economic variables and so on; 𝛽𝑖  is 

coefficient vector representing the impact of socio-demographic variables. 𝜉𝑖  is the 

coefficient reflecting the influence of housing location choice. 𝐴𝑖 denotes household 

member 𝑖 ’s access to cars with coefficient 𝜚𝑖 . Mathematically, 𝐴𝑖  is a product of 

household car level and household member 𝑖’s driving license holding status (indicated 

by 𝛿𝑖; it equals 1 if spouse 𝑖 has driving license and 0 otherwise), namely, 𝐴𝑖 = 𝛿𝑖 ∙ 𝑛.  

Then the daily travel time of individual i is calculated as,  

𝑇𝑖
𝑡 =

𝑃𝑖𝐷𝑖

𝑣𝑐𝑎𝑟
+

(1 − 𝑃𝑖)𝐷𝑖

𝑣𝑜𝑡ℎ𝑒𝑟
                                                                                 (4.8) 

where 𝑣𝑐𝑎𝑟 represents the average travel speed by car and 𝑣𝑜𝑡ℎ𝑒𝑟 represents the average 

travel speed by other modes (except auto). 𝑃𝑖 denotes household member i's car usage 

probability. For households without cars, 𝑃𝑖  is assigned 0. For households with cars, 

𝑃𝑖 is calculated based on the driving license holding of household member i and the 

travel distance of household members. If only husband/wife has driving license, then 

𝑃𝑖=1 for the head with driving license and 0 for the head without driving license. If 

both heads have driving license, then 𝑃𝑖 is assigned based on the travel distances of 

household heads, namely, 𝑃𝑖 = 𝑚𝑖𝑛(𝐷𝑖/(𝐷ℎ + 𝐷𝑤) ∙ 𝑛, 1).   

The derived travel time will be input to the following computation of allocated time for 

activity participation.  
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𝑀𝑎𝑥    𝐺𝑈𝐹̅̅ ̅̅ ̅̅ = ∑∑𝜔𝑖𝑢𝑖
𝑗
ln (𝑇𝑖

𝑗
+ 1)

𝑗𝑖

  (𝑖 = ℎ,𝑤;  𝑗 = ℎ𝑜𝑚, 𝑖𝑛𝑑, 𝑗𝑛𝑡)        (4.9) 

 𝑇𝑖
𝑠𝑢𝑏 + 𝑇𝑖

ℎ𝑜𝑚 + 𝑇𝑖
𝑖𝑛𝑑 + 𝑇𝑗𝑛𝑡 + 𝑇𝑖

𝑡 = 𝑇𝑖    (∀𝑖 = ℎ,𝑤)                         (4.10) 

where 𝑤𝑖 is the weight of household member i's time utility. 𝑢𝑖
𝑗
 is the baseline time 

utility for member i's engagement in activity j. Time allocation for all the activities 

subject to the limitation of total available time 𝑇𝑖  for individual i (equation (4.10)).  

𝑇𝑖
𝑠𝑢𝑏 is the time for subsistence activities. Husband and wife joint out-of-home time 

use should be the same, which suggests 𝑇𝑗𝑛𝑡 = 𝑇ℎ
𝑗𝑛𝑡

= 𝑇𝑤
𝑗𝑛𝑡

.    

4.2.3 Solution approach 

To obtain utilitarian solutions for the proposed two stage model, starting from the 

second stage under given housing and car ownership choices from the first stage, 

calculate travel time for individual 𝑖  by equation (4.7)-(4.8) and input it into time 

allocation model (4.9)-(4.10). The objective function (4.9) is equivalent to the 

following transformation,  

𝑀𝑎𝑥    ∑∑𝜔𝑖𝑢𝑖
𝑗
𝑙𝑛 (𝑇𝑖

𝑗
+ 1)

𝑗𝑖

= ∑∑𝜔𝑖𝑢𝑖
𝑗
𝑙𝑛

3(𝑇𝑖
𝑗
+ 1)

𝑇𝑖
+ ∑∑𝜔𝑖𝑢𝑖

𝑗
𝑙𝑛

𝑇𝑖

3
𝑗𝑖𝑗𝑖

                  (4.11) 

Apply second Taylor approximation to 𝑙𝑛 items in equation (4.11) to obtain analytical 

solution (justification for this approximation is given in Appendix B1), which will 

make the calibration process operable, and then the objective function becomes,  

𝑀𝑎𝑥  ∑∑𝜔𝑖𝑢𝑖
𝑗
[(

3(𝑇𝑖
𝑗
+ 1)

𝑇𝑖
− 1) −

1

2
(
3(𝑇𝑖

𝑗
+ 1)

𝑇𝑖
− 1)

2

]

𝑗𝑖

+ ∑∑𝜔𝑖𝑢𝑖
𝑗
𝑙𝑛

𝑇𝑖

3
𝑗𝑖

                                                                       (4.12) 
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Substitute time constraint (4.10) into the second stage maximization problem, the 

following KKT conditions can be obtained,  

2𝑢ℎ
ℎ𝑜𝑚 −

3𝑢ℎ
ℎ𝑜𝑚(𝑇ℎ

ℎ𝑜𝑚 + 1)

𝑇ℎ

− 2𝑢ℎ
𝑖𝑛𝑑 +

3𝑢ℎ
𝑖𝑛𝑑(𝑇ℎ − 𝑇ℎ

𝑠𝑢𝑏 − 𝑇ℎ
ℎ𝑜𝑚 − 𝑇𝑗𝑛𝑡 − 𝑇ℎ

𝑡 + 1)

𝑇ℎ

= 0 

2𝑢𝑤
ℎ𝑜𝑚 −

3𝑢𝑤
ℎ𝑜𝑚(𝑇𝑤

ℎ𝑜𝑚 + 1)

𝑇𝑤

− 2𝑢𝑤
𝑖𝑛𝑑 +

3𝑢𝑤
𝑖𝑛𝑑(𝑇𝑤 − 𝑇𝑤

𝑠𝑢𝑏 − 𝑇𝑤
ℎ𝑜𝑚 − 𝑇𝑗𝑛𝑡 − 𝑇𝑤

𝑡 + 1)

𝑇𝑤

= 0 

∑(−2𝜔𝑖𝑢𝑖
𝑖𝑛𝑑

1

𝑇𝑖

+
3𝑤𝑖𝑢𝑖

𝑖𝑛𝑑(𝑇𝑖 − 𝑇𝑖
𝑠𝑢𝑏 − 𝑇𝑖

ℎ𝑜𝑚 − 𝑇𝑗𝑛𝑡 − 𝑇𝑖
𝑡 + 1)

(𝑇𝑖)
2

+ 2𝜔𝑖𝑢𝑖
𝑗𝑛𝑡 1

𝑇𝑖

−
3𝑤𝑖𝑢𝑖

𝑗𝑛𝑡(𝑇𝑗𝑛𝑡 + 1)

(𝑇𝑖)
2

)

𝑖

= 0 

(4.13) 

Solving the above equation set, we can obtain the expression of optimal time allocation 

pattern ( 𝑇ℎ
ℎ𝑜𝑚∗ ,𝑇𝑤

ℎ𝑜𝑚∗ ,𝑇𝑗𝑛𝑡∗ , 𝑇ℎ
𝑖𝑛𝑑∗ , 𝑇𝑤

𝑖𝑛𝑑∗ ).  See appendix B2 for the specific 

expression of the optimal solution.  

After obtaining the optimal time allocation pattern for the second stage, substitute it 

into the first stage model. A similar transformation could be made to the time related 

𝑙𝑛 items in the first stage objective function equation (4.1) as that of the second stage. 

Since housing expenditure 𝐸ℎ𝑜𝑢𝑠𝑒  will be far higher than ￥1, 𝐸ℎ𝑜𝑢𝑠𝑒 + 1  can be 

treated as 𝐸ℎ𝑜𝑢𝑠𝑒, and substitute the expression of 𝐸ℎ𝑜𝑢𝑠𝑒 in equation (4.6) into the first 

stage objective function equation (4.1). Besides,  𝑙𝑛(𝐸𝑜𝑡ℎ𝑒𝑟 + 1) − 𝑙𝑛𝐼 can be further 

written as 𝑙𝑛 [1 −
𝐸𝑐𝑎𝑟+𝐸ℎ𝑜𝑢𝑠𝑒−1

𝐼
]  by introducing the monetary constraint (equation 

(4.2)). As 0 <
𝐸𝑐𝑎𝑟+𝐸ℎ𝑜𝑢𝑠𝑒−1

𝐼
< 1 , second Taylor approximation can be applied to 

𝑙𝑛 [1 −
𝐸𝑐𝑎𝑟+𝐸ℎ𝑜𝑢𝑠𝑒−1

𝐼
], we can obtain the following approximated objective function, 
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𝑀𝑎𝑥  𝐺𝑈𝐹′

= 𝑡 ∑ ∑𝜃𝑖𝑗 [(
3(𝑇𝑖

𝑗
+ 1)

𝑇𝑖

− 1) −
1

2
(
3(𝑇𝑖

𝑗
+ 1)

𝑇𝑖

− 1)

2

]

𝑗𝑖

+ 𝑡 ∑∑𝜃𝑖𝑗𝑙𝑛
𝑇𝑖

3
𝑗𝑖

+ 𝜗𝑐𝑎𝑟𝑙𝑛(𝐸𝑐𝑎𝑟 + 1)

+ 𝜗ℎ𝑜𝑢𝑠𝑒(−𝜆𝑥 + 𝛾 + 𝜃𝑙𝑛𝐼) + 𝜗𝑜𝑡ℎ𝑒𝑟 [−
𝐸𝑐𝑎𝑟 + 𝐸ℎ𝑜𝑢𝑠𝑒 − 1

𝐼
−

1

2
(
𝐸𝑐𝑎𝑟 + 𝐸ℎ𝑜𝑢𝑠𝑒 − 1

𝐼
)

2

]

+ 𝜗𝑜𝑡ℎ𝑒𝑟𝑙𝑛𝐼                                                                                                                                                      (4.14) 

then the optimal solution for housing choice 𝑥∗ under car level 𝑛 can be obtained,  

𝑥∗

=

∑ ∑ 𝑡𝜃𝑖𝑗 (2 −
3(𝐶𝑖𝑗

𝑎 + 1)

𝑇𝑖
) ∙

3𝐶𝑖𝑗
𝑏

𝑇𝑖
𝑗𝑖 − 𝜆𝜗ℎ𝑜𝑢𝑠𝑒 − 𝜗𝑜𝑡ℎ𝑒𝑟 ∙ (

𝑏1𝐼
𝜃

𝐼
+

(
𝑛 ∙ 𝑝𝑐𝑎𝑟𝑠

𝑙
− 1) 𝑏1𝐼

𝜃 +
1
2

𝑏2𝐼
2𝜃

𝐼2 )

[∑ ∑
9𝑡𝜃𝑖𝑗(𝐶𝑖𝑗

𝑏)
2

(𝑇𝑖)
2𝑗𝑖 + 𝜗𝑜𝑡ℎ𝑒𝑟 ∙ (

2𝑎1𝐼
𝜃

𝐼
+

2(𝐸𝑐𝑎𝑟 − 1)𝑎1𝐼
𝜃 + 𝑎2𝐼

2𝜃

𝐼2 )]

  

        (4.15) 

where 𝐶𝑖𝑗
𝑎  and 𝐶𝑖𝑗

𝑏  are functions of known variables. 𝑥∗  is a function of car level 𝑛. 

Replace 𝑥∗  back into  𝐺𝑈𝐹′ , a conditional indirect utility 𝑉𝑛  for car level 𝑛  can be 

obtained. (See appendix B3 for the detailed calculation process) 

4.3 Model estimation 

We assume error terms exist in the first stage model as well as second stage model. 

Theoretically, these error terms might be correlated with each other. Due to the 

econometric challenge that the calibration would be intractable when taking the mutual 

correlations into account, we assume error terms from the first stage and second stage 

are independent and adopt sequential estimation procedure. That is, start with the 

second stage estimation and then input second stage estimates into the first stage model. 

Similar assumption was previously made by other researchers as well (e.g. Jara-Díaz 

and Guevara, 2003), and it can be relaxed in future study by devoting more efforts to 

investigate the linkages between error terms for simultaneous estimation. 
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4.3.1 Second stage estimation 

Assume an additive error term in baseline utility 𝑢𝑖
𝑗
,  

𝑢𝑖
𝑗
= 𝑣𝑖

𝑗
+ 휀𝑖

𝑗
= 𝑓𝑖

𝑗
(𝛽𝑖

𝑗
, �̃�𝑖

𝑗
) + 휀𝑖

𝑗
          ∀ 𝑖 = ℎ,𝑤   𝑗 = ℎ𝑜𝑚, 𝑖𝑛𝑑, 𝑗𝑛𝑡      (4.16) 

where 𝛽𝑖
𝑗
 is the vector of coefficients associated with socioeconomic variables �̃�𝑖

𝑗
 

through function 𝑓𝑖
𝑗

. We further assume error terms  휀𝑖
𝑗

 are independently and 

identically standard normal distributed, then the joint density function can be written 

as,  

𝑔(휀ℎ
ℎ𝑜𝑚, 휀ℎ

𝑖𝑛𝑑, 휀ℎ
𝑗𝑛𝑡

, 휀𝑤
ℎ𝑜𝑚, 휀𝑤

𝑖𝑛𝑑 , 휀𝑤
𝑗𝑛𝑡

)

=
1

(√2𝜋)
6 𝑒−

( ℎ
ℎ𝑜𝑚)

2
+( ℎ

𝑖𝑛𝑑)
2
+( ℎ

𝑗𝑛𝑡
)
2
+( 𝑤

ℎ𝑜𝑚)
2
+( 𝑤

𝑖𝑛𝑑)
2
+( 𝑤

𝑗𝑛𝑡
)
2

2                         (4.17) 

Let 𝜙1 = 휀ℎ
𝑖𝑛𝑑, 𝜙2 = 휀𝑤

𝑖𝑛𝑑, 𝜙3 = 휀𝑤
𝑗𝑛𝑡

. From KKT conditions in equation set (4.13), we 

can obtain  

휀ℎ
ℎ𝑜𝑚 = 𝐵1 + 𝐵2𝜙1 

휀𝑤
ℎ𝑜𝑚 = 𝐵3 + 𝐵4𝜙2 

휀ℎ
𝑗𝑛𝑡

= 𝐵5𝜙1 + 𝐵6𝜙2 − 𝐵7𝜙3 + 𝐵8                                                                   (4.18) 

where  �̅� = 𝜔ℎ/𝜔𝑤, 

𝐵1 =
[2𝑇ℎ−3(𝑇ℎ−𝑇ℎ

𝑠𝑢𝑏−𝑇ℎ
ℎ𝑜𝑚−𝑇𝑗𝑛𝑡−𝑇ℎ

𝑡+1)]𝑣ℎ
𝑖𝑛𝑑

(2𝑇ℎ−3𝑇ℎ
ℎ𝑜𝑚−3)

− 𝑣ℎ
ℎ𝑜𝑚    𝐵2 =

[2𝑇ℎ−3(𝑇ℎ−𝑇ℎ
𝑠𝑢𝑏−𝑇ℎ

ℎ𝑜𝑚−𝑇𝑗𝑛𝑡−𝑇ℎ
𝑡+1)]

(2𝑇ℎ−3𝑇ℎ
ℎ𝑜𝑚−3)

 

𝐵3 =
[2𝑇𝑤−3(𝑇𝑤−𝑇𝑤

𝑠𝑢𝑏−𝑇𝑤
ℎ𝑜𝑚−𝑇𝑗𝑛𝑡−𝑇𝑤

𝑡 +1)]𝑣𝑤
𝑖𝑛𝑑

(2𝑇𝑤−3𝑇𝑤
ℎ𝑜𝑚−3)

− 𝑣𝑤
ℎ𝑜𝑚    𝐵4 =

[2𝑇𝑤−3(𝑇𝑤−𝑇𝑤
𝑠𝑢𝑏−𝑇𝑤

ℎ𝑜𝑚−𝑇𝑗𝑛𝑡−𝑇𝑤
𝑡 +1)]

(2𝑇𝑤−3𝑇𝑤
ℎ𝑜𝑚−3)

 

𝐵5 =
[2𝑇ℎ−3(𝑇ℎ−𝑇ℎ

𝑠𝑢𝑏−𝑇ℎ
ℎ𝑜𝑚−𝑇𝑗𝑛𝑡−𝑇ℎ

𝑡+1)]

[2𝑇ℎ−3𝑇𝑗𝑛𝑡−3]
         𝐵6 =

(𝑇ℎ)2[2𝑇𝑤−3(𝑇𝑤−𝑇𝑤
𝑠𝑢𝑏−𝑇𝑤

ℎ𝑜𝑚−𝑇𝑗𝑛𝑡−𝑇𝑤
𝑡 +1)]

�̅�(𝑇𝑤)2[2𝑇ℎ−3𝑇𝑗𝑛𝑡−3]
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𝐵7 =
(𝑇ℎ)2[2𝑇𝑤−3𝑇𝑗𝑛𝑡−3]

�̅�(𝑇𝑤)2[2𝑇ℎ−3𝑇𝑗𝑛𝑡−3]
               

𝐵8 =
[2𝑇ℎ−3(𝑇ℎ−𝑇ℎ

𝑠𝑢𝑏−𝑇ℎ
ℎ𝑜𝑚−𝑇𝑗𝑛𝑡−𝑇ℎ

𝑡+1)]𝑣ℎ
𝑖𝑛𝑑

[2𝑇ℎ−3𝑇𝑗𝑛𝑡−3]
+

(𝑇ℎ)2[2𝑇𝑤−3(𝑇𝑤−𝑇𝑤
𝑠𝑢𝑏−𝑇𝑤

ℎ𝑜𝑚−𝑇𝑗𝑛𝑡−𝑇𝑤
𝑡 +1)]𝑣𝑤

𝑖𝑛𝑑

�̅�(𝑇𝑤)2[2𝑇ℎ−3𝑇𝑗𝑛𝑡−3]
      

−
(𝑇ℎ)2[2𝑇𝑤−3𝑇𝑗𝑛𝑡−3]𝑣𝑤

𝑗𝑛𝑡

�̅�(𝑇𝑤)2[2𝑇ℎ−3𝑇𝑗𝑛𝑡−3]
− 𝑣ℎ

𝑗𝑛𝑡
  

Substitute equation set (4.18) into the joint density function (4.17), we can get  

𝑓(𝑇ℎ
ℎ𝑜𝑚∗, 𝑇𝑤

ℎ𝑜𝑚∗, 𝑇𝑗𝑛𝑡∗, 𝜙1, 𝜙2, 𝜙3; 𝛽𝑖
𝑗
, �̅�)     

=
1

(√2𝜋)6
𝑒𝑥𝑝 {(−

1

2
) [(𝐵1 + 𝐵2𝜙1)

2 + (𝜙1)
2 + (𝐵5𝜙1 + 𝐵6𝜙2 − 𝐵7𝜙3 + 𝐵8)

2 +

(𝐵3 + 𝐵4𝜙2)
2 + (𝜙2)

2 + (𝜙3)
2]} |𝐽|                                                            (4.19) 

where the Jacobian determinant 𝐽 = |
𝜕( ℎ

ℎ𝑜𝑚, ℎ
𝑖𝑛𝑑, ℎ

𝑗𝑛𝑡
, 𝑤

ℎ𝑜𝑚, 𝑤
𝑖𝑛𝑑, 𝑤

𝑗𝑛𝑡
)𝑇

𝜕(𝑇ℎ
ℎ𝑜𝑚∗,𝑇𝑤

ℎ𝑜𝑚∗,𝑇𝑗𝑛𝑡∗,𝜙1,𝜙2,𝜙3)
|.  

The marginal density function of random vector (𝑇ℎ
ℎ𝑜𝑚∗, 𝑇𝑤

ℎ𝑜𝑚∗, 𝑇𝑗𝑛𝑡∗) can be derived 

by performing the following triple integration,  

𝑓(𝑇ℎ
ℎ𝑜𝑚∗, 𝑇𝑤

ℎ𝑜𝑚∗, 𝑇𝑗𝑛𝑡∗; 𝛽𝑖
𝑗
, �̅�) = ∭𝑓(𝑇ℎ

ℎ𝑜𝑚∗, 𝑇𝑤
ℎ𝑜𝑚∗, 𝑇𝑗𝑛𝑡∗, 𝜙1, 𝜙2, 𝜙3; 𝛽𝑖

𝑗
, �̅�)𝑑𝜙1𝑑𝜙2𝑑𝜙3

+∞

−∞

 

=
1

(√2𝜋)3
∙

1

√𝐸1
∙

1

√𝐺1
∙

1

√𝐼1
∙

1

4(𝐺1)2
𝑒−

𝐼3
2 {𝐻6 [−

𝐼2

(𝐼1)2
(
3

2
+

(𝐼2)2

8𝐼1
)] + 𝐻7 [

1

𝐼1
(1 +

(𝐼2)2

4𝐼1
)] +

𝐻8 (−
𝐼2

2𝐼1
) + 𝐻9}                                          (4.20) 

See appendix B4 for the detailed expression of 𝑓(𝑇ℎ
ℎ𝑜𝑚∗, 𝑇𝑤

ℎ𝑜𝑚∗, 𝑇𝑗𝑛𝑡∗; 𝛽𝑖
𝑗
, �̅�). 

Introducing index g for household, the log-form maximum likelihood function can be 

written as,  
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𝐿(𝛽𝑖
𝑗
, �̅�) = ∑𝑙𝑛𝑓(𝑇ℎ

ℎ𝑜𝑚∗, 𝑇𝑤
ℎ𝑜𝑚∗, 𝑇𝑗𝑛𝑡∗; 𝛽𝑖

𝑗
, �̅�)

g

                                           (4.21) 

where 𝛽𝑖
𝑗
= (𝛽𝑖0

𝑗
, 𝛽𝑖1

𝑗
, … , 𝛽𝑖𝐻

𝑗
) is a vector of parameters associated with socio-economic 

variables.  

Besides, parameters in the multiple regression of daily travel distance for female and 

female head expressed in equation (4.7) can be estimated by ordinary least square 

method (OLS).  

4.3.2 First stage estimation 

Before carrying out the first stage estimation, estimate the parameters for housing 

expenditure functions expressed in equation (A.1) and (A.2) first, and they will serve 

as inputs for the first stage model estimation together with estimates from the second 

stage model.  

In the first stage model, decisions include both discrete variable of car level 𝑛 and 

continuous variable of housing location 𝑥 (measured by residential distance to CBD). 

It is assumed that an additive IID Gumbel (0,1) distributed error term 휀𝑛 is associated 

with car ownership choice and an additive normal 𝑁(0, 𝜎2) distributed error term 𝜂 is 

associated with housing decision. Lee’s (1983) approach is adopted for the estimation 

of this discrete/continuous econometric model that takes into account the correlation 

between unobserved factors affecting discrete and continuous variables.  

For the discrete car ownership choice under certain housing location 𝑥, car level 𝑛 will 

be chosen if its utility is the highest among other alternative car levels, namely,  

𝑈𝑛 ≥ max
∀𝑘

𝑘≠𝑛

𝑈𝑘          (𝑛 = 0,1,2…𝑁)                                                  (4.22)         

It can be rewritten as, 
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𝑉𝑛 ≥ (max
∀𝑘

𝑘≠𝑛

𝑈𝑘 − 휀𝑛) ≡ 𝛾𝑛                                                                       (4.23)                                                                          

The maximum of 𝑈𝑘  is Gumbel-distributed, and the difference between two 

independent Gumbel terms is Logistically distributed; therefore, 𝛾𝑛 follows a Logistic 

distribution (Ben-Akiva and Lerman, 1985). The above inequality is equivalent to the 

following transformation,  

Φ−1[𝐹(𝑉𝑛)] ≥ Φ−1[𝐹(𝛾𝑛)]                                                                                     (4.24) 

where  𝐹 is the Logistic distribution function and Φ−1 is the inverse Normal function.   

Let 𝑒𝑛 define the normalized error term associated with housing choice, and ℎ𝑛 denote 

the error of discrete car ownership choice conditional on occurrence of continuous 

housing choice,  

𝑒𝑛 =
𝑥 − 𝑥∗

𝜎
                                                                                                            (4.25) 

ℎ𝑛 =
Φ−1(𝐹(𝑉𝑛)) − 𝜌𝑛𝑒𝑛

√1 − (𝜌𝑛)2
                                                                                   (4.26) 

where 𝑥 is the observed residential distance to CBD. 𝜌𝑛 is the correlation coefficient 

between unobserved factors affecting car ownership and housing choices. Let 𝐷𝑔𝑛 be 

a dummy variable that is equal to one if household 𝑔 chooses car ownership n and zero 

otherwise. Then the log-form full information likelihood function can be written as, 

𝑙𝑛𝐿 = ∑∑𝐷𝑔𝑛𝑙𝑛

𝑛𝑔

[
1

𝜎
𝜙(𝑒𝑛) ∙ Φ(ℎ𝑛)]                                                            (4.27) 

4.4 Empirical analysis 
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4.4.1 Data source and sample formation 

Beijing, the capital of China, is a city with strong monocentric characteristics. Since 

1949, centered around Tian’anmen Square, a system of ring roads has been constructed. 

The 2nd, 3rd, 4th, 5th and 6th Ring Roads have been successively built under the city’s 

expansion, as shown in figure 4.2. With Tian’anmen Square being the city center, the 

average radius of these five ring roads are around 4km, 7km, 10km, 15km and 25km 

respectively. To improve transport linkages between the suburban areas and central 

areas, eight radial expressways have been constructed. The subway network also 

follows a ring-and-radial pattern, with a mixture of loop lines and radial lines (Huang 

et al, 2015). According to the administrative divisions of Beijing, there are 6 urban 

areas (Dongcheng, Xicheng, Chaoyang, Haidian, Fengtai, Shijingshan), 6 inner 

suburban areas (Mengtougou, Fangshan, Tongzhou, Shunyi, Changping, Daxing) and 

4 outer suburban areas (Huairou, Pinggu, Miyun, Yanqing)10.  

                                                 

 

10 Information source: https://en.wikipedia.org/wiki/Beijing 
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Figure 4.2 The map of Beijing 

The data source used for this analysis is the activity-travel survey on households in 

Beijing from November 2011 to June 2012. The sampled areas cover all the 6 urban 

and 6 inner suburban areas of Beijing. Generally, the dataset contains information about 

individual and household level socio-demographic and socio-economic characteristics, 

as well as activity-travel diary of individuals. Within all the surveyed households, only 

double-head households that have purchased a house are selected. As a result, 344 

respondents from 209 households became the final set of samples after elimination of 

unsuitable data. Figure 4.2 presents the spatial distribution of these 209 households. In 

the selected households, residential distance to CBD (Tiananmen Square) ranges from 

0.52 to 48.39 km, with a mean value of 14.31 km. Table 4.1 provides a summation of 

other important individual and household level characteristics incorporated in the 

proposed model.  
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Table 4.1 Sample profile of individual and household level characteristics 

Variable Classification 
Individual characteristics 

Male head Female head 

  Frequency Percentage Frequency Percentage 

Age 

19-39 80 38.3% 96 45.9% 

40-59 122 58.4% 110 52.6% 

>59 7 3.3% 3 1.4% 

Education 

Lower than bachelor 

degree 
134 64.1% 150 71.8% 

Bachelor degree or higher 75 35.9% 59 28.2% 

Driving license  
Yes 153 73.2% 79 37.8% 

No 56 26.8% 130 62.2% 

In-home activity time Daily average 6.87(h) 7.84(h) 

Out-of-home ind time Daily average 0.96(h) 1.12(h) 

Out-of-home joint time Daily average 0.21(h) 0.21(h) 

Travel time Daily average  1.35(h) 1.27(h) 

 Household characteristics 

  Frequency Percentage 

Car ownership 

0 126 60.3% 

1 77 36.8% 

2 5 2.4% 

3 1 0.5% 

Household size 

2 64 30.6% 

3 41 19.6% 

4  75 35.9% 

5 29 13.9% 

Monthly household 

income11 

<=5,999 19 9.1% 

6,000-9,999 54 25.8% 

10,000-19,999 103 49.3% 

>=20,000 33 15.8% 

Presence of child under 

11 

Yes 59 28.2% 

No 150 71.8% 

                                                 

 

11 It corresponds to a classification of four income groups: Low-income, Lower-middle income, Upper-

middle income, High-income. This classification is used by the World Bank. Please refer to:  

http://datatopics.worldbank.org/world-development-indicators/stories/the-classification-of-countries-

by-income.html . 

http://datatopics.worldbank.org/world-development-indicators/stories/the-classification-of-countries-by-income.html
http://datatopics.worldbank.org/world-development-indicators/stories/the-classification-of-countries-by-income.html
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4.4.2 Specification of variables 

Some inputs required for calibrating the proposed model are not readily available from 

the collected data. Originally, the activity-travel diary includes 33 kinds of non-travel 

activities. These non-travel activities (except sleep) are aggregated into three main 

categories, including in-home activities, independent out-of-home activities without 

the company of the other spouse, and joint out-of-home activities with the involvement 

of both spouses. If households own cars, car price will be gained directly from the data; 

for households that do not own cars, an average car price will be assigned. For 𝑍𝑖 in 

equation (4.7), we consider attributes including household size, presence of child under 

11, household income, household head i's age, education level, hukou holding 12 , 

employment status, total available time and working time.  

In order to define the function 𝑓𝑖
𝑗
 of baseline utility, an exponential form is adopted to 

ensure its positivity. With reference to earlier studies (e.g. Wang and Li, 2009) and 

after carrying out a systematic process of eliminating insignificant variables, the 

following five socio-economic variables expressed by 𝑥𝑖ℎ
𝑗

 are selected: education level 

of household heads, household size, presence of child under 11, household income and 

age of household heads are selected. The baseline utility is defined as 

𝑣𝑖
𝑗
= 𝑓𝑖

𝑗
(𝛽𝑖

𝑗
, �̃�𝑖

𝑗
) = exp(𝛽𝑖0

𝑗
+ ∑𝛽𝑖ℎ

𝑗

ℎ

𝑥𝑖ℎ
𝑗
),   ∀ 𝑖 = ℎ,𝑤   𝑗 = ℎ𝑜𝑚, 𝑖𝑛𝑑, 𝑗𝑛𝑡  (4.28) 

                                                 

 

12  The hukou system is the household registration system in China designed not only to provide 

population statistics and identify personal status, but also act as an important social control for regulating 

population mobility. It affects people’s access and entitlement to government-provided benefits and 

opportunities, including housing, employment, car ownership, education, etc. 
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4.4.3 Results of model estimation 

Table 4.2 presents the estimation results of the second stage time allocation model 

using maximum likelihood method. Generally, the statistical results are satisfactory 

and the estimated parameters have reasonable values. It can be noted that education 

level positively and significantly influences both husband’s and wife’s time 

expenditure on in-home activities, but negatively influence their engagement in joint 

out-door activities, especially significant on the joint out-of-home activity participation 

of female head. When there are more household members, both male and female head 

tend to spend less time at home, and undertake more outdoor joint activities. The effect 

is more significant for female head, indicating female heads in large households usually 

have higher baseline propensity to perform outdoor activities with companion. 

However, when there are children in a household, both spouses will spend substantially 

more time on in-home activities, as well as more time on outdoor activities, which is 

probably due to the intensive childcare required and they might sleep less as a result. 

Previously, Bhat (2005) also revealed that the presence of young children had positive 

effects on adults’ baseline preference for out-of-home activity participation. With 

regard to household income, it is negatively related to both the in-home and out-of-

home joint activity participation of both heads, which may be a result of high 

percentage of time devoted to work to earn more money and thus the remaining time 

for other activity participation is reduced. As both household heads get older, they tend 

to increase their time expenditure on in-home activities and reduce outdoor activities. 

It is in consistency with findings reported by other researchers (Bhat and Misra, 1999; 

Lu and Pas, 1999; Zhang et al., 2002). The weight suggests that male head generally 

has slightly higher power or influence than their female counterpart in joint decision-

making.  
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Table 4.2 Estimation results of the time allocation model 

Variables 
Male head  Female head 

Estimates t score  Estimates t score 

In-home activity      

Constant  0.8913      1.9867**   0.2527     0.3516  

Education  0.1570      2.0667**    0.1927      2.4761**  

Household size -0.0492 -1.2832   -0.0763     -1.9778**  

Presence of child under 11  1.1358      2.2261**    0.9586      4.9497**  

Household income -0.0470     -2.0146**   -0.0570     -4.5145**  

Age of household head  0.0493      2.8001**    0.0666      5.7146**  

Out-of-home ind activity      

Constant  0.6452  1.6107    0.1115      0.1929  

Education -0.0011 -0.0199    0.0552      0.5878  

Household size  0.0122  0.2911   -0.0186     -0.2621  

Presence of child under 11  0.1708      2.0388**    0.1780      1.0918  

Household income -0.0035 -0.4755    0.0021      0.1767  

Age of household head -0.0043 -0.8247   -0.0081     -1.0304  

Out-of-home joint activity   
   

Constant  0.9240      2.0571**    0.9977      2.1352**  

Education -0.0200 -0.2595   -0.1877     -1.9763**  

Household size  0.0239  0.2641    0.0590      1.7505*  

Presence of child under 11  0.3199  1.5899    0.0121      0.0048  

Household income -0.0050 -0.3358   -0.1349     -2.4495**  

Age of household head -0.0189   -1.6877*   -0.2392     -3.9386**  

Weight   
 

  

�̅�    1.0874 10.4562** 

Summary statistics: number of observations=209; LR=577.8; 𝜌2=0.2230 

Note: * 0.1 significant level; ** 0.05 significant level 

Table 4.3 shows the estimated standardized coefficients in the multiple regression of 

daily travel distance for female and female head respectively (equation (4.7)). It can be 

noted that residential distance to CBD has a significant positive influence on the daily 

travel distance for both heads, indicating that dwellers live farther to CBD are likely to 

have longer daily travel distance, especially in cities that have strong monocentric 

characteristics like Beijing. It is in line with previous research findings, which claimed 

that the distance between home and the urban center was an important determinant of 



 

55 

 

  

travel distance (e.g. Næss et al., 1995; Hickman and Banister, 2004). When individuals 

have higher car access, they are more prone to travel for longer distance, because car 

usage facilitates their daily mobility and enables them to have relatively larger activity 

spaces (Schönfelder and Axhausen, 2003). The local residents (residents with Beijing 

hukou) are likely to have short travel distance in their daily life. This may be related to 

their residential distribution pattern and activity space, since local residents are likely 

to live closer to CBD, have better home-work proximity and better access to amenities 

than non-local residents, especially for those with local urban hukou (Zhao and Lu, 

2010). If people have more daily total time available (the time left after deducting 

sleeping time in a day), they are prone to travel for longer distance given the higher 

daily time budget.   

Table 4.3 Regression of daily travel distance for male head and female head 

 Male head Female head 

Household size  0.033 -0.024 

Presence of child under 11 -0.061  0.037 

Household income -0.023 -0.042 

Age of head -0.119*  0.022 

Education of head  0.107  0.258** 

Residential distance to CBD  0.198**  0.171* 

Car access  0.241***  0.168** 

Hukou (1=local, 0=other)  -0.089 -0.126* 

Employment (1=employed, 0=other) -0.016  0.049 

Daily total time (except sleep)  0.225**  0.148* 

Subsistence time  0.176*  0.180 

R2  0.324  0.330 

⁎ Significant at 0.05; ⁎⁎ Significant at 0.01;⁎⁎⁎ Significant at 0.001. 

Table 4.4 presents the estimated results of first stage parameters according to the 

aforementioned estimation approach for discrete/continuous model, and the 

independence between unobserved factors affecting discrete and continuous decisions 
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was considered as the base alternative in likelihood ratio test. It can be observed that 

activity parameters and monetary cost parameters are positively related to household 

utility function, reflecting that these time and money expenditures are pleasant 

experiences for household members (Zhang et al., 2002; Wang and Li, 2009). It can be 

noted that housing expenditure is much more significantly different from zero. This is 

in accordance with the realistic situations that households need to spend at least a 

certain amount of money on housing, but households without cars do not have car 

expenditure.  

Table 4.4 Estimation results of the housing and car ownership model 

Variables 
Estimated parameter (t-stat) 

Male head (t-stat) Female head (t-stat) 

Activity parameters   

In-home activity (𝜃𝑖ℎ𝑜𝑚) 0.080(2.754) 0.078(3.285) 

Out-of-home ind activity (𝜃𝑖ℎ𝑜𝑚) 0.081(1.075) 0.102(0.952) 

Out-of-home joint activity (𝜃𝑖𝑗𝑛𝑡) 0.089(1.502) 0.086(0.347) 

Monetary cost parameters  

Housing cost (𝜗ℎ𝑜𝑢𝑠𝑒) 0.080(16.775) 

Car cost (𝜗𝑐𝑎𝑟)                                   0.100(0.584) 

Other cost (𝜗𝑜𝑡ℎ𝑒𝑟) 0.623(11.011) 

Correlations (discrete/continuous)  

Zero car (𝜌0) -0.426(-1.154) 

One car (𝜌1) 0.442(1.173) 

Two cars (𝜌2) 0.023(0.320) 

Variance of distance to CBD (𝜎) 199.789(26.310) 

Summary statistics: number of observations=209; LR=555.0; 𝜌2 = 0.1827 

The rest of the parameters are related to the error structure of the model. Based on the 

data, only one household owned more than two cars (an extremely tiny percentage), so 

only n=0,1,2 are considered in estimating correlations between specific car levels and 

residential distance to CBD.  Negative 𝜌0 indicates that the unobserved factors make 

households live farther to CBD and have lower propensity to own 0 cars. Likewise, 

positive 𝜌1 or 𝜌2 signify that the unobserved factors tend to make households liver 

further to CBD more prone to own one or two cars. Although 𝜌2 is positive, but it is 
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less significant, largely due to the small percentage of households with more than one 

car, as shown in Table 4.1 (Tana et al., 2016).  The existing literature presents strong 

evidence of the positive correlation between residential distance to CBD and car 

ownership level (e.g. Shen et al., 2016; Tana et al., 2016; Zhang et al., 2017); because 

living farther to CBD generally necessitates longer travel distance, especially in a city 

with strong monocentric characteristics like Beijing, and then induces higher auto 

dependency.  

The calibrated parameters can be used to evaluate the performance of the proposed 

model by comparing predicted decision results with observed ones. Table 4.5 shows 

the predicted and observed choices on housing, car ownership and time allocations for 

five randomly selected households in the sample. The predicted time allocations are 

measured by hour and residential distance to CBD is measured by kilometer.  

Because one of the predicted variables is discrete in nature while the others are 

continuous in nature, different measures of fit are presented here (Bhat, 2005). The 

forecast accuracy of discrete variable (car ownership) is measured by the percentage of 

correct predictions across all households, and is computed to be 64.6%. For distance to 

CBD, the most widely used Mean Absolute Percentage Error (MAPE) is utilized for 

measurement, and the MAPE ratio is 28.5%. For the measurement of time allocation 

to activities, Mean Absolute Scaled Error (MASE) is used because some of the 

observed values are zero or close to zero, making MAPE inappropriate for evaluation 

(Hyndman and Koehler, 2006; Hyndman and Athanasopoulos, 2014). The MASE 

value for time allocation to activities is computed to be 0.73. Generally, the results are 

satisfactory, and the measures indicate reasonable prediction fits. But the result also 

suggests the possibility of missing factors, such as attitude/lifestyle preference toward 

housing location, car ownership and activity participation. Such factors can be 

accommodated if relevant information is collected in the data.     
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Table 4.5 Predicted and observed housing, car ownership and time allocations for five 

randomly selected households 

 Predicted (observed) value  

In-home 

activity(h) 

Out-of-home 

ind activity(h) 

Out-of-home 

joint activity(h) 

Housing 

(Distance to 

CBD, km) 

Car ownership 

Household I      

     Male head 9.29(10.00) 1.80(0.00) 
0.96(2.00) 0.46(2.27) 0(0) 

         Female head 9.24(10.67) 2.51(0.00) 

Household II      

     Male head 5.41(5.10) 0.23(0.67) 
0.00(0.00) 3.68(3.37) 0(1) 

     Female head 4.55(4.08) 0.19(0.75) 

Household III      

     Male head 5.84(5.00) 0.12(1.00) 
0.00(0.00) 5.87(5.06) 0(0) 

     Female head 5.36(4.67) 0.96(1.67) 

Household IV      

     Male head 6.10(5.47) 0.23(0.75) 
0.00(0.00) 11.16(10.40) 1(0) 

     Female head 5.63(5.00) 0.17 (0.75) 

Household V      

     Male head 8.23(7.17) 0.15(1.33) 
0.00(0.00) 23.42(19.47) 1(1) 

      Female head 10.05(12.83) 3.77(1.25) 

4.5 Discussion and conclusion 

This chapter developed a multi-dimensional model in a hierarchical temporal structure 

to study household members’ long-term decisions on housing and car ownership, and 

short-term time allocation decisions. To investigate how housing and car ownership 

decisions as a reflection of spouses’ lifestyle and mobility preferences are jointly made, 

a group decision-based approach that explicitly considers their interactions in decision 

making process was adopted. Specifically, the utilitarian approach (based on additive 

type of group utility function) will be adopted to model household members’ interactive 

and consensual decision-making concerning the long-term and short-term decisions. 

Because households may have limited money resource, the tradeoffs among 

expenditures on car, housing and other goods were captured by a monetary constraint. 

To incorporate the possible correlations between the error terms affecting discrete car 
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ownership choice and the error terms affecting continuous housing choice (measured 

by distance to CBD), a simultaneous estimation procedure was adopted for the 

estimation of the formulated discrete/continuous econometric model. A set of data 

collected in Beijing from 2011 to 2012 was applied to estimate parameters in the model 

and its applicability was demonstrated. The estimated parameters were reasonable and 

statistically satisfactory. Results showed that households were more prone to purchase 

cars when they live farther to CBD.  

The proposed model and results can be used to assist planners, researchers and policy-

makers to develop and implement effective strategies on relevant policy making, 

including policies on spatial distribution of households, housing and car ownership 

regulation, so as to foster a more sustainable urban development. For example, it can 

share insights on how households with different socio-economic backgrounds (e.g. 

household income, age, household size) choose their houses, car ownership and activity 

patterns; therefore, more appropriate policies could be designed to achieve desired 

objectives with better understanding of the potential responsive actions of various 

households.   

There are several aspects that can be explored for future research. First, short-term 

expenditures on travel and various activity participation can be explicitly included to 

analyze more diversified monetary expenditure tradeoffs. Second, relax the 

exogenously given employment location of workers to include the choice of workplace, 

which is supposed to influence both the temporal and monetary budget available for 

activity participation. Third, with regard to estimation of the proposed two-stage model, 

correlation of the error terms across the two stages is worthwhile to be investigated to 

address the econometric challenge of simultaneous estimation. Fourth, a dynamic time 

allocation model can be formulated for the second stage to account for the change of 

habitual travel and time allocation patterns.  
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Chapter 5 Modeling household car ownership and time 

allocation decisions: a Nash bargaining 

approach13 

5.1 Introduction and motivation 

In recent years, developing countries have experienced a rapid pace of motorization 

induced by high-speed economic development. Taking China as an example, in less 

than a decade, the overall number of private cars increased exponentially from 18.5 

million in 2005 to 88.4 million in 2012. In the same period, the number of private cars 

in Beijing, the capital of China, nearly tripled from 1.5 million (14.1% household car 

ownership) to 4.1 million (42.3% household car ownership). Due to the quick growth 

in vehicle ownership, serious traffic congestion and air pollution problems began to 

emerge. As a response, since 2008, the transportation authority in Beijing has been 

implementing the plate-number-based vehicle usage rationing policy. This policy aims 

to relieve traffic congestion as well as discourage car ownership. Specifically, it 

restricts the usage of vehicles with certain plate numbers on specific workdays14. To 

some extent, this policy intervention may contribute to curbing people’s desire to buy 

cars, but it may also turn out to drive rich people/households to buy additional cars so 

as to maintain access to cars (Goddard, 1999). Thus, it is necessary to devote research 

                                                 

 

13 This chapter has been published. Please refer to: Yao, M., Wang, D., & Yang, H. (2017). A game-

theoretic model of car ownership and household time allocation. Transportation Research Part B: 

Methodological, 104, 667-685. 

14 Information source: Official website of Beijing Traffic Management Bureau. 

http://www.bjjtgl.gov.cn/jgj/95332/127211/index.html 
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efforts to investigating the real effects of policies, such as the effects of vehicle usage 

rationing policy on vehicle ownership. In addition, literature has revealed that car usage 

inextricably linked to time allocation pattern (e.g., Golob et al., 1995; Ding et al., 2014).  

It is worth to be noted that car ownership plays a vital role in promoting and facilitating 

household members’ engagement in out-of-door activities and associated travel (Li et 

al., 2010). Although previous studies have frequently acknowledged the influence of 

car usage on time allocation patterns and the importance of investigating the decision 

mechanism of household car ownership, they barely tackle these questions: 1) how do 

household members make tradeoffs concerning spending money on cars to save travel 

time for activity participation; 2) to what extent will car usage impact household 

members’ daily time allocation to activities; 3) how will vehicle usage rationing 

policies impact household members’ car ownership decision and their resultant time 

allocation patterns, etc.   

5.1.1 Review on car ownership models 

In general, for static modelling, there are two lines of approaches to modelling car or 

auto ownership in the existing studies. The first line of approach applies the 

computationally efficient aggregate models that predict car ownership at zonal, 

regional or national level (see Jong et al., 2004 for a detailed review); while the second 

line of approach  makes use of the disaggregate models (often at household level), 

which usually treat single household as a decision making unit and explore the 

determinants of household car ownership, such as determinants associated with 

household social-economic and built environment attributes (Bhat and Pulugurta, 

1998). Because disaggregate modelling approach deals with individual households 

separately, Potoglou and Kanaroglou (2008) argued and demonstrated that it was more 

appropriate and preferable to be utilized in car ownership modeling, with advantages 

like reducing aggregation bias, estimating high precision model parameters, and 

capturing human behavior.  
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For modeling at the disaggregate level, when dealing with household car ownership 

problem itself or its interrelationship with other long-term/short-term choices, the form 

of discrete choice is normally adopted by disaggregate car ownership models because 

car ownership in nature is a categorical variable (Li et al., 2010; Pinjari et al., 2011). 

Depending on whether the ordinal nature of car numbers is employed in the modeling 

mechanism or not, the discrete choice over car ownership alternatives can be further 

divided into ordered-response models represented by ordered-response logit and 

ordered-response probit (Golob and Van Wissen, 1989; Bhat and Koppelman, 1993; 

Kim and Kim, 2004), and unordered-response models represented by multinomial logit 

(MNL) and multinomial probit (MNP) models. Ordered-response structure is 

advantageous in discerning unequal differences among ordinal categories of a 

dependent variable. However, Bhat and Pulugurta (1998) evidenced that unordered-

response structure could better represent and capture car ownership decision-making 

behavior in their empirical study. Multinomial logit model with unordered-response 

structure was most widely used for car ownership research (e.g. Lerman, 1976; Purvis, 

1994; Ryan and Han, 1999; Potoglou and Kanaroglou, 2008), and it has been 

successfully applied to various geographical areas since being initially introduced by 

Lerman and Ben-Akiva (1976). Nested logit model, as an extension of the MNL model, 

was used in multidimensional choice situations that jointly modeled car ownership 

choice and other interrelated choices, such as mode choice (Train, 1980) and vehicle 

type choice (Mannering and Winston, 1985). Further, the MNL model was used as the 

kernel model structure when applying decision theoretic approaches (through 

construction of household utility function) to examine household members’ 

interactions and collective choice on car size (Zhang et al., 2009). In addition, MNP 

model as another representative type of unordered-response model was also adopted 

by Bunch and Kitamura (1989) to predict auto ownership choice. But they stated that 

MNP model was less commonly used due to computational difficulties and burden 

associated with parameter estimation.  
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Apart from static modeling, in recent decade, researchers also began to model car 

ownership from a dynamic perspective. Roorda et al. (2009) tried to formulate an 

integrated model that combined dynamic vehicle transactions (purchasing new vehicles, 

disposing or replacing current vehicles) and activity scheduling/mode choice. The 

model considered intrahousehold interactions concerning vehicle allocation, 

ridesharing, and drop-off/pick-up of household members. Glerum et al. (2013) 

addressed multiple choice dimensions by embedding a discrete-continuous choice 

model into a dynamic programming framework, which allowed a joint modelling of 

transaction type, annual driving distance, fuel type and vehicle ownership status with 

respect to each vehicle in a household’s vehicle fleet. Cirillo et al. (2015) improved 

existing dynamic discrete choice models which utilized pure dynamic programming 

method. In their model, the optimal purchase time have to be decided and the quality 

of each vehicle type were assumed to change stochastically over time.  

However, the above-mentioned car ownership studies generally ignore the differences 

in individual preferences and intra-household interactions in reaching a consensus on 

car ownership choice (in terms of the number of cars to own). Usually, they treat a 

household as if it were an individual, regardless of the fact that intra-household 

interactions in decision-making have drawn research attention in recent years (Bhat and 

Pendyala, 2005; Timmermans and Zhang, 2009; De Palma et al., 2016). Indeed, 

household heads, children and other household members having divergent car 

ownership and car usage preferences may interact and bargain with each other to reach 

a consensual decision. Roorda et al. (2009) and Meister et al. (2005) had considered 

intrahousehold interactions concerning vehicle allocation and usage; however, the 

interaction mechanism of how household members with different preferences reach a 

final agreement on car ownership level were not explicitly addressed in their studies. 

Moreover, existing studies often view and investigate car ownership as an isolated 

household long-term decision, but car ownership and usage are revealed to significantly 

impact household members’ time allocation patterns (e.g. Zhang and Fujiwara, 2006; 
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Zhang et al., 2007; Wang and Li, 2009; Bee, 2016). Thus, it is necessary to examine 

car ownership decision from the perspective of time allocation. 

5.1.2 Review on time allocation models incorporating interactions    

Originated from the economic theories of family that study households’ resource 

allocation problem (Becker, 1965), substantial research efforts has been put to the 

development, operationalization and refinement of time allocation modeling over these 

decades (e.g. Kitamura, 1984; Kitamura et al., 1996; Bhat and Misra, 1999). The early 

unitary models typically assume and examine time allocation decision-making at 

individual level. Later on, it has been realized and stressed that household members do 

not make isolated decisions on activity participation in real situations, and they tend to 

interact with each other in several aspects (e.g. Golob and McNally, 1997; Bhat and 

Pendyala, 2005). The possible single- or multi-facet interactions among household 

members are normally through activity participation and resource allocation, which 

may include share of household responsibilities (such as maintenance responsibilities), 

joint participation in travel and non-travel activities, and share of limited household 

resources (e.g. limited cars in multi-driver households) (Timmermans, 2009).  

In order to accommodate the diversified interactions mentioned above, a variety of 

modeling methods have been developed and analyzed. The first method was to use 

structural equations model to study the interrelationships between household members’ 

time allocations to different types of out-of-home activities (Van Wissen and Meurs, 

1989), identify activity participation and travel interactions between household heads 

(Golob and McNally, 1997), and scrutinize individuals’ joint activity participation with 

both family members and non-family members (Fuji et al., 1999).   

Structural equation modeling is a good method for analyzing the interrelationships 

among household members’ engagement in various activities; however, it is unable to 

accommodate unordered multinomial discrete choice variables and cannot capture the 
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behavioral decision-making (Pendyala, 2009). Consequently, the second method that 

relies on discrete choice models drawn from random utility theory was utilized to 

explain the behavioral decision-making (e.g. Gliebe and Koppelman, 2001; 2002; 

Srinivasan and Athuru, 2005; Scott and Kanaroglou, 2002). For instance, Gliebe and 

Koppelman (2002) employed a nested choice structure that incorporated household 

members’ joint participation alternatives at the upper level and individuals’ 

independent participation alternatives at the lower level, so that interactions at both 

household and individual level could be captured. 

In consideration that discrete choice models cannot differentiate the importance of 

members in joint decision-making, the third method was proposed by Zhang et al. 

(2002), aiming to examine household group decision-making mechanism in a more 

behaviorally-oriented way. This approach utilizes group utility functions (GUF) 

originated from group decision theory to capture household members’ cooperative 

interactions in time allocation decisions. Two classes of group utility functions—the 

multilinear group utility function and iso-elastic group utility function—were 

introduced by Zhang et al. (2002; 2005a) to model household task allocation and time 

allocation. In essence, both these two classes are composite utilities that combine 

household members’ utilities in certain ways to reflect different interaction 

mechanisms. The additive-type utility function has been frequently used (e.g. Wang 

and Li, 2009). It is a special case of multilinear group utility function, which carries 

out a weighted summation of all members’ utilities. The additive-type household utility 

function bears a resemblance to the collective model in its form (Chiappori, 1992), but 

the latter requires Pareto efficiency due to the hypothesis of collective rationality. The 

collective model was employed by Kato and Matsumoto (2009) analyze household 

members’ joint time allocation decisions.   

The above decision-theoretic group decision-making mechanism is favorable to 

representing the cooperative interactions among household members in their time 
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allocation decisions. But they require binding forces to combined and aggregate 

household members’ individual utilities in some manner into group utility. Household 

members are assumed to make time allocation decisions jointly to maximize the group 

utility. As introduced in Chapter 3, there are other techniques that can be explored as 

well for better representation of individuals’ interactions in activity-based modeling 

and analysis. The necessity of incorporating new techniques (such as game theory 

approaches) in group decision-making modeling has been argued by Zhang and Daly 

(2009).  

It is also worth to be noted that most of the above-mentioned studies on time allocation 

problem did not devote efforts towards separating travel time from time allocated to 

non-travel activity participation. The line of research pioneered by Train and 

McFadden (1978) and further developed by other researchers have attempted to make 

a separation to evaluate travel time saving effects. These studies addressed decisions 

on travel mode and activity time assignment in a common microeconomic framework 

(e.g. Jara-Díaz and Farah, 1987; Jara-Diaz and Guevara, 2003; Jara-Díaz and Guerra, 

2003; Munizaga et al., 2008). However, car ownership was assumed to be exogenously 

given in this line of models on short-term time assignment to activity participation and 

travel. They assumed that car mode choice would be available to drivers as long as 

there was a car in the household. Car deficiency in multi-driver households was not 

explicitly considered. Besides, the influence of household/individual level attributes 

like socio-demographics and socio-economics on time assignment was left out of 

consideration in the line of models. These research limitations make it is necessary to 

integrate car ownership as an endogenous choice into the model system of short-term 

time assignment and travel, together with the exploration of allocating deficient car 

resource within multi-driver households; since short-term time assignment and travel 

will feed back information about car resource needs and may exert an influence on car 

ownership choice in the end. Moreover, intra-household interactions need to be 

considered in this line of research to be consistent with real situations. 
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5.1.3 Research objectives   

In view of the above discussion, this chapter aims to propose a modeling framework 

that incorporates game-theoretic approaches into travel behavior modeling to address 

the aforementioned issues. Specifically, (1) Nash bargaining approach will be 

employed to model disaggregate car ownership choice, with explicit representation of 

household members’ interactive and collaborative decision-making mechanism. It is a 

compromise between utilitarianism and egalitarianism, capable of capturing household 

members’ concern for equity in comparison with the conventional utilitarian approach. 

The car ownership decision will also be investigated from the perspective of time 

allocation, and this can be reflected by a sequential decision mechanism drawn from 

game theory. Moreover, a technique for the split of car usage among household 

members will be introduced. (2) A Generalized Nash equilibrium (GNE) model will be 

employed to incorporate household members’ interactions through maintenance time 

allocation. GNE is self-enforcing, making if different from those cooperative time 

allocation models that require outside binding forces. (3)  Parameters in the proposed 

model will be estimated using real world data and sensitivity analysis will be carried 

out based on the estimated parameters, so as to investigate the impacts of transport 

policies, such as the vehicle usage rationing policy.   

5.2 Model framework 

Car ownership decision is normally regarded as a joint decision due to its long-lasting 

impact on family members (Zhang et al., 2009), making it reasonable to examine and 

model the choice from a perspective of household group decision. Considering that 

children in many cases neither have the capacity nor the power to influence household 

decisions and following the normal practice of studies on household decision problems 

in literature (such as bargaining over car allocation (Anggraini et al., 2008; Anggraini 

et al., 2012), bargaining over consumption of private goods and public goods 
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(Lundberg and Pollak, 1993), etc.), we assume that only male and female head are 

involved as decision makers on household car ownership choice to simplify the 

problem. A direct extension can be made to involve a third stakeholder (e.g., teenagers 

with driving license) in the bargaining over car ownership, which will make the two-

stage model more complicated but yet still tractable, and it will not fundamentally 

change the model structure. As a decision exerting long-term influence, household car 

ownership is highly likely to have both direct or indirect implications for household 

members’ daily time allocation decisions, especially via its impact on daily travel. In 

order to capture the linkages between long-term car ownership decision and short-term 

time allocation decision, a two-stage decision making framework is proposed, as 

outlined in Figure 5.1.  

Figure 5.1 Two-stage game-theoretic framework 

It can be observed from Figure 5.1 that the whole decision process is initially motivated 

by household members’ desire to improve their utilities through obtaining an optimal 

household car ownership level, which is formulated as the first stage model. They are 

assumed to make daily time allocation decisions in the second stage model, conditional 

on car ownership strategy from the first stage. In turn, when making car ownership 

decision in the first stage, they realize and take into account the responsive time 

First Stage 

Second Stage 

Successful 

Nash bargaining solution: 

n cars    

Failed 

Bargaining over car ownership  

Threat point: status quo  

Nash equilibrium for 

subsistence, maintenance 

and recreation time 

Nash equilibrium for 

subsistence, maintenance 

and recreation time 

Solution approach: 

backwards induction    

Represent bargaining procedure 

Represent solution  
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allocation strategies from the second stage. The two-stage model formulation facilitates 

the realization of this sequential decision-making mechanism, and decisions on car 

ownership and time allocation are still modeled as joint decisions because they come 

from the common modeling framework. 

5.2.1 First stage model: car ownership decision 

Nash bargaining solution will be employed to model household members’ collaborative 

decision-making on car ownership choice. It is the most prominent and widely used 

solution concept in cooperative bargaining theory. In Nash bargaining solution, 

individuals are motivated by proportionate cooperation. Nash bargaining solution is 

“between” the utilitarian and egalitarian points (Rachmilevitch, 2016). Therefore, it 

balances fairness and efficiency. Individuals want to increase the collective gain, but 

only to the extent that his/her own benefit also increases (MacCrimmon and Messick, 

1976; Corfman and Gupta, 1993). As long as there is an individual prefers his/her 

status-quo to an alternative chosen by other players, the latter alternative will not be 

the group’s choice. In other words, every individual has the power to veto the desires 

of all others, but there is no such veto power in group decision-theoretic approaches. 

In terms of the predicative accuracy, Eliashberg et al. (1986) demonstrated that in 

comparison with group decision-theoretic approach which used group utility functions 

(including additive form and multilinear form), Nash bargaining approach was superior 

in prediction accuracy in marketing channel laboratory simulation. Therefore, Nash 

bargaining approach is adopted in the proposed model. 

Bargaining between husband and wife forms the basis of household decisions (Iyigun 

and Walsh, 2007). In the process of reaching an agreement on car ownership level, 

husband and wife may have imbalanced bargaining powers on decision-making. This 

effect can be captured by an asymmetric/generalized Nash bargaining model (Harsanyi 

and Selten, 1972; Chen and Woolley, 2001). In the context of discrete choice over 

potential car ownership alternatives, the point with the largest Nash gain will be chosen 
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(Ott, 1992). The Nash bargaining solution of car ownership level 𝑛 is characterized by 

the following maximization formulation, 

                   𝑚𝑎𝑥
𝑛

(𝑢ℎ
𝑛 − 𝑢ℎ

0)𝛼1(𝑢𝑤
𝑛 − 𝑢𝑤

0 )1−𝛼1        𝑛 = 0,1,2, … ,𝑁                                      (5.1)  

The product in this formula is termed as Nash product15. 𝑢ℎ
𝑛 and 𝑢𝑤

𝑛  are utilities of 

husband (denoted by ℎ) and wife (denoted by 𝑤) respectively under car ownership 

level 𝑛. 𝑢ℎ
0 and 𝑢𝑤

0  are threat point utilities of husband and wife in the situation that 

they fail to reach consensual decision-making, indicating that the status quo will be 

maintained. Parameter 𝛼1 ∈ [0,1] measures the relative bargaining power of husband 

in car purchasing decision. If 𝛼1 = 0.5, then it becomes the special case that both 

players are equal in power. Otherwise, they have imbalanced bargaining powers.  If 

𝛼1 = 0 or 𝛼1 = 1, then it reaches the extreme cases that the household car ownership 

decision is actually made by a single spouse.  N is set as the upper limit of cars in a 

family, in consideration that it is unlikely for a household to purchase excessive cars.  

To represent individuals’ tradeoff between time expenditure and money expenditure, 

the goods/leisure framework proposed by Train and McFadden (1978) is adopted here. 

Cobb-Douglas utility function with preference parameter 𝛼𝑖   is selected from many 

possible functional forms to represent the car ownership utility 𝑢𝑖
𝑛 that spouse 𝑖(𝑖= ℎ, 𝑤) 

wants to maximize by choosing car ownership level 𝑛 (Amador and Cherchi, 2011),  

                                                 

 

15 Nash product can be regarded as the deterministic component (without additive random error term) of 

a type of meta-utility (Zhang et al., 2009). The concept of meta-utility was initially proposed by Swait 

et al. (2004) for relating utilities from various temporal states. Zhang et al. (2009) adopted such concept 

when relating household members’ utilities. In general, meta-utility relates utilities from different 

temporal states, different individuals and so on together, while the unobservable aspects associated with 

the meta-utility function are assumed to be independent over time or across different household members 

(Swait et al. 2004; Zhang et al., 2009).  
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𝑢𝑖
𝑛 = (𝑆 ∙ 𝑇𝑖

𝑟,𝑛)
𝛼𝑖(𝐺𝑖

𝑛)1−𝛼𝑖     ∀𝑖 = ℎ,𝑤                                                                  (5.2) 

subjecting to monetary constraints, 

𝐺ℎ
𝑛 + 𝜖ℎ ∙ 𝑛 ∙ 𝑝𝑐𝑎𝑟𝑠 = 𝑆 ∙ (𝑤ℎ ∙ 𝑇ℎ

𝑤,𝑛 + 𝜖 ∙ 𝑤𝑤 ∙ 𝑇𝑤
𝑤,𝑛) + 𝐼ℎ + 𝜖 ∙ 𝐼𝑤                  (5.3) 

𝐺𝑤
𝑛 + 𝜖𝑤 ∙ 𝑛 ∙ 𝑝𝑐𝑎𝑟𝑠 = 𝑆 ∙ (𝜖 ∙ 𝑤ℎ ∙ 𝑇ℎ

𝑤,𝑛 + 𝑤𝑤 ∙ 𝑇𝑤
𝑤,𝑛) + 𝜖 ∙ 𝐼ℎ + 𝐼𝑤                 (5.4) 

where 𝛼𝑖 measure spouse 𝑖’s output elasticity of time. A larger value of 𝛼𝑖 indicating a 

higher value of spouse 𝑖 ’s leisure time surplus. Correspondingly, 1 − 𝛼𝑖  measure 

spouse 𝑖’s output elasticity of money surplus for goods consumption. 𝑇𝑖
𝑟,𝑛

 and 𝑇𝑖
𝑤,𝑛

 are 

spouse 𝑖’s time allocation for recreation and subsistence activities under car ownership 

level 𝑛, which will be derived later from the second stage time allocation model. 𝐺𝑖
𝑛 

represents spouse 𝑖’s money surplus for goods consumption. Service life of cars 𝑆 and 

price of cars 𝑝𝑐𝑎𝑟𝑠 both take an average value. Wage rates of the spouses are denoted 

by 𝑤ℎ and 𝑤𝑤 respectively. Except wage income, other income sources are captured 

by 𝐼ℎ  and 𝐼𝑤 . Considering that the management of family finance may vary across 

households, parameters 𝜖 , 𝜖ℎ  and 𝜖𝑤  are introduced to dictate the degree of 

independence or dependence of family finance. If family finance is independent, then 

𝜖 = 0 and 𝜖ℎ + 𝜖𝑤 = 1; if family finance is pooled, then 𝜖 = 1, 𝜖ℎ = 1 and 𝜖𝑤 = 1. 

5.2.2 Second stage model: time allocation decision 

Under given car ownership level from the first stage, we can proceed to calculate 

husband’s and wife’s daily travel time. They may travel alone or jointly. If the car 

ownership level is zero, whether they travel jointly or not will make no difference to 

their travel time, and the travel time in this situation can be calculated by,  

𝑇𝑖
𝑡,0 =

𝐷𝑖

𝑣𝑜𝑡ℎ𝑒𝑟
      ∀𝑖 = ℎ,𝑤                                                                                      (5.5) 
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spouse i’s average travel time 𝑇𝑖
𝑡,0

 under 0 car ownership can be obtained through 

dividing his/her  total travel distance 𝐷𝑖 by the average travel speed of all other modes 

𝑣𝑜𝑡ℎ𝑒𝑟 (except auto). Daily total travel distance of an individual is assumed to be given 

exogenously to make a differentiation between travelling by car and by other modes 

and evaluate the time saving effect of purchasing cars. In this way, it can reflect how 

household members make tradeoffs regarding spending money on cars to save travel 

time for activity participation or to save money. In future research, this assumption can 

be relaxed by incorporating the benefits of possible longer travel distance brought by 

car ownership, together with the tradeoff between travel time and travel distance.  

If car ownership level is non-zero (𝑛 > 0), then both spouses’ access to car usage for 

joint travel can be guaranteed. But they may have to bargain over car usage for 

independent travel. Let 𝛽ℎ
𝑖𝑛𝑑 and 𝛽𝑤

𝑖𝑛𝑑 denote their respective car usage probability for 

independent travel, then the travel time of spouse 𝑖 under car ownership level 𝑛 can be 

calculated as follows,  

𝑇𝑖
𝑡,𝑛 = 𝛽𝑖

𝑖𝑛𝑑 (1 − 𝜏𝑖)𝐷𝑖

𝑣𝑐𝑎𝑟
+ (1 − 𝛽𝑖

𝑖𝑛𝑑)
(1 − 𝜏𝑖)𝐷𝑖

𝑣𝑜𝑡ℎ𝑒𝑟
+

𝜏𝑖𝐷𝑖

𝑣𝑐𝑎𝑟
        ∀𝑖 = ℎ, 𝑤       (5.6) 

The travel time consists of three components: independent travel time by car, 

independent travel time by other modes and joint travel time by car, as sequentially 

expressed in equation (5.6). 𝛽𝑖
𝑖𝑛𝑑 is spouse 𝑖’s car usage probability for independent 

travel. 𝑣𝑐𝑎𝑟  represents the average travel speed by car. 𝜏𝑖  is spouse 𝑖’s joint travel 

percentage, which satisfies an implicit relationship 𝜏ℎ𝐷ℎ = 𝜏𝑤𝐷𝑤.  

To obtain 𝛽𝑖
𝑖𝑛𝑑 , four possible scenarios are considered based on different feasible 

combinations of the number of cars available (denoted by 𝑛 ∙ 𝑟 ) and spouse i's driving 

license holding (𝛿𝑖). The parameter r represents car usage rationing policy (Han et al., 

2010), which indicates the percentage of days in the week that private cars are allowed 
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to use for travel within the city. 𝛿𝑖 indicates whether spouse 𝑖 has driving license or not. 

It equals 1 if spouse 𝑖 has driving license and 0 otherwise. The four scenarios are,    

1) If 𝛿ℎ + 𝛿𝑤 = 2  (equivalent to 𝛿ℎ = 1  and 𝛿𝑤 = 1 ) and 𝑛 ∙ 𝑟 < 2 , then husband 

and wife have to bargain over the limited usage of 𝑛 ∙ 𝑟 cars available. According 

to the ‘Split-The-Difference Rule’ (Muthoo, 1999), let 𝛼2 denote husband’s relative 

bargaining power for car usage decision, then the partition of 𝑛 ∙ 𝑟 available cars is 

𝛼2 ∙ 𝑛 ∙ 𝑟 for husband and (1 − 𝛼2) ∙ 𝑛 ∙ 𝑟 for wife. However, from the perspective 

of household resource allocation efficiency, the car resource allocated to husband 

or wife should not exceed one. Thus, we assume the excessive car resource is 

automatically transferable between husband and wife. That is to say, if one spouse’s 

bargained car resource exceeds one, it will be transferred to the other spouse. This 

effect is captured by the following equations designed to calculate husband’s (𝛽ℎ
𝑖𝑛𝑑) 

and wife’s (𝛽𝑤
𝑖𝑛𝑑) car usage probability for their independent travel respectively,   

𝛽ℎ
𝑖𝑛𝑑 = 𝑚𝑖𝑛[1, 𝛼2 ∙ 𝑛 ∙ 𝑟] + 𝑚𝑎 𝑥[0, (1 − 𝛼2) ∙ 𝑛 ∙ 𝑟 − 1]                              (5.7) 

𝛽𝑤
𝑖𝑛𝑑 = 𝑚𝑖𝑛[1, (1 − 𝛼2) ∙ 𝑛 ∙ 𝑟] + 𝑚𝑎 𝑥[0, 𝛼2 ∙ 𝑛 ∙ 𝑟 − 1]                              (5.8)  

2) If 𝛿ℎ + 𝛿𝑤 = 2 (equivalent to 𝛿ℎ = 1 and 𝛿𝑤 = 1) and 𝑛 ∙ 𝑟 ≥ 2, which signifies 

the case that the number of available cars equals or exceeds the number of drivers, 

then no bargaining is needed for spouses’ access to cars. In this case, 𝛽ℎ
𝑖𝑛𝑑 = 1, 

𝛽𝑤
𝑖𝑛𝑑 = 1.   

3) If 𝛿ℎ + 𝛿𝑤 = 1 , implying there is only one driver within the household, then 

bargaining is unnecessary for spouses’ access to cars, 

𝛽ℎ
𝑖𝑛𝑑 = 𝑚𝑖𝑛[1, 𝛿ℎ ∙ 𝑛 ∙ 𝑟]                                                                                         (5.9) 

𝛽𝑤
𝑖𝑛𝑑 = 𝑚𝑖𝑛[1, 𝛿𝑤 ∙ 𝑛 ∙ 𝑟]                                                                                      (5.10) 

4) If 𝛿ℎ + 𝛿𝑤 = 0, then there is no need to buy cars. Hence, 𝛽ℎ
𝑖𝑛𝑑 = 0, 𝛽𝑤

𝑖𝑛𝑑 = 0. 
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It can be noted that travel time derived in the way described above incorporates 

interactions between husband and wife concerning household vehicle resource 

allocation and joint engagement in travel. The derived travel time will become input 

variables for the decisions on activity time allocation.  

In terms of methodologies for modeling time allocation decisions, Nash equilibrium 

model (the leading non-cooperative model in game theory) is adopted. The reason for 

adopting Nash equilibrium model is based on the consideration that for daily time 

allocation, household members may not bother or be able to negotiate binding 

commitments, or cannot adhere to possible commitments on a daily basis. Thus, the 

non-cooperative Nash equilibrium model (self-enforcing) seems to be more suitable 

for capturing their daily time allocation patterns, where household members act 

separately to maximize their own utilities, but their actions will influence each other 

through the share of maintenance responsibility. This is different from the long-term 

car ownership decision formulated as a cooperative Nash bargaining model in the first 

stage, which requires binding forces for commitment. Mathematically, the second stage 

model can be formulated as a generalized Nash equilibrium problem (GNEP) because 

the feasible strategy profiles of husband and wife are interdependent, which is reflected 

specifically in the coupled maintenance time constraint (see equation (5.15)) (see 

Facchinei and Kanzow, 2007 for details of GNEP).  

Literature suggests that for an activity, its utility will increase and marginal utility will 

decrease when the amount of time allocated to it increases. This relationship can be 

captured by a logarithmic utility function (Kitamura, 1984; Kitamura et al., 1996; Bhat 

and Misra 1999). By adopting logarithmic utility function for modeling time allocated 

to activity participation, the GNEP under given car ownership level from the first stage 

can be formulated as,  

𝑚𝑎𝑥
𝑇ℎ

𝑤,𝑛,𝑇ℎ
𝑚,𝑛

  𝑢ℎ
𝑤 𝑙𝑛(𝑇ℎ

𝑤,𝑛 + 1) +𝑢ℎ
𝑚 𝑙𝑛(𝑇ℎ

𝑚,𝑛 + 1) + 𝑢ℎ
𝑟 𝑙𝑛(𝑇ℎ

𝑟,𝑛 + 1)          (5.11) 
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𝑚𝑎𝑥
𝑇𝑤

𝑤,𝑛,𝑇𝑤
𝑚,𝑛

  𝑢𝑤
𝑤 𝑙𝑛(𝑇𝑤

𝑤,𝑛 + 1) +𝑢𝑤
𝑚 𝑙𝑛(𝑇𝑤

𝑚,𝑛 + 1) + 𝑢𝑤
𝑟 𝑙𝑛(𝑇𝑤

𝑟,𝑛 + 1)          (5.12) 

𝑇ℎ
𝑤,𝑛 + 𝑇ℎ

𝑚,𝑛 + 𝑇ℎ
𝑟,𝑛 + 𝑇ℎ

𝑡,𝑛 = 𝑇ℎ                                                                       (5.13) 

𝑇𝑤
𝑤,𝑛 + 𝑇𝑤

𝑚,𝑛 + 𝑇𝑤
𝑟,𝑛 + 𝑇𝑤

𝑡,𝑛 = 𝑇𝑤                                                                      (5.14) 

𝑇ℎ
𝑚,𝑛 + 𝑇𝑤

𝑚,𝑛 = 𝑀                                                                                                 (5.15) 

where 𝑢𝑖
𝑗
(𝑖 = ℎ,𝑤; 𝑗 = 𝑤,𝑚, 𝑟)  is spouse i's baseline utility for participating in 

activity j. Equation (5.13) and (5.14) are the respective time budget for husband and 

wife. We assume that household has certain maintenance tasks requiring amount of 

time 𝑀 to accomplish and these tasks can be shared by two spouses (equation (5.15)). 

Substituting equation (5.13) and equation (5.14) into the objective functions in 

formulation (5.11) and (5.12)  respectively, we can derive KKT (Karush–Kuhn–Tucker) 

conditions for the above GNEP,   

𝑢ℎ
𝑤

𝑇ℎ
𝑤,𝑛∗ + 1

−
𝑢ℎ

𝑟

𝑇ℎ − 𝑇ℎ
𝑤,𝑛∗ − 𝑇ℎ

𝑚,𝑛∗ − 𝑇ℎ
𝑡,𝑛 + 1

= 0 

𝑢ℎ
𝑚

𝑇ℎ
𝑚,𝑛∗ + 1

−
𝑢ℎ

𝑟

𝑇ℎ − 𝑇ℎ
𝑤,𝑛∗ − 𝑇ℎ

𝑚,𝑛∗ − 𝑇ℎ
𝑡,𝑛 + 1

− 𝜆ℎ = 0 

𝑢𝑤
𝑤

𝑇𝑤
𝑤,𝑛∗ + 1

−
𝑢𝑤

𝑟

𝑇𝑤 − 𝑇𝑤
𝑤,𝑛∗ − 𝑇𝑤

𝑚,𝑛∗ − 𝑇𝑤
𝑡,𝑛 + 1

= 0                                            

𝑢𝑤
𝑚

𝑇𝑤
𝑚,𝑛∗ + 1

−
𝑢𝑤

𝑟

𝑇𝑤 − 𝑇𝑤
𝑤,𝑛∗ − 𝑇𝑤

𝑚,𝑛∗ − 𝑇𝑤
𝑡,𝑛 + 1

− 𝜆𝑤 = 0                             (5.16) 

where Lagrangian multipliers 𝜆ℎ  and 𝜆𝑤   are the respective marginal utilities of 

husband’s and wife’s time allocation to maintenance activities, as can be noted in the 

second and fourth component of equation set (5.16).  It is well known that GNEP might 

have multiple equilibrium points. However, as proved in Appendix C1.2, the proposed 

GNEP is a diagonally strictly concave game, indicating that there is a one-to-one 
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correspondence between the share of maintenance responsibility between spouses and 

the equilibrium point (Rosen, 1965). Once such share is fixed, only one corresponding 

equilibrium point could be identified. In line with previous studies that have applied 

GNEP, such as Krawczyk (2005) and Boucekkine et al. (2010), we assume that 

husband and wife have equal share of maintenance responsibility, which leads to 𝜆ℎ =

𝜆𝑤 as shown in Appendix C1.2. That is to say, husband and wife will experience the 

same degree of penalty if anyone of them fails to accomplish his/her maintenance 

responsibility. Certainly, the equal share assumption can be relaxed, but as long as the 

share of maintenance responsibility is given, one and only one corresponding 

equilibrium point can be determined. Details about the proof of existence and 

uniqueness for the proposed GNEP problem are presented in Appendix C1.1 and C1.2 

respectively.  

5.2.3 Solution approach 

In the proposed sequential decision game, payoffs of the first stage rely on results of 

the second stage; therefore, backwards induction is adopted to obtain the solution, 

which is a common approach to computing subgame perfect equilibria (Gibbons, 1992). 

Furthermore, since 𝑛 is a non-negative discrete variable, the procedure of solving the 

two-stage game could be a combination of backwards induction and method of 

exhaustion, and the optimal outcome of this two-stage game of complete information 

is a sub-game perfect outcome. The procedure is as follows, 

Step 0: Initialization. Set car ownership level 𝑛 = 0. 

Step 1: Solve the second-stage model under car ownership level 𝑛 from the first stage. 

First, determine travel time 𝑇𝑖
𝑡,𝑛

 from equations (5.5)-(5.10). Next, apply 

Newton-Raphson algorithm to solve the KKT conditions expressed by 

equation set (5.16) so as to obtain the optimal time allocation pattern 𝑇𝑖
𝑤,𝑛∗

 

and 𝑇𝑖
𝑚,𝑛∗

for subsistence and maintenance activity. Finally, obtain the 
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optimal time for recreation activity 𝑇𝑖
𝑟,𝑛∗  by substituting 𝑇𝑖

𝑡,𝑛
, 𝑇𝑖

𝑤,𝑛∗
 and 

𝑇𝑖
𝑚,𝑛∗

 into time constraint (5.13) and (5.14) respectively. 

Step 2: If 𝐺ℎ
𝑛 < 0 or 𝐺𝑤

𝑛 < 0, then assign a very small negative value to the Nash 

product Π𝑛; otherwise, substitute 𝑇𝑖
𝑡,𝑛

 and  𝑇𝑖
𝑗,𝑛∗

(𝑖 = ℎ,𝑤  𝑗 = 𝑤,𝑚, 𝑟)  into 

the first-stage model to obtain the corresponding Nash product under car 

ownership level 𝑛, namely Π𝑛 = (𝑢ℎ
𝑛 − 𝑢ℎ

0)𝛼1(𝑢𝑤
𝑛 − 𝑢𝑤

0 )1−𝛼1.  

Step 3: If 𝑛 < 𝑁, let 𝑛 = 𝑛 + 1, and return to step 1. Otherwise, end the iteration 

process.   

Step 4: Find the maximal value from these Nash products Π𝑛 (𝑛 = 0,1,2. . 𝑁), then 

the corresponding car ownership level 𝑛∗  in conjunction with the 

corresponding time allocation pattern 𝑇𝑖
𝑗,𝑛∗

 constitute the outcome of this 

two-stage game.  

5.3 Model estimation 

Assume that there are two sources of error terms in the proposed two-stage model; one 

source is the stochastic error terms in car ownership model as shown in equation (5.27), 

and the other source is the stochastic error terms in baseline utilities of time allocation 

model expressed in equation (5.17). Theoretically, there might be correlation between 

these two sources of error terms. But the econometric calibration would be intractable 

if the correlation is considered. Due to the econometric challenge, we assume that these 

two sources of error terms are independent. Thus, parameters in car ownership model 

and time allocation model could be sequentially estimated by a “bottom up” procedure, 

starting with the second stage estimation, and then input parameters estimated from the 

second stage into the estimation of first stage model. Similar simplification was also 

made by other researchers, and it was supposed not to impact the validity of the model 
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(e.g. Jara-Díaz and Guevara, 2003). Jara-Díaz and Guevara (2003) assumed 

independence between error terms for mode choice decision and work time decision, 

which came from the same microeconomic framework. Admittedly, this assumption 

can be relaxed in future research by devoting more efforts to exploring the linkages 

between these two sources of error terms for performing simultaneous estimation 

(Munizaga, et al, 2008).   

5.3.1 Parameter estimation for second stage 

Assume there is an additive error term in baseline utility 𝑢𝑖
𝑗
, then it can be written as, 

𝑢𝑖
𝑗
= 𝑣𝑖

𝑗
+ 휀𝑖

𝑗
= 𝑓𝑖

𝑗
(𝛽𝑖

𝑗
, �̃�𝑖

𝑗
) + 휀𝑖

𝑗
             ∀ 𝑖 = ℎ,𝑤   𝑗 = 𝑤,𝑚, 𝑟                (5.17) 

It can be seen that 𝑢𝑖
𝑗
 is comprised of a systematic component 𝑣𝑖

𝑗
 and an error term 휀𝑖

𝑗
. 

�̃�𝑖
𝑗
  is a vector of socio-economic variables and 𝛽𝑖

𝑗
  is the vector of coefficients 

associated with these socio-economic variables through function 𝑓𝑖
𝑗
 . It is further 

assumed that the error terms follow normal distribution and are independently and 

identically distributed, then the joint density function of these error terms can be 

obtained,  

𝑔(휀ℎ
𝑤, 휀ℎ

𝑚, 휀ℎ
𝑟 , 휀𝑤

𝑤, 휀𝑤
𝑚, 휀𝑤

𝑟 ) =
1

(√2𝜋)
6 𝑒−

(𝜀ℎ
𝑤)

2
+(𝜀ℎ

𝑚)
2
+(𝜀ℎ

𝑟 )
2
+(𝜀𝑤

𝑤)
2
+(𝜀𝑤

𝑚)
2
+(𝜀𝑤

𝑟 )
2

2        (5.18) 

Let 𝜙1 = 휀ℎ
𝑟, 𝜙2 = 휀𝑤

𝑚 , 𝜙3 = 휀𝑤
𝑟 . From equation set (5.16), equation (5.17) and the 

condition 𝜆ℎ = 𝜆𝑤, we can obtain,  
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휀ℎ
𝑤 =

(𝑇ℎ
𝑤,𝑘∗+1)

𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1

𝜙1 +
(𝑇ℎ

𝑤,𝑘∗+1)

𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1

𝑣ℎ
𝑟 − 𝑣ℎ

𝑤   

휀ℎ
𝑚 =

(𝑇ℎ
𝑚,𝑘∗+1)

𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1

𝜙1 +
(𝑇ℎ

𝑚,𝑘∗+1)

(𝑀−𝑇ℎ
𝑚,𝑘∗)+1

𝜙2 −
(𝑇ℎ

𝑚,𝑘∗+1)

𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1

𝜙3   

+
(𝑇ℎ

𝑚,𝑘∗+1)

𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1

𝑣ℎ
𝑟 +

(𝑇ℎ
𝑚,𝑘∗+1)

(𝑀−𝑇ℎ
𝑚,𝑘∗)+1

𝑣𝑤
𝑚 −

(𝑇ℎ
𝑚,𝑘∗+1)

𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1

𝑣𝑤
𝑟 − 𝑣ℎ

𝑚   

휀𝑤
𝑤 =

(𝑇𝑤
𝑤,𝑘∗+1)

𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1

𝜙3 +
(𝑇𝑤

𝑤,𝑘∗+1)

𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1

𝑣𝑤
𝑟 − 𝑣𝑤

𝑤             (5.19) 

where k refers to the observed household car ownership level in collected data. 

Substitute equation set (5.19) into equation (5.18), then the density function of the 

random vector  (𝑇ℎ
𝑤,𝑘∗, 𝑇ℎ

𝑚,𝑘∗, 𝑇𝑤
𝑤,𝑘∗, 𝜙1, 𝜙2, 𝜙3) can be derived as,  

𝑓(𝑇ℎ
𝑤,𝑘∗, 𝑇ℎ

𝑚,𝑘∗, 𝑇𝑤
𝑤,𝑘∗, 𝜙1, 𝜙2, 𝜙3; 𝛽𝑖

𝑗
)   

=
1

(√2𝜋)6
𝑒𝑥𝑝 {(−

1

2
) ∙ [(

(𝑇ℎ
𝑤,𝑘∗+1)

𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1

𝜙1 + 𝐶1)

2

+

(
(𝑇ℎ

𝑚,𝑘∗+1)

𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1

𝜙1 +
(𝑇ℎ

𝑚,𝑘∗+1)

(𝑀−𝑇ℎ
𝑚,𝑘∗)+1

𝜙2 −
(𝑇ℎ

𝑚,𝑘∗+1)

𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1

𝜙3 + 𝐶2)

2

+

(𝜙1)
2 + [

(𝑇𝑤
𝑤,𝑘∗+1)

𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1

𝜙3 + 𝐶3]

2

+ (𝜙2)
2 + (𝜙3)

2]} |𝐽|                 (5.20) 

where the Jacobian determinant is  
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𝐽 =

|

|

|

|

𝜕 ℎ
𝑤

𝜕𝑇ℎ
𝑤,𝑘∗

𝜕 ℎ
𝑤

𝜕𝑇ℎ
𝑚,𝑘∗

𝜕 ℎ
𝑤

𝜕𝑇𝑤
𝑤,𝑘∗

𝜕 ℎ
𝑤

𝜕𝜙1

𝜕 ℎ
𝑤

𝜕𝜙2

𝜕 ℎ
𝑤

𝜕𝜙3

𝜕 ℎ
𝑚

𝜕𝑇ℎ
𝑤,𝑘∗

𝜕 ℎ
𝑚

𝜕𝑇ℎ
𝑚,𝑘∗

𝜕 ℎ
𝑚

𝜕𝑇𝑤
𝑤,𝑘∗

𝜕 ℎ
𝑚

𝜕𝜙1

𝜕 ℎ
𝑚

𝜕𝜙2

𝜕 ℎ
𝑚

𝜕𝜙3

𝜕 ℎ
𝑟

𝜕𝑇ℎ
𝑤,𝑘∗

𝜕 ℎ
𝑟

𝜕𝑇ℎ
𝑚,𝑘∗

𝜕 ℎ
𝑟

𝜕𝑇𝑤
𝑤,𝑘∗

𝜕 ℎ
𝑟

𝜕𝜙1

𝜕 ℎ
𝑟

𝜕𝜙2

𝜕 ℎ
𝑟

𝜕𝜙3

𝜕 𝑤
𝑤

𝜕𝑇ℎ
𝑤,𝑘∗

𝜕 𝑤
𝑤

𝜕𝑇ℎ
𝑚,𝑘∗

𝜕 𝑤
𝑤

𝜕𝑇𝑤
𝑤,𝑘∗

𝜕 𝑤
𝑤

𝜕𝜙1

𝜕 𝑤
𝑤

𝜕𝜙2

𝜕 𝑤
𝑤

𝜕𝜙3

𝜕 𝑤
𝑚

𝜕𝑇ℎ
𝑤,𝑘∗

𝜕 𝑤
𝑚

𝜕𝑇ℎ
𝑚,𝑘∗

𝜕 𝑤
𝑚

𝜕𝑇𝑤
𝑤,𝑘∗

𝜕 𝑤
𝑚

𝜕𝜙1

𝜕 𝑤
𝑚

𝜕𝜙2

𝜕 𝑤
𝑚

𝜕𝜙3

𝜕 𝑤
𝑟

𝜕𝑇ℎ
𝑤,𝑘∗

𝜕 𝑤
𝑟

𝜕𝑇ℎ
𝑚,𝑘∗

𝜕 𝑤
𝑟

𝜕𝑇𝑤
𝑤,𝑘∗

𝜕 𝑤
𝑟

𝜕𝜙1

𝜕 𝑤
𝑟

𝜕𝜙2

𝜕 𝑤
𝑟

𝜕𝜙3

|

|

|

|

  

 = −
(𝑇ℎ−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+2)(𝜙1+𝑣ℎ

𝑟)

(𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1)

2 {[
(𝑇ℎ−𝑇ℎ

𝑤,𝑘∗−𝑇ℎ
𝑡,𝑘+2)(𝜙1+𝑣ℎ

𝑟)

(𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1)

2 +
(𝑀+2)(𝜙2+𝑣𝑤

𝑚)

[(𝑀−𝑇ℎ
𝑚,𝑘∗)+1]

2 −

(𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−𝑀−𝑇𝑤

𝑡,𝑘)(𝜙3+𝑣𝑤
𝑟 )

[𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1]

2 −
(𝑇ℎ

𝑤,𝑘∗+1)(𝑇ℎ
𝑚,𝑘∗+1)(𝜙1+𝑣ℎ

𝑟)

(𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1)

2
(𝑇ℎ−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+2)

] ∙

[𝑇𝑤−(𝑀−𝑇ℎ
𝑚,𝑘∗)−𝑇𝑤

𝑡,𝑘+2](𝜙3+𝑣𝑤
𝑟 )

[𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1]

2 −
(𝑇ℎ

𝑚,𝑘∗+1)(𝑇𝑤
𝑤,𝑘∗+1)(𝜙3+𝑣𝑤

𝑟 )2

[𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1]

4}                       (5.21) 

𝐶1 =
(𝑇ℎ

𝑤,𝑘∗+1)

𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1

𝑣ℎ
𝑟 − 𝑣ℎ

𝑤                                                                              (5.22) 

𝐶2 =
(𝑇ℎ

𝑚,𝑘∗+1)

𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1

𝑣ℎ
𝑟 +

(𝑇ℎ
𝑚,𝑘∗+1)

(𝑀−𝑇ℎ
𝑚,𝑘∗)+1

𝑣𝑤
𝑚 −

(𝑇ℎ
𝑚,𝑘∗+1)

𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1

𝑣𝑤
𝑟 − 𝑣ℎ

𝑚      

          (5.23) 

𝐶3 =
(𝑇𝑤

𝑤,𝑘∗+1)

𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1

𝑣𝑤
𝑟 − 𝑣𝑤

𝑤                                                                (5.24)  

Then the marginal density function of the random vector  (𝑇ℎ
𝑤∗, 𝑇ℎ

𝑚∗, 𝑇𝑤
𝑤∗) can be 

calculated by performing the following triple integration, 

𝑓(𝑇ℎ
𝑤,𝑘∗, 𝑇ℎ

𝑚,𝑘∗, 𝑇𝑤
𝑤,𝑘∗; 𝛽𝑖

𝑗
) = ∭𝑓(𝑇ℎ

𝑤,𝑘∗, 𝑇ℎ
𝑚,𝑘∗, 𝑇𝑤

𝑤,𝑘∗, 𝜙1, 𝜙2, 𝜙3; 𝛽𝑖
𝑗
)𝑑𝜙1𝑑𝜙2𝑑𝜙3

+∞

−∞
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          (5.25) 

(Refer to Appendix C2 for detailed process of calculation) 

Introducing index g to represent household, the log-form maximum likelihood function 

for estimation of 𝛽𝑖
𝑗
 can be written as follows, 

𝐿(𝛽𝑖
𝑗
) = ∑𝑙𝑛 𝑓(𝑇ℎ

𝑤,𝑘∗, 𝑇ℎ
𝑚,𝑘∗, 𝑇𝑤

𝑤,𝑘∗; 𝛽𝑖
𝑗
)

g

                                                       (5.26) 

where 𝛽𝑖
𝑗
= (𝛽𝑖0

𝑗
, 𝛽𝑖1

𝑗
, … , 𝛽𝑖𝐻

𝑗
) is a vector of parameters associated with socio-economic 

variables.  

5.3.2 Parameter estimation for first stage 

Error term 휀g̃𝑘 is added to the Nash product in equation (5.1) to reflect the stochasticity 

in household members’ consensual decision-making, and household g’s utility 𝑈g𝑘 

(meta-utility) for choosing alternative car level k can be expressed as, 

𝑈g
𝑘 = 𝑉g

𝑘 + 휀g̃
𝑘 = (𝑢ℎ

𝑘 − 𝑢ℎ
0)

𝛼1(𝑢𝑤
𝑘 − 𝑢𝑤

0 )1−𝛼1 + 휀g̃
𝑘                                       (5.27) 

where 𝑉g
𝑘 is the  non-stochastic term and 휀g̃

𝑘 is the stochastic/error term with respect to 

household g and car ownership alternative k. Assume that error term 휀g̃
𝑘  is 

independently and identically Gumbel distributed across alternatives, then the logit 

model structure for discrete group choice can be applied. Based on random utility 

maximization theory, the probability that household g chooses alternative k among a 

set of possible car ownership level n is,  

𝑃g𝑘 =
𝑒𝑉g

𝑘

𝑒𝑉g
𝑘
+ ∑ 𝑒𝑉g

𝑛

𝑛≠𝑘

                                                                                          (5.28) 
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To calculate the non-stochastic term 𝑉g
𝑛, time allocation pattern for household g under 

car ownership alternative n needs to be inputted into the first stage model. For each 

household g with car level n, both travel time and non-travel time can be obtained 

according to the step 1 in section 5.2.3.  

When using maximum likelihood method to estimate the preference parameters 𝛼ℎ and 

𝛼𝑤 in Cobb-Douglas functions 𝑢ℎ and 𝑢𝑤 respectively (equation 5.2), we can obtain 

the following log-likelihood function for first stage model estimation, 

𝐿(𝛼ℎ, 𝛼𝑤) = ∑[𝑉g
𝑘 − ln (𝑒𝑉g

𝑘
+ ∑ 𝑒𝑉g

𝑛

𝑛≠𝑘

)]

g

                                                 (5.29) 

5.4 Empirical analysis 

5.4.1 Data source and sample formation 

The dataset used for the empirical application and analysis is from an activity-travel 

diary survey conducted in Beijing from November 2011 to June 2012. It is collected 

from 6 urban and 6 suburban districts of Beijing. In total, 1243 individuals from 467 

sampled households had successfully completed the questionnaire survey through face-

to-face interview. Within the data, only dual-head households are included in this study 

so that the interactions between male head and female head can be analyzed. After 

eliminating single-head households and other cases with missing or inconsistent data, 

342 households form the final sample used for this study.  

The data includes information on individual/household level socio-economic and 

socio-demographic characteristics, as well as activity-travel diaries that provide 

detailed information about travel and non-travel activity participation. Other 

information like household auto ownership and housing tenure were also collected. 

Table 5.1 summarizes information about the important individual and household level 
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characteristics that are used in the proposed model framework. Within the final sample 

of 342 households, it is worth to be noted that only a very small portion of households 

(2.3%) own more than one car.  

Table 5.1 Sample profile of individual and household level characteristics 

Variable Classification 
Individual characteristics 

Male head Female head 

  Frequency Percentage Frequency Percentage 

Age 

19-39 147 43.0% 168  49.1% 

40-59 183 53.5% 170  49.7% 

>59 12 3.5% 4 1.2% 

Driving license  
Yes 255 74.6% 126  36.8% 

No 87 25.4% 216  63.2% 

Subsistence time Daily average 6.34(h) 5.95(h) 

Maintenance time Daily average 4.26(h) 5.45(h) 

Recreation time Daily average 3.78(h) 3.83(h) 

Travel time Daily average 1.45(h) 1.22(h) 

 Household characteristics 

  Frequency Percentage 

Car ownership 

0 209  61.1% 

1 125  36.5% 

2 7   2.0% 

3 1   0.3% 

Housing tenure 
Owner 212 62.0% 

Renter and others 130  38.0% 

Household size 

2 117  34.2% 

3 66  19.3% 

>=4  159  46.5% 

Monthly 

household income 

<=5,999 34  9.9% 

6,000-9,999 89  26.0% 

10,000-19,999 172  50.3% 

>=20,000 47  13.8% 

Presence of child 

under 11 

Yes 90  26.3% 

No 252  73.7% 

5.4.2 Specification of variables 

Some inputs required for model calibration are not readily available from the dataset. 
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Originally, there are 33 types of non-travel activities. These non-travel activities are 

aggregated into three main categories: subsistence (work related activities), 

maintenance (housework, shopping, etc.) and recreation (entertainment, social 

gathering, etc.). Travel related activities are classified into 12 sub-categories in the 

questionnaire. Travel distance as a product of travel time and travel speed can be 

calculated by assigning an average travel speed to each sub-category. If households 

have ever purchased cars, then car price can be extracted directly from the data sample. 

However, for households that never purchased cars, an average car price will be given.  

Hourly wage rate is also necessary for estimating the proposed model, but the data 

cannot provide direct information about hourly wage rate. It can be derived by splitting 

the monthly household income to husband and wife at a ratio of 1 to 0.825 (figures 

obtained from national program of Chinese Family Panel Studies conducted by Peking 

University, refer to Heshmati and Su (2015) for details), and then dividing the 

partitioned income by monthly working hours. Since the plate-number based car usage 

rationing policy (a usage restriction of two out of ten end-numbers every workday) is 

under implementation in Beijing during the data collection period, a car rationing ratio 

0.8 is assigned for the calibration.  

In terms of the definition of baseline utility 𝑣𝑖
𝑗
 , an exponential functional form is 

adopted to guarantee its positivity. The definition considers five socio-economic 

variables, including housing tenure (differentiated by private housing and public 

housing), household size (number of household members), presence of child under 11, 

household income and age of household heads. These variables are selected by 

referring to previous studies (e.g. Pinjari et al, 2009; Wang and Li, 2009), together with 

a systematic process of eliminating variables that are statistically insignificant at the 5% 

level. The baseline utility can be written as, 

𝑣𝑖
𝑗
= 𝑓𝑖

𝑗
(𝛽𝑖

𝑗
, �̃�𝑖

𝑗
) = exp(𝛽𝑖0

𝑗
+ ∑𝛽𝑖ℎ

𝑗

ℎ

𝑥𝑖ℎ
𝑗
) ,   𝑖 = ℎ,𝑤    𝑗 = 𝑤,𝑚, 𝑟        (5.30) 
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To obtain the utility for non-chosen car ownership alternative (i.e., alternative level of 

car ownership), first it is needed to calculate travel time for non-chosen alternative. The 

travel time is dependent on car usage probability under the non-chosen car ownership 

alternative and can be computed based on equation (5.5) to (5.10). Then, after obtaining 

the travel time for non-chosen car ownership alternative, it will be input to the second 

stage time allocation model (equation (5.11) to (5.15)) to calculate the optimal time 

allocation pattern for non-travel activities under the non-chosen car ownership 

alternative. Finally, input the obtained travel time and optimal time allocation pattern 

to the first stage model to obtain the utility for non-chosen car ownership alternative.    

5.4.3 Results of model estimation 

Table 5.2 presents the maximum likelihood estimation (equation (5.26)) results for 

parameters in baseline utility function (equation (5.30)). Goodness-of-fit of the 

proposed model is assessed by likelihood-ratio test, and the proposed model is 

compared with a null (simple) model which assumes all the parameters to be 0. The 

value of likelihood ratio LR=-2[L(0)-L(�̂�)] follows a 𝜒2 distribution with 36 degrees 

of freedom. For a significance level of 𝛼 =0.05, the critical value of chi-square 

distributed statistic 𝜒𝑟
2(𝛼) is 50.999. As shown in table 5.2, the likelihood ratio (LR) is 

significantly larger than this critical value, indicating that the proposed model fits the 

data significantly better than the null (simple) model. In addition, the value of 

likelihood ratio index 𝜌2 is between 0.2 to 0.4, suggesting that the goodness-of-fit of 

proposed model is satisfactory (McFadden, 1977).  

Table 5.2 also presents the estimated results of parameters 𝛽𝑖
𝑗
= (𝛽𝑖0

𝑗
, 𝛽𝑖1

𝑗
, … , 𝛽𝑖5

𝑗
) , 

which show the impacts of aforementioned socio-economic attributes on the baseline 

preference for various activities. Most estimates of male head and female head in 

undertaking these activities are significant at the 5% level (marked by two asterisks). 

For both heads, housing tenure (‘1’ for owners, and ‘0’ for rental or others) tends to 
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have a positive influence on time allocated to subsistence activities. A possible 

explanation might be that they both need to earn more money to pay housing mortgage 

if they purchase a house. A negative relationship between household size and time 

allocated for maintenance activity is observed.  A potential reason for the negative 

relation is that when there are more family members to share the maintenance 

responsibility, maintenance activity performed per person can be reduced. Both heads 

will spend more time on subsistence activities if there are children under 11 in a 

household. One reason could be that they have to earn extra money for the financial 

cost of raising children. Understandably, female heads are likely to spare more time for 

child-care responsibilities; therefore, presence of child under 11 is demonstrated to 

negative influence on the recreation time of the female head. As can be expected, more 

household income will be generated if both heads spend more time on subsistence 

activities. Consequently, their time input for recreation activities will decrease. As both 

household heads grow older, they are inclined to spend much less time on subsistence 

activities, but more time on recreation activities.   

Table 5.3 shows the result of maximum likelihood estimation (equation (5.29)) for 

preference parameter 𝛼𝑖 (𝑖= ℎ, 𝑤) in Cobb-Douglas function (equation (5.2)) in the first 

stage model. For both heads, a higher preference parameter indicates greater individual 

fondness for time surplus than for money surplus. The estimation result is in 

consistency with the preliminary findings of Train and McFadden (1978) concerning 

leisure time preference parameter in their goods/leisure framework, which revealed that 

the value of leisure time preference parameter was between 0.7 and 1.0. 
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Table 5.2 Baseline parameter estimates in time allocation model 

Variables 
Male head  Female head 

Coefficients t  Coefficients t 

Subsistence activity      

Constant 1.0299  4.1626**   0.6597  2.5448**  

Housing tenure 0.2079  2.1383**   0.2016  2.0644**  

Household size 0.0157  0.3505   -0.0361  -0.7532  

Presence of child under 11 0.5051  5.2556**   0.3845  3.7836**  

Household income 0.0105  1.6992*   0.0190  3.0024**  

Age of household head -0.0192  -4.4753**   -0.0186  -4.0885**  

Maintenance activity      

Constant 1.3635  6.6411**   1.1953  5.5609**  

Housing tenure -0.2058  -2.0283**   0.0209  0.1966  

Household size -0.0369  -0.6736   -0.0302  -0.5831  

Presence of child under 11 -0.0286  -0.2491   -0.0378  -0.2956  

Household income 0.0259  3.9587**   0.0198  3.1916**  

Age of household head -0.0070  -1.9208*   0.0009  0.2432  

Recreation activity   
   

Constant -0.5280  -1.4301   -0.5359  -1.6678*  

Housing tenure 0.2680     2.2759**   0.2792  2.6909**  

Household size 0.1124  2.2438**   0.0110  0.2298  

Presence of child under 11 0.0358  0.2807   -0.3183  -2.3567** 

Household income -0.0358  -2.8700**   -0.0231  -2.3338**  

Age of household head 0.0140  2.1287**   0.0245  4.3477**  

Summary statistics: number of observations=342; L(0)= -1743.7; L(�̂�)=-1366.5;  

LR=-2[L(0)-L(�̂�)]=754.4; 𝜌2 = 0.2163 

Note: ** 5% significant level; * 10% significant level 

Table 5.3 Preference parameters in Cobb-Douglas utility function 

  Preference parameter t 

Male head  0.8782 147.7702 

Female head  0.8957 196.5210 

5.4.4 Prediction and impact analysis 

The proposed two-stage game-theoretical model (in conjunction with the solution 

approach and parameter estimates) can be applied to prediction and sensitivity analysis 

to demonstrate its predictive power. Table 5.4 presents the prediction results concerning 
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household car ownership. As shown in section 5.4.1, households with more than one 

car only accounts for a tiny percentage; therefore, it is unnecessary to further classify 

non-zero car households into households with one car, two cars or more than three cars. 

Out of the 209 households observed with zero car ownership, 170 cases are predicted 

correctly, indicating a accuracy rate of 81.3%. In comparison, out of the 133 households 

that actually bought cars, 78 (58.6%) cases are predicted accurately. Overall, 72.5% 

correctness is achieved in prediction test of the sample data, suggesting a high accuracy 

rate for sample size of 342 households.   

Table 5.4 Observed and predicted case that households own cars or not 

Observed   Predicted       

    Without cars With cars Percentage correct (%) 

Without cars 170   39 81.3% 

With cars  55  78 58.6% 

Overall % correct       72.5% 

Furthermore, the proposed model can be applied to analyze the impacts of vehicle 

rationing policies. As displayed in figure 5.2, when vehicle rationing degree deepens 

from 1 (no restriction) to 0 (full restriction), the average car ownership level per 

household increases slightly at first and then decreases dramatically. The increase under 

mild restriction is because some financially well-off households are inclined to buy 

additional cars to ensure their daily car access. Although few households may also be 

demotivated to give up their car purchase plan, the effect on the latter is less significant 

under mild restriction. However, when the degree of restriction deepens, making it 

inefficient to buy additional cars or first cars, the average car ownership level per 

household decreases sharply. The maximal point of average car ownership level per 

household is achieved at a rationing degree of around 0.7.  
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Figure 5.2 Effects of car rationing degree on household car ownership level 

To investigate how varying rationing degrees affect household heads’ time allocation 

patterns, figure 5.3 plots the percentage change of time allocation for subsistence, 

maintenance, recreation and travel activities with respect to rationing degree. In general, 

the influence of changing rationing degrees on travel time is more significant than its 

influence on other activities. As can be seen, the travel time expenditure of both heads 

rise remarkably in response to increasingly strict restriction on car usage. The reason 

is that they have to switch to other transport modes (such as buses) when cars are 

unavailable for travel, which tends to be more time-consuming. Furthermore, male 

heads turn out to be more sensitive to changing rationing degrees than their female 

counterparts, probably because males are more inclined to drive cars in their daily 

travel. To some extent, this is in consistency with the fact that a much higher proportion 

of male heads possess driving license than that of female heads, as shown in Table 5.1. 

Additionally, figure 5.3 reveals that for both spouses, time allocated to subsistence and 

recreation activities will decrease when rationing degree deepens, but at much smaller 

scale than the change of travel time. In comparison with subsistence activities, which 

are mostly out-of-home activities necessitating commuting, some recreation activities 
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are performed at home; therefore, recreation activities are slightly less sensitive to car 

rationing intensification than subsistence activities. The relative invariance of 

maintenance activities with respect to changing car rationing degree is because the two 

household heads are required to finish a certain amount of household maintenance tasks.  

Figure 5.3 Effects of car rationing degree on household time allocation 

5.5 Discussion and conclusion 

This chapter tried to develop a game-theoretic model to study household car ownership 

decision from the perspective of time allocation. Interactions between spouses in long-

term household car ownership decision and short-term time allocation decisions were 

explicitly taken into account through the adoption of a two-stage modeling framework. 

Car ownership decision was formulated as a Nash bargaining problem in the upper 
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level model with male and female head involved as joint decision makers. The obtained 

Nash bargaining solution is a compromise between utilitarianism and egalitarianism, 

which is able to capture spouses’ concern for equity in comparison with the 

conventional utilitarian approach. Time allocation decision was formulated as a 

generalized Nash equilibrium problem in the lower level model that incorporated 

spouses’ interactions concerning activity participation. A heuristic procedure was 

proposed to solve the two-stage model, which combined backwards induction and the 

method of exhaustion.  

To examine the prediction performance of proposed model and investigate interactions 

between households’ long-term and short-term decisions, empirical data collected in 

Beijing from 2011 to 2012 were utilized to calibrate the model and assess the impacts 

of plate-number-based vehicle usage rationing policies (under implementation in 

Beijing) on car ownership and daily time allocation pattern as a case study. Results 

showed that when car rationing degree intensified from no restriction to full restriction, 

the average car ownership level per household within the sampled area increased 

slightly at first and then decreased dramatically after reaching a peak point. Another 

finding was that the changing rationing degree had a significant impact on spouses’ 

travel time, minor impact on their time expenditure on subsistence and recreation 

activities, and almost no impact on their engagement in maintenance activities. By 

providing insights on how household members make interactive decisions on car 

ownership level and the resultant time allocation patterns, together with the impacts of 

vehicle usage rationing policies, the proposed model and findings can serve as effective 

guidance to transport planners and policy makers.   

Some directions can be further explored in future research. First, various monetary 

expenditures on short-term activity participation can be considered to analyze monetary 

expenditure tradeoffs, and the proposed modeling framework could be easily modified 

to allow for non-negative restrictions on time and money expenditures. Second, for 
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income generated subsistence activities, an extension could be made by assuming 

different wage patterns, such as a combination of fixed salary for mandatory working 

hours and incremental salary for extra working hours. Third, for the proposed game-

theoretic formulation, generalized Nash equilibrium (GNE) as a solution to non-

cooperative game may not always be Pareto efficient (Chen and Woolley, 2001). This 

makes it possible for household members to form a cooperation in making repeated 

daily time allocation decisions so that everyone can be better off. Then in this situation, 

the second stage game can be formulated as a bargaining problem as well, with GNE 

as its internal threat point. Furthermore, a direct extension can be made to the proposed 

modeling framework: apart from the two household heads, it can involve a third 

stakeholder (e.g., teenagers with driving license). Third, to address the econometric 

challenge of simultaneous estimation, efforts can be devoted to exploring the 

correlations between the stochastic error terms in car ownership model and the 

stochastic error terms in baseline utility of time allocation model. Fourth, the timing 

choice of car purchase can be incorporated to accommodate purchases at different time 

points, and the implicit consideration of travel mode choice can be bettered by an 

explicit consideration with more mode alternatives available. As for travel time, it 

would be interesting to consider the reciprocal interactions between travel time 

spending and car usage probability, as well as between time allocations to travel and 

non-travel activities.  
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Chapter 6 Modeling household relocation choice: an 

egalitarian bargaining approach and a comparative 

study  

6.1 Introduction and motivation 

Residential relocation is the action of individual/household residing in one dwelling 

moving to a new place. The new place can be a nearby location in the same 

neighborhood, a much farther location in the same city, or an even farther location in a 

different city or a different country. This study focuses on intra-city relocation of 

households. Sparked by rapid urban expansion and fast population growth, a 

progressive trend of residential relocation can be observed in many big cities in 

developing countries. For instance, Beijing has experienced rapid pace of urban 

expansion. It has an average urban growth rate of 7.28% per year in the period 1970-

2013, and a new trend of suburbanization (from government-led to market-oriented) 

begun to emerge since 1990 (Feng et al., 2008; Zhang et al., 2016). This phenomenon 

necessitates the study and deep exploration of residential relocation problem. The study 

of residential relocation problem plays an important role in urban planning and policy-

making. On one hand, it facilitates the understanding of how the relocation choices are 

made by individuals or households, as well as how and to what extent factors like 

distance to workplace, distance to CBD, housing price and so on impact the choice of 

potential new residence (Ben-Akiva and Bowman 1998; Bhat and Guo, 2004; 

Zolfaghari, 2012). On the other hand, residential location/relocation choice models are 

important components of integrated land use-transport model systems, which can help 

to predict urban dynamics and how urban landscape is shaped over time (Waddell et al. 

2003; Waddell, 2011; Moeckel, 2017).  
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6.1.1 Previous studies on residential relocation  

Residential relocation decision may cover several dimensions, including the reason for 

relocation, timing for relocation, attributes of the desired residence, etc. (Rashidi and 

Ghasri, 2017). Methods for modeling choices related to residential relocation can be 

broadly classified into two main streams. One is the aggregate models (macro level) 

that predict the portion of households in a given neighborhood with likelihood to move, 

based on built environment, socio-economic environment and so on at an aggregate 

level. The other is the disaggregate models (micro level) that predict at individual or 

household levels (Kortum et al., 2012). Only the latter is reviewed here because this 

chapter focus on the disaggregate modeling of residential relocation, which is more 

behaviorally appealing.  

In disaggregate models, binary discrete choice model is commonly used for modeling 

residential relocation because the estimation can be carried out on cross-sectional 

activity-travel surveys seeking information on whether the sampled household moved 

in the past “x” years or not (e.g. Ettema, 2011). The decision is treated as a binary 

choice (move/no-move) and modeled as a function of various influencing factors 

categorized previously. Eluru et al. (2009) extended the binary choice model to a joint 

multinomial logit model of reason for move and a grouped logit model of residential 

stay duration preceding the move. The model is estimated on data that captures 

information about residential moves over 20 years. By considering reasons for move 

as an endogenous variable, the results show that females are more likely to move due 

to family-related or personal reasons, larger households are more likely to not move, 

and individuals that commute by alternate modes instead of car are more likely to move. 

To further investigate the underlying reasons that people choose to move their 

residences or not and demonstrate the endogeneity of primary reason for moving, 

Kortum et al. (2012) developed a joint model including a binary choice of whether a 

household choose to move or not and a multinomial choice of the primary reason for 



 

96 

 

  

choosing to locate in a certain residence. Model estimation results showed that a host 

of demographic and socio-economic attributes significantly affected the primary reason 

for choosing a particular residence. Lee and Waddell (2010) attempted to fill literature 

gap by developing a joint model that connected whether to move or not and which 

location to move. These two choice dimensions are connected by a nested logit 

framework. A correction for sampling bias was introduces, because for the nested logit 

model, it is not possible to carry out random sampling of alternatives without 

introducing sampling bias. Rashidi and Ghasri (2017) discussed a competing hazard-

based model for decisions on residential relocation reason and timing. They tried to 

capture the impact of group decision making among household members on residential 

relocation choice through the inclusion of group decision-making attributes. These 

attributes cover jointly making decisions for large household purchases, jointly making 

decisions on saving, investment, and borrowing, jointly making decisions on social life 

and leisure activities and child rearing, etc. Results showed that these group decision-

making attributes had significant impact on relocation choices.  

Apart from these joint models that connect several dimensions related to residential 

relocation choice, Habib and Miller (2009) developed the reference-dependent 

residential relocation choice model by using current residential location as reference 

point. The incorporation of reference dependence can explicitly recognize the role of 

status quo and capture individuals’ asymmetric responses toward gains and losses in 

making location choice decisions. When comparing with conventional model that 

addresses residential location choice, this type of model provides more important 

behavioral insights and is demonstrated to performance better in terms of model fit. 

Chen (2009) developed a generalized extreme value model for choice of residential 

relocation places that account for spatial correlation among neighborhoods. The 

influence of prior location on the choice of potential places were also considered by 

assuming that the preferences toward various attributes of potential locations were 

functions of the characteristics of the current location and the prior location. The 
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empirical results confirmed that previous housing experiences exerted influence upon 

new location choices. López-Ospina et al. (2017) developed a microeconomic 

formulation of residential location choice model that incorporated the effects of past 

experiences and the dynamics of the population’s socioeconomics. Previous experience 

was considered via a dynamic learning process.  

6.1.2 Research motivation  

All of the above-mentioned studies treat individual or a unitary household as the basic 

decision unit, ignoring the interactions among household members. Although group 

decision-making attributes concerning various household choices were considered by 

Rashidi and Ghasri (2017), the model was still individual based, neglecting the explicit 

interactions among household members on relocation choices. Indeed, residential 

relocation choice should be regarded as a joint decision due to its long-lasting impact 

on every member, but little effort has been devoted to exploring how household 

members’ make interactive decisions concerning residential relocation. Choice of 

residential relocation will impact household members’ commuting distance, access to 

amenities, activity patterns, etc. Family is a group of people united by kinship, family 

members care about mutual benefits, seek for egalitarianism and may care more about 

egalitarianism than utilitarianism when collaboratively making some household 

choices, especially when more and more wives go into the workforce and increase their 

family status in modern society (Tereškinas, 2010; Ogolsky et al., 2014). Because of 

the enduring impact on all household members and everyone’s interests and desires 

need to be taken care of, it is highly likely for household members to interact with each 

other and make compromises to reach a final agreement on choice of residential 

relocation. For example, for two-worker households, if the potential relocation place is 

very close to one worker, but very far from the other worker, this option is unlikely to 

be accepted by both of them.  
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In view of the above, this chapter will make an initial attempt to propose the 

employment of egalitarian bargaining solution from cooperative game theory (Kalai, 

1977; Roth, 1979) to study household choice problem in residential relocation context. 

In consideration that households may vary in their merit of utilitarianism and 

egalitarianism in group decision-making, a comparative study will be carried out 

among the proposed egalitarian bargaining approach, the Nash bargaining approach, 

and the conventional utilitarian approach. These three approaches differ in their 

solution principles, namely, decrease sequentially in capturing group’s concern for 

equity, while increase sequentially in capturing group’s concern for efficiency. Details 

about these three approaches have been introduced when presenting theoretical 

framework in Chapter 3. Additionally, in reality, household members with different 

socio-demographic backgrounds and personalities may vary in their concerns for 

fairness and efficiency. Thus, they may use different group decision mechanisms in 

their consensual decision-making on residential relocation choice. This study will also 

try to accommodate heterogeneous group decision principles into a unified modeling 

framework as an indicative test.  

6.2 Model formulation 

6.2.1 Construction of value functions for different principles 

Let 𝑠 = {𝑎, 𝑏, 𝑐}  represent household group decision making based on egalitarian 

bargaining, Nash bargaining, and utilitarian principle respectively. As mentioned in 

Chapter 3, the egalitarian bargaining solution is based on the principle of maximizing 

the minimum of surplus utilities and the outcomes tend toward equality. It is in close 

connection with Rawls’ (1971) theory of justice by concerning for the least advantaged 

person (Kalai, 1977; Roth, 1979). This solution selects the weakly efficient agreement 

using max-min rule (maximizing the minimum of surplus utilities), putting more 

attention on fairness (Hinojosa and Mármol, 2011). It is formulated as,  
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𝜋𝑔
𝑎,𝑗

= 𝑚𝑖𝑛
𝑖

{
1

𝜔𝑔,𝑖
𝑎 (𝑢𝑔,𝑖

𝑎,𝑗
− 𝑢𝑔,𝑖

𝑎,0)}                                                                                  (6.1) 

where 𝜋𝑔
𝑎,𝑗

 represents household g's value function for choosing relocation alternative 

j when using the egalitarian solution principle. 𝜔𝑔,𝑖
𝑎  is the relative weight (power) of 

household member i (from household g) in joint decision making. 𝑢𝑔,𝑖
𝑎,0

  is reference 

utility level, which is set as the residential utility at original residence in this study.  

This is behaviorally appealing because previous studies have demonstrated that 

previous residence tended to serve as an important reference and play a critical role in 

the selection of new residence (Habib and Miller, 2009; Chen, 2009; López-Ospina et 

al., 2017). Notation 𝑢𝑔,𝑖
𝑎,𝑗

  represents household member i's (from household g) 

residential utility for choosing relocation alternative j based on egalitarian principle. It 

is a function of individual/household level and residential attributes,    

𝑢𝑔,𝑖
𝑎,𝑗

= 𝑓 (𝜸
𝒊,𝒂

∙ 𝝌
𝒈,𝒊

)                                                                                                       (6.2) 

where 𝝌𝒈,𝒊  is the vector of individual/household level attributes and residential 

attributes, and 𝜸𝒊,𝒂  is the associated parameters to be estimated using egalitarian 

principle.  

The Nash bargaining solution is the best-known and most widely used cooperative 

game-theoretic approaches. It is “between” the utilitarian and egalitarian points 

(Rachmilevitch, 2016). Therefore, it balances fairness and efficiency, which is a 

tradeoff and compromise between egalitarianism and utilitarianism. Household 

members choose residential relocation place aiming to maximize the following Nash 

product,  

𝜋𝑔
𝑏,𝑗

= ∏(𝑢𝑔,𝑖
𝑏,𝑗

− 𝑢𝑔,𝑖
𝑏,0)

𝜎𝑔,𝑖

𝑖

                                                                                         (6.3) 
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where 𝜋𝑔
𝑏,𝑗

  represents household g's value function (also called Nash product) for 

choosing relocation alternative j, corresponding to using the Nash bargaining solution 

principle. 𝜎𝑔,𝑖 is household member i's (from household g) bargaining power in joint 

decision making. 𝑢𝑔,𝑖
𝑏,0

  is the threat point utility for household member i (from 

household g) in the case that family members fail in consensual decision-making, 

which is set as the residential utility at original residence in this study. In this way, the 

original residence is accommodated as a reference point for seeking new residences.   

The utilitarian solution approach has been previously adopted for modeling residential 

location choice that considers different household members as joint decision makers. 

It selects an agreement point under which the sum of the player’s utilities is maximized 

(maximizing the sum of weighted utilities). It is a conventional approach that has been 

widely used to model household members’ joint decision making on activity 

participation, time allocation, residential location. For residential relocation choice 

problem, the mathematical formulation is to choose a potential relocation alternative j 

that maximizes the following group utility,  

𝜋𝑔
𝑐,𝑗

= ∑𝜔𝑔,𝑖
𝑐 𝑢𝑔,𝑖

𝑐,𝑗

𝑖

                                                                                                          (6.4) 

where 𝜋𝑔
𝑐,𝑗

  represents household g's value function (also called group utility) for 

choosing relocation alternative j when using the utilitarian solution principle.  

Taking a look at the above mathematical formulations for three different group decision 

principles, it can be found that the egalitarian principle shows the most concern for 

equity but least concern for efficiency. On the contrary, the utilitarian principle shows 

the most concern for efficiency but least concern for equity. As for the Nash bargaining 

principle, its concern for efficiency and equity is between these two principles. 

Furthermore, it can be noted both the Egalitarian principle and Nash bargaining 

principle can accommodate the existence of reference point, which is set as the utility 



 

101 

 

  

at original residence in this context of residential relocation choice. But this doesn’t 

apply to the utilitarian principle. In addition, an advantage regarding the mathematical 

formulation of Egalitarian max-min principle is that it allows for direct interpersonal 

comparisons, which could not be realized by the utilitarian principle or Nash bargaining 

principle.  

6.2.2 Accommodation of heterogeneity 

As declared by Curry et al. (1991), it is hard to determine a priori criterion for selection 

among the possible group decision mechanisms, because the choice should be made 

based on a good match between model and problem and on relevant empirical evidence. 

Latent class (LC) choice models are particularly suitable to investigate and 

accommodate the existence of decision rule heterogeneity, and they have played a 

dominant role in the investigation of decision rule heterogeneity in transportation 

studies. Specifically, the heterogeneity can be accommodated by classifying 

individuals/households into unobserved groupings (latent classes) with similar (more 

homogeneous) patterns (Berlin et al., 2014). Latent class discrete choice modeling 

approach is appropriate for this analysis under our hypothesis that household members 

with different socio-demographic backgrounds and personalities will have different 

decision mechanisms in their consensual decision-making on residential relocation 

choice. Apart from the commonly used socio-demographic attributes for determining 

class membership probability, this research incorporates personality attributes as well. 

It is obvious that household members’ personality characteristics are very likely to 

influence the decision rules of the household (Krueger, 1985). For example, household 

members that are more concerned for others may show higher tendency towards 

egalitarianism in joint decision making. The following logit model is specified to 

determine how these attributes affect the class membership probability (Bhat, 1997; 

Walker and Li, 2007; Boeri et al., 2014; Charoniti et al., 2016),   
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𝑀𝑔𝑠 =
𝑒𝑥𝑝(𝜇𝑠 + 𝝉𝒔 ∙ 𝒁𝒈)

∑ 𝑒𝑥𝑝(𝜇𝑠′ + 𝝉𝒔′ ∙ 𝒁𝒈)𝑆
𝑠′

                                                                                   (6.5) 

where 𝑀𝑔𝑠 denotes household 𝑔’s membership probability to class s. 𝜇𝑠 is the class-

specific constant. 𝒁𝒈  is a vector of variables characterizing household 𝑔 ’s class 

membership probability and 𝝉𝒔 is the associated parameters. In estimation, only 𝑆-1 set 

of coefficients can be interpedently estimated to avoid identification purpose (Boeri et 

al., 2014). Set the coefficients of one arbitrary class to 0, namely 𝜇𝑠1
= 0 and 𝝉𝒔𝟏

= 0, 

so that for this class 𝑠1 the membership probability is   

𝑀𝑔𝑠1
=

1

1 + ∑ 𝑒𝑥𝑝(𝜇𝑠′ + 𝝉𝒔′ ∙ 𝒁𝒈)𝑆−1
𝑠′

                                                                       (6.6) 

6.3 Model estimation 

In consideration that the min-type value function is intractable for the estimation 

process, an approximation will be carried out. Approximate the min-type value function 

by the following smooth function (Boyd and Vandenberghe, 2004; Tsoukalas et al., 

2009), 

𝜋𝑔
𝑎,𝑗

= −
1

𝜌
𝑙𝑛 [∑ 𝑒𝑥𝑝(−𝜌

1

𝜔𝑖
(𝑢𝑔,𝑖

𝑗
− 𝑢𝑔,𝑖

0 ))

𝑖

]                                                      (6.7) 

The larger 𝜌>0, the closer the approximation is to the minimum. 

Assume Gumbel distributed additive error terms to the value functions in equation (6.3), 

(6.4) and (6.7) respectively, then the class-specific choice probability 𝑃𝑔𝑗/𝑠, namely, 

the probability that household 𝑔 chooses alternative j using group decision mechanism 

s can be calculated as,  
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𝑃𝑔𝑗/𝑠 =
𝑒𝑥𝑝(𝜋𝑔𝑗

𝑠 )

∑ 𝑒𝑥𝑝(𝜋𝑔𝑘
𝑠 )𝑘

        ∀𝑠 = 𝑎, 𝑏, 𝑐                                                                      (6.8) 

The choice likelihood for household 𝑔 on the condition that household 𝑔 belongs to 

segment 𝑠 can be calculated as  

𝐿𝑔𝑠 = ∏(𝑃𝑔𝑗/𝑠)
𝛿𝑔𝑗

𝐽

𝑗=1

= ∏(
𝑒𝑥𝑝(𝜋𝑔𝑗

𝑠 )

∑ 𝑒𝑥𝑝(𝜋𝑔𝑘
𝑠 )𝑘

)

𝛿𝑔𝑗

   

𝐽

𝑗=1

∀𝑠 = 𝑎, 𝑏, 𝑐                            (6.9) 

where 𝑃𝑔𝑗/𝑠 denotes the probability that household 𝑔 belonging to segment 𝑠 choose 

alternative 𝑗.  𝛿𝑔𝑗 equals 1 if household 𝑔 choose alternative 𝑗 and 0 otherwise.  

The likelihood function of observing a vector of choices for all decision-makers in the 

sample is,  

𝐿 = ∏∑𝑀𝑔𝑠

𝑆

𝑠=1

𝐿𝑔𝑠

𝑔

= ∏∑[
𝑒𝑥𝑝(𝜇𝑠 + 𝝉𝒔 ∙ 𝒁𝒈)

∑ 𝑒𝑥𝑝(𝜇𝑠′ + 𝝉𝒔′ ∙ 𝒁𝒈)𝑆
𝑠′

∏(
𝑒𝑥𝑝(𝜋𝑔𝑗

𝑠 )

∑ 𝑒𝑥𝑝(𝜋𝑔𝑘
𝑠 )𝑘

)

𝛿𝑔𝑗𝐽

𝑗=1

]

𝑆

𝑠=1𝑔

 

                                                     (6.10) 

The equation (6.10) is characteristic of finite probability mixture models, making the 

maximization of the likelihood function using the traditional Newton or quasi-Newton 

computationally unstable (Redner and Walker, 1984; McLachlan and Basford, 1988; 

Bhat, 1997). Therefore, the expectation-maximization (EM) algorithm is adopted for 

estimation. It is an iterative optimization approach broadly applicable to the 

computation of maximum likelihood estimates, especially useful in various incomplete 

(“missing” or “hiding”) data problems (McLachlan and Krishnan, 2007). Over the 

years, the EM algorithm has gained popularity in estimation of latent class models 

owing to its stability, simplicity and easiness for implementation, while missing data 

for the EM algorithm are the class membership of each agent (Train, 2008; Sun et al., 

2012). For latent segment logit model, Zenor and Srivastava (1993) demonstrated that 
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the estimates from EM algorithm provide the best latent partitioning for any desired 

number of segments (Zhang et al., 2009). The EM algorithm comprises two steps, the 

E-step and the M-step.   

Let 𝑞𝑔𝑠 be the discrete latent variable that equals to 1 if household 𝑔 belongs to latent 

segment 𝑠  and 0 otherwise. The first step for implementing EM algorithm entails 

writing the complete log-likelihood function assuming that discrete latent variable 𝑞𝑔𝑠 

is observable (El Zarwi, 2017). Then the likelihood function could be written as 

𝐿 = ∏∏[
𝑒𝑥𝑝(𝜇𝑠 + 𝝉𝒔 ∙ 𝒁𝒈)

∑ 𝑒𝑥𝑝(𝜇𝑠′ + 𝝉𝒔′ ∙ 𝒁𝒈)𝑆
𝑠′

∏(
𝑒𝑥𝑝(𝜋𝑔𝑗

𝑠 )

∑ 𝑒𝑥𝑝(𝜋𝑔𝑘
𝑠 )𝑘

)

𝛿𝑔𝑗𝐽

𝑗=1

]

𝑞𝑔𝑠

𝑠𝑔

                  (6.11) 

Take logarithmic form, the complete log-likelihood function can be broken into two 

separate parts as follows16,   

𝑙𝑛𝐿 = ∑∑𝑞𝑔𝑠𝑙𝑛

𝑠𝑔

𝑒𝑥𝑝(𝜇𝑠 + 𝝉𝒔 ∙ 𝒁𝒈)

∑ 𝑒𝑥𝑝(𝜇𝑠′ + 𝝉𝒔′ ∙ 𝒁𝒈)𝑆
𝑠′

+ ∑∑∑𝑞𝑔𝑠𝛿𝑔𝑗

𝑗

𝑙𝑛
𝑒𝑥𝑝(𝜋𝑔𝑗

𝑠 )

∑ 𝑒𝑥𝑝(𝜋𝑔𝑘
𝑠 )𝑘𝑠𝑔

 

                                     (6.12) 

Using Bayes’ Theorem, at the (t+1) iteration, the updates for expected membership 

𝑞𝑔𝑠
(𝑡+1)

 of household 𝑔 belonging to segment 𝑠 can be compute by the following E-step,  

                                                 

 

16 The estimates for each separated model of group decision making mechanism can be obtained in this 

way: for all households, set 𝑞𝑔𝑠=1 for that particular mechanism and 𝑞𝑔𝑠=0 for the other two mechanisms, 

and then solve the log-likelihood function in equation (6.12). 
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𝑞𝑔𝑠
(𝑡+1)

=

𝑒𝑥𝑝(𝜇𝑠
(𝑡)

+ 𝝉𝒔
(𝒕)

∙ 𝒁𝒈)

∑ 𝑒𝑥𝑝(𝜇𝑠′
(𝑡)

+ 𝝉𝒔′
(𝒕)

∙ 𝒁𝒈)𝑆
𝑠′

∏ (
𝑒𝑥𝑝(𝜋𝑔𝑗

𝑠 )
(𝑡)

∑ 𝑒𝑥𝑝(𝜋𝑔𝑘
𝑠 )

(𝑡)
𝑘

)

𝛿𝑔𝑗

𝐽
𝑗=1

∑ [
𝑒𝑥𝑝(𝜇𝑠

(𝑡)
+ 𝝉𝒔

(𝒕)
∙ 𝒁𝒈)

∑ 𝑒𝑥𝑝(𝜇𝑠′
(𝑡)

+ 𝝉𝒔′
(𝒕)

∙ 𝒁𝒈)𝑆
𝑠′

∏ (
𝑒𝑥𝑝(𝜋𝑔𝑗

𝑠 )
(𝑡)

∑ 𝑒𝑥𝑝(𝜋𝑔𝑘
𝑠 )

(𝑡)
𝑘

)

𝛿𝑔𝑗

𝐽
𝑗=1 ]𝑠

               (6.13) 

After deriving the expressions for updates in the E-step for 𝑞𝑔𝑠
(𝑡+1)

, we can proceed with 

the M-step. In M-step, the expectation of membership 𝑞𝑔𝑠
(𝑡+1)

 is treated as known value. 

Compute the first-order conditions for the complete log-likelihood function with 

respect to the unknown parameters,  

𝑙𝑛𝐿 = ∑∑𝑞𝑔𝑠𝑙𝑛

𝑠𝑔

𝑒𝑥𝑝(𝜇𝑠 + 𝝉𝒔 ∙ 𝒁𝒈)

∑ 𝑒𝑥𝑝(𝜇𝑠′ + 𝝉𝒔′ ∙ 𝒁𝒈)𝑆
𝑠′

+ ∑∑∑𝑞𝑔𝑠𝛿𝑔𝑗

𝑗

𝑙𝑛
𝑒𝑥𝑝(𝜋𝑔𝑗

𝑠 )

∑ 𝑒𝑥𝑝(𝜋𝑔𝑘
𝑠 )𝑘𝑠𝑔

 

                                                           (6.14) 

It is worth to be noted that Bhat (1997) proposed another perspective of constructing 

the complete log-likelihood function, which turned out to be the same with the 

expression in equation (6.14). His philosophy is to derive the necessary first-order 

conditions for maximizing the log-form of likelihood function expressed in equation 

(6.10) with respect to the parameters to be estimated respectively, and then construct 

the complete log-likelihood function for estimating all the parameters through a 

combination of several MNL log-likelihood functions.  

Based on equation (6.14), we can obtain the following updates for unknown parameters 

in the M-step:  

𝜇𝑠
(𝑡+1)

, 𝝉𝒔
(𝒕+𝟏)

= 𝑎𝑟𝑔𝑚𝑎𝑥 ∑∑𝑞𝑔𝑠
(𝑡+1)

𝑙𝑛

𝑠𝑔

(
𝑒𝑥𝑝(𝜇𝑠

(𝑡)
+ 𝝉𝒔

(𝒕)
∙ 𝒁𝒈)

∑ 𝑒𝑥𝑝(𝜇𝑠′
(𝑡)

+ 𝝉𝒔′
(𝒕)

∙ 𝒁𝒈)𝑆
𝑠′

)         (6.15) 
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𝜸𝒊,𝒔
(𝒕+𝟏)

= 𝑎𝑟𝑔𝑚𝑎𝑥 ∑∑∑𝑞𝑔𝑠
(𝑡+1)

𝛿𝑔𝑗

𝑗

𝑙𝑛 (
𝑒𝑥𝑝(𝜋𝑔𝑗

𝑠 )
(𝑡)

∑ 𝑒𝑥𝑝(𝜋𝑔𝑘
𝑠 )

(𝑡)

𝑘

)

𝑠𝑔

                        (6.16) 

Thus, the new guess for the model parameters can be obtained. The EM algorithm 

keeps iterating between the E-step and M-step, until the convergence is reached.  

6.4 Empirical case study  

6.4.1 Data source and sample formation 

The primary data source used for this study is a panel data drawn from a two-wave 

(before and after home relocation) household activity-travel diary survey conducted in 

Beijing. The usage of panel data enables the consideration and incorporation of effects 

from previous residential location on choice of new location. The dataset includes 

information on residential location, built environment, household/individual level 

socio-economic and household demographic, personality characteristics, etc. 

Respondents were home movers recruited through a multi-stage stratified sampling 

method to ensure that the samples were in proportion to the total numbers of three types 

of home movers (renters, new property buyers and second-hand home buyers) in each 

district of Beijing. The first wave was collected from November 2011 to June 2012, 

with 1243 individuals from 467 households sampled from 12 urban and suburban 

districts successfully completing the questionnaire survey through face-to-face 

interviews. The second wave was collected from April to August 2013, after 

respondents had been living in their new homes for more than 6 months. There are 587 

respondents from 229 households taking part in the second wave data collection. Only 

dual-head households with full information in both waves are used to form the final 

sample for the empirical case study. There are 166 dual-head households after 

elimination. The sample size is relatively limited because of difficulties in approaching 

home movers in a large quantity. Considering that that children in many cases neither 
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have the capacity nor the power to influence household decisions and following the 

normal practice of studies on household decision problems in literature, this empirical 

study assumes that only husband and wife are involved in the household decision 

making concerning residential relocation choice.  

The second source of data is obtained from the Beijing City Lab17, including parcel 

level data as well as housing price information in Beijing. The parcel level data includes 

information about geographic location, density, land-use, shape area, POI (point of 

interest), etc., which are gathered in from 2010 to 2012. Details about the data 

information is introduced by Liu and Long (2016). The housing price information was 

Crawled from Ganjiwang website (a popular housing website in China) on October, 

2013, which includes housing prices for 7832 housing projects in Beijing.   

There are 12,348 parcels in Beijing. A random sampling approach is applied to 

construct the choice set, which is a common way to handle the huge number of choice 

alternatives in location studies (e.g. Ben-Akiva and Bowman, 1998; Guo and Bhat, 

2007; Habib et al., 2011; Guevara and Ben-Akiva, 2013). The constructed choice set 

includes the chosen relocation alternative and nine randomly selected non-chosen 

relocation alternatives. As demonstrated by McFadden (1978), if the model underlying 

the choice process is multinomial Logit model, then consistent estimation can be 

obtained under random sampling of alternatives from the global choice set.  

6.4.2 Specification of variables 

Following the normal practice of studies on household decision problems in literature, 

we involve male and female head as decision makers in this empirical case study. For 

                                                 

 

17 Website: https://www.beijingcitylab.com/data-released-1/data1-20/  

https://www.beijingcitylab.com/data-released-1/data1-20/
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husband and wife respectively, the vector of individual/household level attributes and 

residential attributes 𝝌𝒈,𝒊  include: distance to workplace, distance to CBD, ratio of 

housing price to household income, land use mix and land-use density. Distance to 

workplace is closely linked with workers’ daily commuting distance, and would 

certainly be a very important factor in the choice of potential relocation places. 

Previous studies have identified that distance between home and the urban center (CBD) 

was an important determinant of travel distance (e.g. Naess et al., 1995; Hickman and 

Banister, 2004).  

It has been observed that price-sensitivity reduces with rising income, therefore, the 

ratio of housing price to household income is adopted and a logarithmic form is taken 

to reflect the diminishing marginal effect (Walker and Li, 2007; Schirmer et al., 2012). 

The log-form ratio has been used by other researchers as well (e.g. Habib and Miller, 

2009) 

The land-use mix index M of a parcel is calculated by (Liu and Long, 2016) 

𝑀 = − ∑ 𝑝𝑛 ∗ 𝑙𝑛(𝑝𝑛)

𝑁

𝑛=1

                                                                                          (6.17) 

where 𝑁 is the number of POI types in the parcel, and 𝑝𝑛 is the proportion of POI type 

𝑛 among all the POIs in the parcel. In the data, there are 8 types of POI: commercial 

sites, office building/space, transport facilities, government, education, residence 

communities, green space, others.  The land-use mix index reflects the POI diversity. 

It can be noted that a more balanced distribution of the POI types will induce higher 

value of land-use mix index.  

Land-use density is defined as the ratio between the counts of point of POIs in or close 

to a parcel to the parcel area. Therefore, the unit of land-use density is POI count per 
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km2. The density is further standardized to range from 0 to 1 (refer to Liu and Long 

(2016) for detailed information).  

The vector of variables characterizing household 𝑔’s class membership probability 𝒁𝒈 

is supposed to include: personality attributes of husband and wife, age of husband and 

wife, employment information of husband and wife. In the activity-travel diary survey, 

personality attribute was obtained by asking the respondent to select a scale option for 

rating question “I think I am highly concerned for and kind to almost all people”, with 

rating scale from 1 to 7. Where 1 is ‘totally disagree’ and 7 is ‘totally agree’. For 

employment information, an indicator is included to denote whether husband and wife 

are in the same employment status (both employed or both unemployed).  

The relative weight (power) of household member i (from household g) in joint 

decision making 𝑤𝑔𝑖 or household member i's (from household g) bargaining power in 

joint decision making 𝜎𝑔,𝑖 are supposed to be determined by the wage rate of husband 

and wife.  

6.4.3 Results of model estimation  

The results of estimation for relocation choice models based on three different decision 

principles respectively are presented in Table 6.1. Goodness-of-fit of all the three 

models are between 0.2 to 0.4, indicating that the goodness-of-fit is satisfactory 

(McFadden, 1977). The model based on Nash bargaining principle has the best model 

fit, indicating that it can best represent household relocation choice behavior in the 

dataset. Nash bargaining solution is between” the utilitarian and egalitarian points. This 

suggests that instead of merely seeking for egalitarianism or utilitarianism, household 

members in the randomly sampled data are more likely to strike a balance between 

fairness and efficiency when choosing potential relocation places. In comparison with 

that of utilitarian principle, models using egalitarian principle and Nash bargaining 

principle provide big improvement in model fit, suggesting that it is important to 
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consider egalitarianism when modeling household members’ collective choice on 

residential relocation.  

The estimated results are in line with expectations. Some insights can be obtained from 

the estimated coefficients and t values for these three types of models. It is obvious that 

both heads would significantly prefer shorter distances between the potential relocation 

place and their workplaces. The negative influence of home-work distance on 

residential utility has been evidenced by other studies as well (e.g. Bürgle, 2006; Fatmi 

et al, 2017). Distance to workplace is valued more negatively than distance to CBD. 

Distance to CBD is revealed to have non-significant and negative impact on residential 

utility, this kind of negative relationship is supported by previous studies (e.g. Fatmi et 

al, 2017). An underlying reason might be that households living closer to CBD have 

better access to amenities and more convenience when conducting activities to meet 

personal and household needs (Tana et al., 2016). However, this kind of influence is 

not that powerful in comparison with that of home-work distance. The negative impact 

of ratio housing price to household income suggests that household members would 

prefer to reduce the proportion of income spent on housing (Bürgle, 2006; Guo and 

Bhat, 2007; Habib and Miller, 2009). Higher values of land-use mix index and land-

use density both tend to increase the pleasure of living.  

As described earlier, in reality, household members with different socio-demographic 

backgrounds and personalities will have different decision mechanisms in their 

consensual decision-making on residential relocation choice. It is necessary to 

accommodate the differences through a more complicated model. In this study, the 

latent class choice framework is adopted to accommodate heterogeneous group 

decision principles into the modeling framework. In consideration that there are 42 

parameters to be estimated for the latent class choice model, the small sample size (166 

randomly sampled households) is only used as an indicative test study for this 
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complicated model18. It shows that Nash bargaining principle has a latent membership 

probability of 63%, Egalitarian bargaining principle has a latent membership 

probability of 26%, while the Utilitarian principle has a latent membership probability 

of 11%.  To some extent, this result supports the information obtained from table 6.1, 

which shows that the Nash bargaining principle has the best model fit, while the 

Utilitarian principle has least model fit. The detailed result is not presented here due to 

data limitation, and we acknowledge that it will be better if the proposed models can 

be estimated by panel data with larger sample size.  

                                                 

 

18 It should be noted here that the sample size of 166 households is sufficient for estimation of separated 

decision mechanism, with 10 parameters for each separated model. As stated by many researchers (e.g. 

Bentler and Chou, 1987; Nunnally et al., 1967; Chankuna et al., 2014; Kline, 2015), for the ratio of 

sample size to number of free parameters, a ratio of at least 10:1 may be more appropriate for arbitrary 

distributions.   
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Table 6.1 Results of estimated relocation choice models for three separated decision mechanisms 

  
Egalitarian principle Nash bargaining principle Utilitarian principle 

Variables 

Male head 

(t-stat) 

Female head 

(t-stat) 

Male head 

(t-stat) 

Female head 

(t-stat) 

Male head 

(t-stat) 

Female head 

(t-stat) 

location attribute 

distance to workplace -0.4065 (-9.7666) -0.3151 (-9.4540) -0.0627 (-6.8770) -0.0386 (-4.1472) -0.0698 (-2.9343) -0.2302 (-6.4786) 

distance to CBD -0.0007 (-0.5755) -0.0001 (-0.6397)  0.0013 (1.5544) -0.0246 (-2.2095) -0.0531 (-0.8132) -0.0520 (-0.6107) 

housing price/income (log) -5.5656 (-3.9685) -0.2427 (-1.2136) -0.1293 (-7.5189) -0.8623 (-8.6069) -0.6863 (-0.5876) -4.0030 (-2.7253) 

land use mix degree  9.5610 (5.9289)  0.2935 (4.2354)  2.0907 (8.7277)  1.0182 (5.7269)  2.4068 (3.5111)  1.0944 (1.2650) 

land use density  0.7522 (2.4288)  0.3761 (4.7514)  0.0055 (0.5876）  0.1379 (2.2211)  0.5889 (0.1929)  3.6913 (2.9618) 

Number of observations 166 166 166 
 

Null-log likelihood -382.2291 -382.2291 -382.2291 
 

Final-log likelihood -264.8711742 -259.7947 -279.5383 
 

Adjusted Rho-square 0.2808 0.2941 0.2425 
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6.5 Discussion and conclusion 

To address the literature gap that studies dealing with residential relocation choices 

generally treat individual or a unitary household as the basic decision unit, ignoring the 

interactions among household members, this chapter addressed residential relocation 

choice problem from the perspective of group decision making. In consideration that 

family members united by kinship may seek for egalitarianism when making residential 

relocation choices, especially when more and more wives go into the workforce and 

increase their family status in modern society, this chapter made an initial attempt to 

propose the adoption of egalitarian max-min principle (a cooperative game-theoretic 

approach) to study household choice problem in residential relocation context. Because 

households may differ in their merit of utilitarianism and egalitarianism when it comes 

to joint decision-making, a comparative study was carried out among the proposed 

egalitarian bargaining approach, the Nash bargaining approach, and the conventional 

utilitarian approach. Furthermore, it is understandable that households might vary in 

their decision mechanisms due to different concerns for fairness and efficiency. This 

study tried to accommodate heterogeneous group decision principles using latent class 

modeling framework. The proposed models were applied to empirical case studies 

based on two-wave panel data collected in Beijing.  

For three separated models using homogeneous group decision mechanism, results 

showed that models based on egalitarian principle and Nash bargaining principle 

provided big improvement in model fit in comparison with the model based on 

utilitarian principle. This indicates that it is important to consider egalitarianism when 

modeling household members’ collective choice on residential relocation. Furthermore, 

model based on Nash bargaining principle showed the best model fit. This suggests 

that instead of merely seeking for egalitarianism or utilitarianism, household members 

in the randomly sampled data are more likely to strike a balance between fairness and 

efficiency when jointly choosing potential relocation places.  
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Some directions can be explored in future research. Firstly, to capture heterogeneity in 

households’ group decision mechanisms, this research adopted the commonly used 

latent class method. However, LC models are claimed to suffer from methodological 

limitation that taste heterogeneity, heteroscedasticity and decision rule heterogeneity 

are confounded (van Cranenburgh and Alwosheel, 2017). Other methodologies for 

modeling group decision heterogeneity are worthwhile to be explored for future studies, 

such as artificial neural networks, which is well-known for being highly effective in 

solving complex classification problems (Zhang, 2000; van Cranenburgh and 

Alwosheel, 2017). Secondly, interactions with short-term activity-travel choices could 

be incorporated and examined by developing integrated models that consolidates 

residential relocation choice and activity-travel choices. Since residential relocation 

involves long-term commitment while activity-travel pattern involves short-term 

commitment, dynamic modeling framework can be explored that can address the 

change of habitual activity-travel patterns within the relocation time-span (the time 

duration from one relocation to the other). Thirdly, sample size of the two-wave panel 

data applied for empirical case study is relatively small, especially for latent class 

modeling that incorporates different group decision rules. It is desirable to test the 

proposed models with panel data of larger sample size so as to enhance their statistical 

power.   
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Chapter 7 Opportunities and suggestions for future 

research 

Previous chapters have addressed household choice problems concerning residential 

location/relocation, car ownership, time allocation, using group decision approaches 

like decision-theoretic aggregation, Nash bargaining and Egalitarian bargaining. 

However, there are still a plenty of opportunities for further exploration in the future. 

As mentioned in section 2.1, there are lot of group decision and negotiation scenarios 

among members linked by family ties, but these problems have not been fully 

addressed and are in need of further methodological explorations. For example, current 

studies that have investigated these problems from a group decision perspective 

generally assume that household members are perfectly rational and act cooperatively 

in the decision-making process, ignoring their irrational and non-cooperative behavior. 

Moreover, for newly emerged and future transportation problems, there is considerable 

room for exploring the associated group decision scenarios. These issues will be 

discussed in more detail in the following sections.   

7.1 Emerging transport issues involving group decision-

making 

7.1.1 Shared mobility  

The rise and popularity of the sharing economy in the recent years has emerged as the 

form of shared mobility in the transportation industry. Shared mobility is an innovative 

transportation strategy that promotes the shared use of transport tools (cars, bicycles, 

etc.), with sharing relationships formed on a “need” basis, and facilitated by the usage 

of ridesharing apps (Shaheen, et al., 2015; Wang et al., 2018). There are many group 

decision problems that are inherent to the various aspects of shared mobility systems 
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(carpooling, ride sourcing, etc.), especially in sharing strategies that demand long-term 

commitment.  

Regular commuters with similar travel needs (similar itineraries and time schedules) 

can carpool to reduce commuting cost (including fuel, toll and parking costs), and can 

also make savings in travel time when high-occupancy vehicle (HOV) lanes are 

available. In order to carpool, commuters have to negotiate and coordinate to balance 

their daily travel schedules and to reach an agreement on carpool scheme (Hussain et 

al., 2015). For an investigation of the problems associated with group decisions related 

to carpooling, it would be interesting to investigate group decision related problems 

like: how the carpooling group are formed among individuals with potential travel 

demand; how regular carpoolers split the commuting costs; under what circumstances 

do coalitions become unstable and collapse, with members quitting to form new 

coalitions. All these problems necessitate an exploration from a group decision-making 

perspective.  

Apart from individual level carpooling, ride-sourcing companies/platforms (such as 

Uber, Lyft, Didi, and many others) can cooperate with each other to provide better on-

demand service and maximize their profits. They may cooperate for win-win situation, 

but still have conflicting interests. Therefore, to form feasible cooperation strategies, 

they will have to negotiate about many issues, such as how to pool and share their 

resources, how to price their pooled service, how to distribute the revenues. Bargaining 

models with organizations involved as decision makers will be helpful in solving these 

issues.   

7.1.2 Autonomous vehicle  

The advent of autonomous vehicles was somewhat of a revolution in transportation 

industry. There are many other advantages offered by the sharing of autonomous 

vehicles over conventional vehicles. Specifically, (1) in conventional carsharing, 
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participants’ walking distance to access shared vehicles is considered to be a key 

determinant of carsharing usage (Krueger et al., 2016). The sharing of autonomous is 

more attractive for accessibility as walking distances can be reduced to zero through 

riders being picked up at their precise locations; (2) AV technologies could be used to 

resolve relocation issues in conventional car sharing, and to minimize the cost of one-

way carsharing with the flexibility of car replacement (Firnkorn and Müller, 2015); (3) 

Carsharing provided by AVs could mitigate the vehicle availability concerns of users, 

i.e., concerns among one-way carsharing users that a vehicle might not be available 

nearby after completing their activities at the destinations (Fagnant and Kockelman, 

2014). All these make AV a favorable shared mobility option, and greatly promote its 

usage. The benefits of shared usage may facilitate the development of shared ownership 

(or fractional ownership) of AVs, and the sharing will no longer be restricted to 

travelers with similar travel needs (similar itineraries and time schedules). Fractional 

ownership of AVs will shift the traditional attitudes that vehicle ownership merely 

belongs to a single household/individual.  

A plenty of group decision scenarios that can occur associated with the fractional 

ownership and shared usage of AVs. These may include: (1) collaborative choice of 

household members’ on whether to have full ownership of AVs or fractional ownership 

with other households/individuals, and with whom they will cooperate in this regard 

should they choose fractional ownership; (2) joint decisions among AV on how to 

dispatch AVs to transport them to the required activity locations within the desired time 

frame; (3) joint decisions among AV owners  on how to share miscellaneous costs (e.g. 

maintenance, fuel, insurance); and (4) joint decisions among AV owners on whether to 

provide ride sourcing service to other travelers during the time, what kind of pricing 

strategy to adopt, and how to distribute the payoff generated by the outsourcing service.    

It should be noted that AV themselves can be regarded as decision makers, and the road 

system can be viewed as a “social space” where roader users (AVs, human motorists, 
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cyclists and pedestrians) negotiate over shared road-space to travel safely. Chater et al. 

(2018) proposed the idea “negotiating the traffic”, which suggests that AVs can be 

involved in a tacit process of negotiation with other road users in a safety critical 

environment, in real-time, and with low-bandwidth communication. Furthermore, 

negotiation can also happen between oncoming vehicles where there is too little space 

to pass side-by-side. It is also through a negotiation mechanism that AVs may come to 

bring radical changes to intersections in transportation system. In today’s transportation 

system, intersections are key obstacles that frequently impede smooth driving, where a 

large number of vehicles need to share the same crossroad. According to current traffic 

rules, when passing through intersections, there is a great possibility of experiencing 

the process of deceleration to a halt, waiting in a queue, and then acceleration (DWA). 

This leads to inefficiency in traffic flows and increase in fuel consumption. The arrival 

of AVs can help improve this problem to a large extent, as self-driving cars can 

negotiate their way through autonomous intersections. When several self-driving 

vehicles are heading for an intersection almost simultaneously, and are initially on a 

collision course, they can communicate and negotiate with each other to maximize 

traffic efficiency and fuel efficiency. Instead of going through the process of DWA, 

they only need to make slight adjustments to their normal driving speeds and make a 

joint decision on how to cross the intersection in an optimal way.  

All the above-mentioned scenarios at the frontiers of transportation research necessitate 

the exploration and investigation of the related group decision-making problems. 

Besides, efforts are needed to lay the cognitive foundations of social interactions within 

the autonomous vehicle ecology, so as to explore the group decision-making and 

negotiation in a more behaviorally oriented way. At current stage, although impressive 

progress has been made on the study of sensing the surroundings and other road users, 

the challenge of traffic “negotiation” has rarely been addressed either by researchers in 

transportation or by researchers in cognitive science (Chater et al., 2018). 
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7.2 Modeling group decision-making: possible extensions 

Apart from delving deeper into the newly emerged or future group decision-making 

problems discussed above, methodological explorations will continue to be a fruitful 

path.  

First, existing models of group decision-making and negotiation generally assume that 

all the decision makers are perfectly rational. The assumption of perfect rationality 

implies that decision-makers are fully informed, perfectly logical and act toward the 

maximum gain. But this assumption is not practical because decision-makers in reality 

are all bounded rational, restricted by many practical elements, such as cognitive and 

time limitations. Therefore, bounded rationality assumption is more sensible. In recent 

decades, bounded rationality postulation is receiving great research attention towards 

behavioral modeling in transportation, but it is seldom employed in group decision 

context.  

Second, for micro-level decisions, the selection of appropriate group decision 

mechanisms is non-trivial. It is understandable that households may vary in their 

decision mechanisms due to different concerns for fairness and efficiency, and the 

sampled households within a dataset are also highly likely to have diversified decision 

mechanisms. However, current group decision-based modeling has almost been 

implemented as “one type fits all” model. To take into account group decision 

heterogeneity, latent class (LC) modeling approaches can be adopted, which is the 

mainstream method for incorporating heterogeneous decision rules. But LC models 

suffer from the methodological limitation that taste heterogeneity, heteroscedasticity 

and decision rule heterogeneity are confounded (van Cranenburgh and Alwosheel, 

2017). Other methodologies for modeling group decision heterogeneity can be 

explored, such as artificial neural networks, which is well-known for being highly 
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effective in solving complex classification problems (Zhang, 2000; van Cranenburgh 

and Alwosheel, 2017).  

Third, to better facilitate the inference of group decision-making mechanisms from 

survey data, improvements should be made in current transport survey methods to 

support the collection of critical information. This type of information is rarely sought  

in existing data collection projects. Efforts need to be devoted to the exploration of how 

to effectively obtain information that are of direct relevance, so as to deduce rules that 

group members have adopted to reach a final agreement. In addition, a big challenge 

for data collection is that usually, the collected data merely show the result of group 

decision and bargaining, while disregarding the process. It is inadvisable to assume that 

group members or negotiators will act cooperatively toward some common goals in all 

group decision situations, and some decisions are actually arrived at via a non-

cooperative bargaining process, such as bargaining over the sharing/allocation of 

household responsibilities and resources. For these situations, non-cooperative 

bargaining approaches (with household members making alternating offers) may be 

more applicable (refer to appendix A3. for information about non-cooperative 

bargaining approaches). Arentze (2015) has pointed out that negotiation process 

modeling is a promising area in activity-based study, but it is still in a conceptual stage. 

Empirical research however is needed to make the models operational and evaluate the 

validity of models. Therefore, efforts are needed to collect the information about the 

process of group decision making for developing more appropriate models.   

Fourth, the coming era of autonomous vehicles creates demands for automated 

negotiation, while automated negotiation is a central concern for multi-agent systems 

research (Jennings et al., 2001). Automated negotiation is a form of interaction in e-

negotiation systems that are composed of multiple automated agents, aiming to reach 

agreements through an iterative process of making offers (Faratin et al., 2002). 

Approaches for modeling the bargaining and joint decision making of automated 
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negotiators might differ from that of human negotiators, making it worthwhile to 

develop and customize methodologies for studying automated negotiations. 

7.3 Summary 

This chapter identifies a series of future research opportunities concerning group 

decision and negotiation problems in transportation studies, especially for newly 

emerged and future transportation problems. The innovations and revolutions that are 

occurring or going to occur in transportation industry generate considerable room for 

exploring the associated group decision scenarios. Firstly, the emergence of shared 

mobility (e.g. carpooling, ride sourcing), induces many aspects of group decision 

making. Secondly, the advent of autonomous vehicles will bring negotiation scenarios 

for both the owners and users of AVs, as well as AV themselves in the road system.  

Besides, methodological explorations toward the representation and modeling of group 

decision making and negotiation will continue to be a fruitful path. For instances, (1) 

the assumption of perfect rationality in current methodology system can be relaxed to 

bounded rationality; (2) methods for incorporating heterogeneous decision rules need 

to be investigated; (3) efforts need to be devoted to collect information about the 

process and mechanism of group decision making; (4) it is worthwhile to develop and 

customize methodologies for studying automated negotiations.  
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Chapter 8 Conclusion 

8.1 Thesis summary 

Existing studies addressing household choices have dominantly used individual or 

unitary household decision-making mechanisms. However, in real situations, many 

important choices are made collaboratively by household members. Only very few 

attempts have been made to capture household members’ divergent preferences and 

model their interactive decision-making mechanisms concerning these choices, with 

the adoption of decision-theoretic aggregation approaches. Moreover, the investigation 

of various long-term and short-term choices from a holistic view is not fully addressed. 

This thesis is dedicated to examining a variety of household members’ complex 

decision-making (related to residential location/relocation, car ownership, time 

allocation) and the interactions between these choices from a group decision 

perspective.  

In theoretical aspect, it presents a comprehensive introduction of the various 

approaches with different theoretical originations that can be used for modeling group 

decision making problems. It also identifies a series of opportunities for applying these 

approaches to future research problems accompanying the revolutions in transportation 

system, as well as directions for further methodological explorations toward the 

representation and modeling of group decision making.  

In terms of specific model development and application, several perspectives are 

delved into. First of all, a utilitarian approach (based on additive type of group utility 

function) is adopted to model household members’ interactive and consensual 

decision-making on long-term choices concerning housing and vehicle ownership (a 

reflection of household members’ lifestyle and mobility preferences), as well as their 

interactions with short-term choices concerning time allocation to activity participation. 
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A particular contribution of the developed integrated model is the incorporation and 

explicit representation of households’ long-term expenditure tradeoff. For calibration 

and applicability demonstration, the proposed multi-dimensional hierarchical model is 

applied to an empirical case study with survey data collected in Beijing from 2011 to 

2012. In the survey data, only double-head households that have purchased a house are 

selected to construct the final sample set. Several revelations about the impacts of 

socio-economic and socio-demographic attributes on time allocation to activity 

participation (in-home, out-of-home independent and out-of-home joint activities) are 

made. In addition, results show that households were more prone to purchase cars when 

they live farther to CBD.  

Because the conventional utilitarian solution cannot capture household members’ 

equity concern, then an attempt is made to introducing the Nash bargaining approach 

(originated from game theory) for modeling household’s car ownership choice. This 

approach can explicitly account for individual differences and intra-household 

interactions in car ownership decision, and individuals are motivated by proportionate 

cooperation. Unlike decision-theoretic aggregation approaches, when using Nash 

bargaining approach for group decision-making, each individual could have the power 

to veto the desires of all others. Household members’ consensual decision on car 

ownership is investigated from the perspective of household time allocation through 

the development of two-stage (hierarchical) household decision model. Generalized 

Nash equilibrium sub-model is formulated to represent spouse’ interactions in time 

allocation decision-making through the sharing of household maintenance 

responsibilities. The proposed game-theoretic model is applied to an empirical case 

study in Beijing, which demonstrates the applicability of the model in predicting car 

ownership and examining interactions between car ownership and household time 

allocation. The empirical model is applied to assess the impacts of plate-number-based 

vehicle usage rationing policy under implementation in Beijing on car ownership and 
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time allocation to travel and daily activities. More details about the implications of this 

policy will be discussed in the next section.  

Next, in consideration that family is a group of people united by kinship. They care 

about mutual benefits, seek for egalitarianism and may care more about egalitarianism 

than utilitarianism when making some household choices, but the Nash bargaining 

solution puts more emphasis on utilitarianism than egalitarianism. The egalitarian 

bargaining approach from cooperative game theory (Roth, 1979; Corfman and Gupta, 

1993) is employed to study household choice problem in residential relocation context. 

Additionally, a comparative study is carried out among the proposed egalitarian 

bargaining approach, the Nash bargaining approach, and the conventional utilitarian 

approach in residential relocation context. These three approaches differ in their 

solution principles, namely, decrease sequentially in capturing group’s concern for 

equity, while increase sequentially in capturing group’s concern for efficiency. 

Furthermore, the heterogeneous group decision principles are accommodated into the 

modeling framework using latent class modeling approach. The proposed models are 

applied to empirical case studies using a panel data drawn from a two-wave household 

activity-travel diary survey conducted in Beijing from 2011 to 2013, together with 

secondary data obtained from the Beijing City Lab. The model based on Nash 

bargaining principle shows the best model fit and accuracy in comparison with the 

other two, indicating that it can best represent household relocation choice behavior.  

In sum, this research can help to achieve better understanding of group decision making 

problems, as well as fundamental theories and approaches for capturing group decision 

mechanisms. It provides a variety of directions for further examining group decision 

problems in the era of transportation system revolution. More importantly, through 

deep investigations into household members’ complex decision mechanisms on both 

long-term and short-term choices together with the interactions between these choices, 

valuable insights can be gained for more accurate prediction of decision-making.  
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8.2 Policy implications 

This study can make several contributions to policy making. Specifically,    

1. Using data collected in Beijing, the proposed model of car ownership and 

household time allocation model in Chapter 5 has been applied to assess the impacts 

of plate-number-based vehicle usage rationing policy under implementation as a 

real case study. Based on sensitivity analysis of the plate-number-based vehicle 

usage rationing policy under implementation, there are several findings, 

1> when car rationing intensified from no restriction to full restriction, the average 

car ownership level per household increased slightly at first and then decreased 

continuously after reaching a peak point. This confirmed the notion that the 

vehicle usage rationing policy may drive people to buy additional cars. 

Application of the proposed model in Chapter 5 can help policy makers to 

determine the appropriate degree of rationing to achieve desired objectives 

concerning car ownership control.  

2> the changing car usage rationing degree had a significant impact on household 

members’ travel time, minor impact on time allocated to subsistence and 

recreation activities, and almost no impact on maintenance activity participation. 

This indicates that policies on car usage restrictions will be more effective in 

intervening travel related activities. They will have no obvious impact on time 

spending on non-travel activities.  

3> the travel time of male heads turn out to be more sensitive to changing rationing 

degrees of vehicle usage than that of their female counterparts, suggesting that 

attention should be paid to gender difference when evaluating the impact of 

vehicle usage rationing policy on travel time of individuals.   

Apart from the plate-number-based vehicle usage rationing policy, the proposed 



 

126 

 

 

model in Chapter 5 can be used to assess the impacts of other vehicle rationing 

policy as well. By helping to predict how vehicle usage rationing policies impact 

households’ car ownership decision, it can serve as effective guidance to design 

policies related to the control of car ownership level.  

2. As mentioned in introduction, cities (especially megacities in developing countries) 

are experiencing a rapid pace of urban expansion and motorization in recent 

decades. With more considerations of household members’ behavioral mechanisms 

in model development, the proposed model in Chapter 4 can be used to predict how 

household members with different socio-economic and socio-demographic 

backgrounds (e.g. household income, age, household size) collaboratively choose 

their houses, car ownership and activity patterns. Under better prediction of the 

responsive housing and car ownership choices of households, policies on housing 

(such as on housing price and housing taxes) and car ownership (such as on car 

taxes, car purchase restriction and car usage restriction) can be jointly designed 

accordingly to maintain a more balanced residential distribution and have better 

control of the  growth of cars. 

3. The proposed model in Chapter 6 can be used to predict how household members 

with different personality attributes and socio-demographic backgrounds 

collaboratively choose their relocation places, as well as accommodate differences 

across households in their collaborative decision-making mechanisms. This is 

conducive to regional planning and the design of population relocation policies, so 

as to achieve the desired objectives of relocation plans and maintain a balanced 

residential distribution.  

Overall, insights and findings from this study is helpful for profound understanding of 

spatial distribution of residence, relocation of residence, household car ownership and 

individuals’ activity-travel patterns. The proposed model and results can be used to 
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assist planners, researchers and policy makers to develop and implement effective 

strategies on relevant policy making, including policies on spatial distribution of 

households, housing and car ownership regulation, so as to foster a more sustainable 

urban development.    

8.3 Limitations and recommendations for future research 

Apart from the series of future research opportunities concerning group decision 

problems in transportation domain identified in Chapter 7, some directions can be 

further explored with respect to the specific models and issues examined in this thesis.  

1. For the proposed game-theoretic formulation in Chapter 5, generalized Nash 

equilibrium (GNE) as a solution to non-cooperative game may not always be Pareto 

efficient (Chen and Woolley, 2001), which makes it possible for household 

members to form a cooperation in the repeated daily time allocation so as to make 

everyone better off. In this scenario, the second stage game can be formulated as a 

bargaining problem as well, with GNE as its internal threat point. Moreover, a direct 

extension can be made to the proposed model framework: in addition to the two 

household heads, a third stakeholder can be included as well (e.g., children with 

driving license).  

2. For the models proposed in Chapter 4 and Chapter 5, short-term expenditures on 

various activity participation could also be included to analyze diversified 

monetary expenditure tradeoffs. But this imposes high demand on data collection. 

Due to data collection challenges, most activity-travel data don’t include detailed 

information about expenditure on specific activities.  

3. Long-term choices (residential location/relocation, car ownership) and short-term 

activity-travel choices are likely to have different time horizons of effective period. 

It is worthwhile to develop dynamic modeling framework, which can capture and 
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simulate changes/shifts of habitual activity-travel patterns within the time-span of 

long-term choices.  

4. In consideration of methodological limitation of the commonly used latent class 

method, other methodologies that can capture and represent group decision 

heterogeneity can be explored, such as artificial neural networks. This approach is 

claimed to be highly effective in addressing complex classification problems 

(Zhang, 2000; van Cranenburgh and Alwosheel, 2017).  

5. For the estimation of the proposed two-stage models, efforts can be exerted to 

explore the correlation between error terms of the first-stage model and error terms 

of the second-stage model. Thus, the econometric challenge of simultaneous 

estimation can be addressed.  

6. When modeling car ownership choice, the timing choice of car purchase can be 

incorporated to account for purchases of cars at different time points. This 

necessitates the formulation of dynamic car ownership model instead of static.  

7. The assumption of exogenously given employment location of workers can be 

relaxed. In this way, the interactions between the choice of employment location 

with other long-term choices can be captured, as well as its influence on both the 

temporal and monetary budget available for activity participation. 

8. For travel time, it is worthwhile to consider the reciprocal interactions between 

travel time and time allocated for non-travel activities.  

9. The sample size of two-wave panel data used for empirical case study in Chapter 6 

is relatively small, especially for the calibration of latent class model, which 

incorporates heterogeneous group decision rules and number of estimates increase 

dramatically in comparison with using homogeneous decision rule. Therefore, it is 

desirable to test the proposed models with panel data of larger sample size so as to 
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enhance their statistical power.    
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A APPENDIX TO CHAPTER 3 

A1. Iso-elastic group utility 

The iso-elastic type of group utility function is also called power utility function. The 

mathematical expression is,  

𝑢𝐺(𝑥) =
1

1 − 𝛼
∑𝑤𝑖

𝑖

(𝑢𝑖(𝑥))
1−𝛼

                                                                         (A. 1) 

where 𝛼  is called Atkinson’s measure of aversion to inequality. This interaction 

parameter indicating how and to what extent a group member is positioned in group 

decision-making (Zhang et al., 2007a). Atkinson stated that the tools to rank inequality 

states were borrowed from the literature on risk measurement, however, an experiment 

was designed by Kroll and Davidovitz (2003) to illustrate risk aversion and equality 

aversion are not equivalent, which challenged the use of Atkinson’s measure of 

aversion to inequality.  

A2. Coalitional bargaining  

Unlike the pure bargaining games that assume the grand coalition of all players, 

coalitional bargaining games explore both the formation of coalition among a subset of 

players and the coordinated decision-making (action) of coalition members. The set of 

players can not only make binding agreements on joint actions/strategies, but also agree 

to pool their individual payoffs together and then redistribute the total payoff in a 

specified way (Morris, 2012). A series of solution concepts have been proposed for 

coalitional games. The classical cooperative solutions concepts that arise can be 

grouped into two categories: the “core-like” notions and the “value-like” notions. The 

“core-like” solutions include the Core, von Neumann and Morgenstern Stable Set, the 

bargaining set, the kernel and the nucleolus; while the “value-like” solutions include 
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Nash bargaining, the Shapley value and their many extensions and generalizations 

(Hart and Mas-Colell, 2012).  

The idea of Core is to pay attention to the set of feasible payoff vectors that no coalition 

can improve upon. Mathematically speaking, the Core consists of all imputations that 

are not dominated by any other imputation through any coalition (Morris, 2012). 

Therefore, Core is the area of stable solutions. The solution concept Core has been 

employed by transportation researchers when examining coalitions among liner 

shipping carriers (Song and Panayides, 2002), container terminals (Saeed and Larsen, 

2010), as well as joint planning of daily activities among household members 

(Dubernet and Axhausen, 2015). 

Unlike the Core where the payoff vector’s properties alone determine if it is in the 

solution, the von Neumann and Morgenstern Stable Set is specified as a set of efficient 

payoff vectors that two simple conditions: internal and external stability (Von 

Neumann and Morgenstern, 1944; Lucas, 1992). The above-mentioned solution 

concepts may encounter situations that a given payoff vector may be objected by 

players using other feasible payoff vectors. Bargaining set is the set of efficient payoff 

vectors for which there is no justified objection (Aumann and Maschler, 1964; Hart 

and Mas-Colell, 2012).  Kernel was introduced as an auxiliary solution concept, with 

a main aim of illuminating properties of the bargaining set and computing at least part 

of this set (Davis and Maschler, 1965; Maschler, 1992). It has no attachment to intuitive 

meaning.  

The nucleolus of a game is closely related to other solution concepts including the 

bargaining set, the kernel and the core (Schmeidler, 1969). Schmeidler (1969) invented 

the nucleolus in order to exhibit a unique point in the kernel. Therefore, one of the most 

appealing properties of the nucleolus, as a solution concept, is its uniqueness. Although 

mathematically attractive, the definition of the nucleolus of a cooperative game is 
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rather complicated (Maschler, 1992). The nucleolus of a cooperative game is defined 

as an n-tuple imputation such that the excess (“unhappiness”) of any possible coalition 

cannot be lowered without increasing any other greater excess (refer to Schmeidler, 

1969; Leng and Parlar, 2010 for further details). It has been applied successfully to 

several studies in transportation, such as the vehicle routing cost allocation problem in 

which customers form coalitions and share the total transportation cost (Göthe-

Lundgren et al., 1996), airport landing fees problem in which airlines need to share the 

cost of using runways (Littlechild and Owen, 1976; Littlechild and Thompson, 1977),   

the allocation of limited capacity on a transportation network among the carriers in the 

alliance in liner shipping (Agarwal and Ergun, 2010), etc. 

The “value” is a solution concept originated from the work of Shapley (1953). The idea 

behind this concept is to evaluate how much will a player be willing to pay for 

participation in a given game (Hart and Mas-Colell, 2012). The most prominent value-

like solution concept for coalitional game is Shapley value. Shapley value method is 

generally considered as a fair means to divide the aggregate payoff because the method 

provides an efficient means to divide the payoff by each participant’s contribution 

(Shapley, 1953; Roth, 1988). The key idea behind the Shapley value method is that the 

contribution of each participant could be measured by the marginal utility gain when 

the participant joins the coalition (Li et al., 2016). For the mathematical formulation of 

Shapley value, refer to Shapley (1953), Osborne and Rubinstein (1994). Shapley value 

has been applied to several topics in transportation, such as the profit split for airline 

coalition (Shyr and Kuo, 2008), fair share for participants of carpooling (Naor, 2005), 

quantify the relative importance of nodes in network connectivity problem (Hadas et 

al, 2017).  

A3. Non-cooperative bargaining  
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The solution approaches for cooperative game theory generally ignore the negotiation 

process. By contrast, the non-cooperative game-theoretic tradition attempts to model 

the detailed bargaining procedures of bargainers under certain rules and determine their 

optimal behavior (Corfman and Gupta, 1993). The idea of non-cooperative bargaining 

was initially proposed by Harsanyi (1956), and the specific method was pioneered by 

Rubinstein (1982). Since then, the Rubinstein’s model of bargaining, an approach for 

non-cooperative game with certain rules of play began to receive research attention. A 

key feature of Rubinstein’s model of bargaining is that it specifies a very attractive 

bargaining process: the players take turns to make offers to each other over potentially 

infinite periods until a final agreement is achieved (Muthoo, 1999). Therefore, it is also 

called alternating-offers model. During this bargaining process, every rejection leads 

to delay; therefore, discount factors (which will lie between 0 and 1) are introduced to 

account for this effect. This model is intuitively appealing because the process of 

making sequential offers and counteroffers is in exact accordance with many genuine 

negotiations. The outcomes of an alternating-offer game should subgame-perfect Nash 

equilibria. When the properties of “No Delay” and “Stationarity” are satisfied, the 

uniqueness of solution can be guaranteed (refer to the Chapter 3 of Muthoo (1999) for 

details). Rubinstein’s model has been widely used for non-cooperative bargaining 

scenarios. An important reason for its significant influence is that it proposed a basic 

and generalized framework, which can be flexibly adapted, extended and modified for 

various applications (Muthoo, 1999). For example, Binmore et al. (1989) applied the 

Rubinstein-style formulation to investigate the role of the outside options in a 

bargaining game. Rubinstein’s model is only suitable to bargaining games with 

complete information, requiring that players have full information about the 

payoffs/preferences of each other. In transportation studies, Rubinstein-style model has 

been applied to scenarios like bargaining for the compensation amount from early 

termination of BOT highway projects (Song et al., 2017), payment and schedule 
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bargaining between passenger rail agency and host freight railroad (Talebian et al., 

2018).  

For bargaining games with incomplete information, players are assumed to only have 

probabilistic information/beliefs concerning the payoffs/preferences and outside 

options of each other. Chatterjee and Samuelson (1983) introduced a form of Nash 

demand game under incomplete information. The Chatterjee-Samuelson linear 

equilibrium of the incomplete information demand game is supposed to maximize 

expected gains among all equilibria of all games in that environment (Chatterjee, 2010). 

The game was later extended to incorporate different bargaining scenarios (e.g. 

Chatterjee and Samuelson, 1987; Myerson and Satterthwaite, 1983). There is no 

dominant style of modeling framework for bargaining games with incomplete 

information. In transportation field, bargaining games with incomplete information 

have been developed by Talebian et al. (2018) for payment and schedule bargaining 

between passenger rail agency and host freight railroad, and by Ma et al. (2013) for 

social network members’ negotiation regarding joint activity-travel scheduling.  
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B APPENDIX TO CHAPTER 4 

In this appendix, we present the justification for choosing appropriate second Taylor 

approximation, expressions of the optimal solutions for the second stage time 

allocation model, derivation of optimal housing choice (optimal residential location), 

and the detailed expression of marginal density function for second stage estimation.  

B1. Second Taylor approximation of ln function 

As mentioned in section 4.2.3, second Taylor is needed to be applied to the ln items in 

equation (4.11), so as to obtain analytical solution and make the calibration process 

operable. For the approximation of  (𝑇𝑖
𝑗
+ 1) (∀𝑖 = ℎ,𝑤), we can consider dividing 

𝑇𝑖
𝑗
+ 1  by different items 𝑇𝑖/𝑚  ( 𝑚 =1,2,3,4) and then apply second Taylor 

approximation to 𝑙𝑛[(𝑇𝑖
𝑗
+ 1)/(𝑇𝑖/𝑚)]. Consider a typical total time 𝑇𝑖 = 16 (with 8 

hours left for sleep), and a typical value range of 0 to 10 hour for three types of activity 

time consumption (in-home activity, out-of-home independent activity, out-of-home 

joint activity), figure A.1 shows and compares the curve of different approximations 

for 𝑚=1,2,3,4. As can be seen, the best approximation can be obtained when dividing 

𝑇𝑖
𝑗
+ 1 by 𝑇𝑖/3.   
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Figure A.1 Comparison of Log function and second Taylor approximation 

B2. Optimal solution of the second stage model 

Solving the KKT conditions expressed in equation set (4.13), we can obtain the following 

optimal time allocation patterns for husband and wife, 

𝑇𝑗𝑛𝑡 =
𝐴3 −

3�̅�𝑢ℎ
𝑖𝑛𝑑𝐴1

(𝑇ℎ)2 −
3𝑢𝑤

𝑖𝑛𝑑𝐴2

(𝑇𝑤)2

𝐴4
              𝑇ℎ

ℎ𝑜𝑚 = 𝐴1 −

𝑢ℎ
𝑖𝑛𝑑 [𝐴3 −

3�̅�𝑢ℎ
𝑖𝑛𝑑𝐴1

(𝑇ℎ)2 −
3𝑢𝑤

𝑖𝑛𝑑𝐴2

(𝑇𝑤)2 ]

(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4
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𝑇𝑤
ℎ𝑜𝑚 = 𝐴2 −

𝑢𝑤
𝑖𝑛𝑑 [𝐴3 −

3�̅�𝑢ℎ
𝑖𝑛𝑑𝐴1

(𝑇ℎ)2 −
3𝑢𝑤

𝑖𝑛𝑑𝐴2

(𝑇𝑤)2 ]

(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4
 

𝑇ℎ
𝑖𝑛𝑑 = 𝑇ℎ − 𝑇ℎ

𝑤 − 𝐴1 − 𝑇ℎ
𝑡 + 1 +

3�̅�𝑢ℎ
ℎ𝑜𝑚𝑢ℎ

𝑖𝑛𝑑𝐴1

(𝑇ℎ)2 +
3𝑢ℎ

ℎ𝑜𝑚𝑢𝑤
𝑖𝑛𝑑𝐴2

(𝑇𝑤)2 − 𝑢ℎ
ℎ𝑜𝑚𝐴3

(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4

 

𝑇𝑤
𝑖𝑛𝑑 = 𝑇𝑤 − 𝑇𝑤

𝑤 − 𝐴2 − 𝑇𝑤
𝑡 + 1 +

3�̅�𝑢𝑤
ℎ𝑜𝑚𝑢ℎ

𝑖𝑛𝑑𝐴1

(𝑇ℎ)2 +
3𝑢𝑤

ℎ𝑜𝑚𝑢𝑤
𝑖𝑛𝑑𝐴2

(𝑇𝑤)2 −𝑢𝑤
ℎ𝑜𝑚𝐴3

(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4
 

where  

�̅� =
𝜔ℎ

𝜔𝑤
 

𝐴1 =
2(𝑢ℎ

ℎ𝑜𝑚 − 𝑢ℎ
𝑖𝑛𝑑)𝑇ℎ + 3𝑢ℎ

𝑖𝑛𝑑(𝑇ℎ − 𝑇ℎ
𝑠𝑢𝑏 − 𝑇ℎ

𝑡 + 1) − 3𝑢ℎ
ℎ𝑜𝑚

3(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)
 

𝐴2 =
2(𝑢𝑤

ℎ𝑜𝑚 − 𝑢𝑤
𝑖𝑛𝑑)𝑇𝑤 + 3𝑢𝑤

𝑖𝑛𝑑(𝑇𝑤 − 𝑇𝑤
𝑠𝑢𝑏 − 𝑇𝑤

𝑡 + 1) − 3𝑢𝑤
ℎ𝑜𝑚

3(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)
 

𝐴3 =
3�̅�𝑢ℎ

𝑖𝑛𝑑(𝑇ℎ − 𝑇ℎ
𝑠𝑢𝑏 − 𝑇ℎ

𝑡 + 1) − 3�̅�𝑢ℎ
𝑗𝑛𝑡

(𝑇ℎ)2
+

3𝑢𝑤
𝑖𝑛𝑑(𝑇𝑤 − 𝑇𝑤

𝑠𝑢𝑏 − 𝑇𝑤
𝑡 + 1) − 3𝑢𝑤

𝑗𝑛𝑡

(𝑇𝑤)2

− 2�̅�(𝑢ℎ
𝑖𝑛𝑑 − 𝑢ℎ

𝑗𝑛𝑡
)

1

𝑇ℎ
− 2(𝑢𝑤

𝑖𝑛𝑑 − 𝑢𝑤
𝑗𝑛𝑡

)
1

𝑇𝑤
 

𝐴4 = [
3�̅�(𝑢ℎ

𝑖𝑛𝑑 + 𝑢ℎ
𝑗𝑛𝑡

)

(𝑇ℎ)2
+

3(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

𝑗𝑛𝑡
)

(𝑇𝑤)2
−

3�̅�(𝑢ℎ
𝑖𝑛𝑑)

2

(𝑇ℎ)2(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)
−

3(𝑢𝑤
𝑖𝑛𝑑)

2

(𝑇𝑤)2(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)
] 

 

B3. Optimal solution of the first stage model 
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Apply quadratic approximations to the following exponential functions concerning 

𝐸ℎ𝑜𝑢𝑠𝑒 (Yang and Gordon, 2011), 

𝐸ℎ𝑜𝑢𝑠𝑒 = 𝑒−𝜆𝑥+𝛾𝐼𝜃 = (𝑎1𝑥
2 + 𝑏1𝑥 + 𝑐1)𝐼

𝜃                                                            (B.1) 

(𝐸ℎ𝑜𝑢𝑠𝑒)
2 = 𝑒−2𝜆𝑥+2𝛾𝐼2𝜃 = (𝑎2𝑥

2 + 𝑏2𝑥 + 𝑐2 )𝐼
2𝜃                                             (B.2) 

and carry out the derivation of the objective function in equation (4.14) with respect to 

𝑥, then the optimal solution for housing choice 𝑥∗ under car level 𝑛 can be obtained,  

𝑥∗

=

∑ ∑ 𝑡𝜃𝑖𝑗 (2 −
3(𝐶𝑖𝑗

𝑎 + 1)

𝑇𝑖
) ∙

3𝐶𝑖𝑗
𝑏

𝑇𝑖
𝑗𝑖 − 𝜆𝜗ℎ𝑜𝑢𝑠𝑒 − 𝜗𝑜𝑡ℎ𝑒𝑟 ∙ (

𝑏1𝐼
𝜃

𝐼
+

(
𝑛 ∙ 𝑝𝑐𝑎𝑟𝑠

𝑙
− 1) 𝑏1𝐼

𝜃 +
1
2

𝑏2𝐼
2𝜃

𝐼2 )

[∑ ∑
9𝑡𝜃𝑖𝑗(𝐶𝑖𝑗

𝑏)
2

(𝑇𝑖)
2𝑗𝑖 + 𝜗𝑜𝑡ℎ𝑒𝑟 ∙ (

2𝑎1𝐼
𝜃

𝐼
+

2(𝐸𝑐𝑎𝑟 − 1)𝑎1𝐼
𝜃 + 𝑎2𝐼

2𝜃

𝐼2 )]

    

∀𝑖 = ℎ,𝑤  𝑗 = ℎ𝑜𝑚, 𝑖𝑛𝑑, 𝑗𝑛𝑡 

where,  

𝐶ℎℎ𝑜𝑚
𝑎 = 𝐴1𝑎 − 𝐴1𝑏𝑠𝑝ℎ𝑓ℎ +

3�̅�(𝑢ℎ
𝑖𝑛𝑑)

2

(𝑇ℎ)2 𝑠𝑝ℎ𝑓ℎ +
3𝑢ℎ

𝑖𝑛𝑑𝑢𝑤
𝑖𝑛𝑑

(𝑇𝑤)2 𝑠𝑝𝑤𝑓𝑤 − 𝑢ℎ
𝑖𝑛𝑑𝐴3𝑎

(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4

+
3�̅�(𝑢ℎ

𝑖𝑛𝑑)
2
(𝐴1𝑎 − 𝐴1𝑏𝑠𝑝ℎ𝑓ℎ)

(𝑇ℎ)2(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4

+
3𝑢ℎ

𝑖𝑛𝑑𝑢𝑤
𝑖𝑛𝑑[𝐴2𝑎 − 𝐴2𝑏𝑠𝑝𝑤𝑓𝑤]

(𝑇𝑤)2(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4

 

𝐶ℎℎ𝑜𝑚
𝑏 =

[
 
 
 
 3�̅�(𝑢ℎ

𝑖𝑛𝑑)
2

(𝑇ℎ)
2 𝑠𝑝ℎ𝜉ℎ +

3𝑢ℎ
𝑖𝑛𝑑𝑢𝑤

𝑖𝑛𝑑

(𝑇𝑤)2 𝑠𝑝𝑤𝜉𝑤

(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4

− 𝐴1𝑏𝑠𝑝ℎ𝛽ℎ𝑥 −
3�̅�(𝑢ℎ

𝑖𝑛𝑑)
2
𝐴1𝑏𝑠𝑝ℎ𝜉ℎ

(𝑇ℎ)2(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4

−
3𝑢ℎ

𝑖𝑛𝑑𝑢𝑤
𝑖𝑛𝑑𝐴2𝑏𝑠𝑝𝑤𝜉𝑤

(𝑇𝑤)2(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4

]
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𝐶ℎ𝑖𝑛𝑑
𝑎 = 𝑇ℎ − 𝑇ℎ

𝑠𝑢𝑏 − 𝐴1𝑎 + 𝐴1𝑏𝑠𝑝ℎ𝑓ℎ − 𝑠𝑝ℎ𝑓ℎ + 1 +
3�̅�𝑢ℎ

ℎ𝑜𝑚𝑢ℎ
𝑖𝑛𝑑(𝐴1𝑎 − 𝐴1𝑏𝑠𝑝ℎ𝑓ℎ)

(𝑇ℎ)2(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4

+
3𝑢ℎ

ℎ𝑜𝑚𝑢𝑤
𝑖𝑛𝑑(𝐴2𝑎 − 𝐴2𝑏𝑠𝑝𝑤𝑓𝑤)

(𝑇𝑤)2(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4

−

𝑢ℎ
ℎ𝑜𝑚 [𝐴3𝑎 −

3�̅�𝑢ℎ
𝑖𝑛𝑑

(𝑇ℎ)2 𝑠𝑝ℎ𝑓ℎ −
3𝑢𝑤

𝑖𝑛𝑑

(𝑇𝑤)2 𝑠𝑝𝑤𝑓𝑤]

(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4

 

𝐶ℎ𝑖𝑛𝑑
𝑏 =

[
 
 
 
 

𝐴1𝑏𝑠𝑝ℎ𝛽ℎ𝑥 − 𝑠𝑝ℎ𝛽ℎ𝑥 −
3�̅�𝑢ℎ

ℎ𝑜𝑚𝑢ℎ
𝑖𝑛𝑑𝐴1𝑏𝑠𝑝ℎ𝜉ℎ

(𝑇ℎ)2(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4

−
3𝑢ℎ

ℎ𝑜𝑚𝑢𝑤
𝑖𝑛𝑑𝐴2𝑏𝑠𝑝𝑤𝜉𝑤

(𝑇𝑤)2(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4

+

𝑢ℎ
ℎ𝑜𝑚 (

3�̅�𝑢ℎ
𝑖𝑛𝑑

(𝑇ℎ)2 𝑠𝑝ℎ𝜉ℎ +
3𝑢𝑤

𝑖𝑛𝑑

(𝑇𝑤)2 𝑠𝑝𝑤𝜉𝑤)

(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)𝐴4

]
 
 
 
 

 

𝐶𝑤ℎ𝑜𝑚
𝑎 = 𝐴2𝑎 − 𝐴2𝑏𝑠𝑝𝑤𝑓𝑤 +

3�̅�𝑢ℎ
𝑖𝑛𝑑𝑢𝑤

𝑖𝑛𝑑

(𝑇ℎ)2 𝑠𝑝ℎ𝑓ℎ +
3(𝑢𝑤

𝑖𝑛𝑑)2

(𝑇𝑤)2 𝑠𝑝𝑤𝑓𝑤−𝑢𝑤
𝑖𝑛𝑑𝐴3𝑎

(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4

+
3�̅�𝑢ℎ

𝑖𝑛𝑑𝑢𝑤
𝑖𝑛𝑑(𝐴1𝑎 − 𝐴1𝑏𝑠𝑝ℎ𝑓ℎ)

(𝑇ℎ)2(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4

+
3(𝑢𝑤

𝑖𝑛𝑑)2(𝐴2𝑎 − 𝐴2𝑏𝑠𝑝𝑤𝑓𝑤)

(𝑇𝑤)2(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4

 

𝐶𝑤ℎ𝑜𝑚
𝑏 =

[
 
 
 
3�̅�𝑢ℎ

𝑖𝑛𝑑𝑢𝑤
𝑖𝑛𝑑

(𝑇ℎ)2 𝑠𝑝ℎ𝜉ℎ +
3(𝑢𝑤

𝑖𝑛𝑑)2

(𝑇𝑤)2 𝑠𝑝𝑤𝜉𝑤

(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4

− 𝐴2𝑏𝑠𝑝𝑤𝛽𝑤𝑥 −
3�̅�𝑢ℎ

𝑖𝑛𝑑𝑢𝑤
𝑖𝑛𝑑𝐴1𝑏𝑠𝑝ℎ𝜉ℎ

(𝑇ℎ)2(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4

−
3(𝑢𝑤

𝑖𝑛𝑑)2𝐴2𝑏𝑠𝑝𝑤𝜉𝑤

(𝑇𝑤)2(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4

]
 
 
 

 

𝐶𝑤𝑖𝑛𝑑
𝑎 = 𝑇𝑤 − 𝑇𝑤

𝑠𝑢𝑏 − 𝐴2𝑎 + 𝐴2𝑏𝑠𝑝𝑤𝑓𝑤 − 𝑠𝑝𝑤𝑓𝑤 + 1 +
3�̅�𝑢𝑤

ℎ𝑜𝑚𝑢ℎ
𝑖𝑛𝑑(𝐴1𝑎 − 𝐴1𝑏𝑠𝑝ℎ𝑓ℎ)

(𝑇ℎ)2(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4

+
3𝑢𝑤

ℎ𝑜𝑚𝑢𝑤
𝑖𝑛𝑑(𝐴2𝑎 − 𝐴2𝑏𝑠𝑝𝑤𝑓𝑤)

(𝑇𝑤)2(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4

−

𝑢𝑤
ℎ𝑜𝑚 (𝐴3𝑎 −

3�̅�𝑢ℎ
𝑖𝑛𝑑

(𝑇ℎ)2 𝑠𝑝ℎ𝑓ℎ −
3𝑢𝑤

𝑖𝑛𝑑

(𝑇𝑤)2 𝑠𝑝𝑤𝑓𝑤)

(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4
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𝐶𝑤𝑖𝑛𝑑
𝑏 =

[
 
 
 
 

𝐴2𝑏𝑠𝑝𝑤𝛽𝑤𝑥 − 𝑠𝑝𝑤𝛽𝑤𝑥 −
3�̅�𝑢𝑤

ℎ𝑜𝑚𝑢ℎ
𝑖𝑛𝑑𝐴1𝑏𝑠𝑝ℎ𝜉ℎ

(𝑇ℎ)2(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4

−
3𝑢𝑤

ℎ𝑜𝑚𝑢𝑤
𝑖𝑛𝑑𝐴2𝑏𝑠𝑝𝑤𝜉𝑤

(𝑇𝑤)2(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4

+

𝑢𝑤
ℎ𝑜𝑚 (

3�̅�𝑢ℎ
𝑖𝑛𝑑

(𝑇ℎ)2 𝑠𝑝ℎ𝜉ℎ +
3𝑢𝑤

𝑖𝑛𝑑

(𝑇𝑤)2 𝑠𝑝𝑤𝜉𝑤)

(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)𝐴4

]
 
 
 
 

 

𝐶ℎ𝑗𝑛𝑡
𝑎 = 𝐶𝑤𝑗𝑛𝑡

𝑎

=
𝐴3𝑎 −

3�̅�𝑢ℎ
𝑖𝑛𝑑

(𝑇ℎ)2 𝑠𝑝ℎ𝑓ℎ −
3𝑢𝑤

𝑖𝑛𝑑

(𝑇𝑤)2 𝑠𝑝𝑤𝑓𝑤 −
3�̅�𝑢ℎ

𝑖𝑛𝑑(𝐴1𝑎 − 𝐴1𝑏𝑠𝑝ℎ𝑓ℎ)
(𝑇ℎ)2 −

3𝑢𝑤
𝑖𝑛𝑑[(𝐴2𝑎 − 𝐴2𝑏𝑠𝑝𝑤𝑓𝑤)]

(𝑇𝑤)2

𝐴4

 

𝐶ℎ𝑗𝑛𝑡
𝑏 = 𝐶𝑤𝑗𝑛𝑡

𝑏 =

[
3�̅�𝑢ℎ

𝑖𝑛𝑑𝐴1𝑏𝑠𝑝ℎ𝜉ℎ

(𝑇ℎ)2 +
3𝑢𝑤

𝑖𝑛𝑑𝐴2𝑏𝑠𝑝𝑤𝜉𝑤

(𝑇𝑤)2 −
3�̅�𝑢ℎ

𝑖𝑛𝑑

(𝑇ℎ)2 𝑠𝑝ℎ𝜉ℎ −
3𝑢𝑤

𝑖𝑛𝑑

(𝑇𝑤)2 𝑠𝑝𝑤𝜉𝑤]

𝐴4

 

𝐴1𝑎 =
2(𝑢ℎ

ℎ𝑜𝑚 − 𝑢ℎ
𝑖𝑛𝑑)𝑇ℎ + 3𝑢ℎ

𝑖𝑛𝑑(𝑇ℎ − 𝑇ℎ
𝑠𝑢𝑏 + 1) − 3𝑢ℎ

ℎ𝑜𝑚

3(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)
          𝐴1𝑏 =

𝑢ℎ
𝑖𝑛𝑑

(𝑢ℎ
𝑖𝑛𝑑 + 𝑢ℎ

ℎ𝑜𝑚)
 

𝐴2𝑎 =
2(𝑢𝑤

ℎ𝑜𝑚 − 𝑢𝑤
𝑖𝑛𝑑)𝑇𝑤 + 3𝑢𝑤

𝑖𝑛𝑑(𝑇𝑤 − 𝑇𝑤
𝑠𝑢𝑏 + 1) − 3𝑢𝑤

ℎ𝑜𝑚

3(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)
         𝐴2𝑏 =

3𝑢𝑤
𝑖𝑛𝑑

3(𝑢𝑤
𝑖𝑛𝑑 + 𝑢𝑤

ℎ𝑜𝑚)
 

𝐴3𝑎 =
3�̅�𝑢ℎ

𝑖𝑛𝑑(𝑇ℎ − 𝑇ℎ
𝑠𝑢𝑏 + 1) − 3�̅�𝑢ℎ

𝑗𝑛𝑡

(𝑇ℎ)2
+

3𝑢𝑤
𝑖𝑛𝑑(𝑇𝑤 − 𝑇𝑤

𝑠𝑢𝑏 + 1) − 3𝑢𝑤
𝑗𝑛𝑡

(𝑇𝑤)2
− 2�̅�(𝑢ℎ

𝑖𝑛𝑑 − 𝑢ℎ
𝑗𝑛𝑡

)
1

𝑇ℎ

− 2(𝑢𝑤
𝑖𝑛𝑑 − 𝑢𝑤

𝑗𝑛𝑡
)

1

𝑇𝑤

 

𝑓ℎ = 𝛽ℎ𝑍ℎ + 𝜚ℎ𝐴ℎ       𝑓𝑤 = 𝛽𝑤𝑍𝑤 + 𝜚𝑤𝐴𝑤       𝑠𝑝ℎ = [
𝐴ℎ

𝑣𝑐𝑎𝑟
+

(1−𝐴ℎ)

𝑣𝑜𝑡ℎ𝑒𝑟
]      

 𝑠𝑝𝑤 = [
𝐴𝑤

𝑣𝑐𝑎𝑟
+

(1−𝐴𝑤)

𝑣𝑜𝑡ℎ𝑒𝑟
] 

B4. Parameter estimation of the second stage 

Because the detail expression of marginal density function for section 4.3.1 is too complicated, 

it is put in this appendix.  
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𝑓(𝑇ℎ
ℎ𝑜𝑚∗, 𝑇𝑤

ℎ𝑜𝑚∗, 𝑇𝑗𝑛𝑡∗; 𝛽𝑖
𝑗
, �̅�) = ∭𝑓(𝑇ℎ

ℎ𝑜𝑚∗, 𝑇𝑤
ℎ𝑜𝑚∗, 𝑇𝑗𝑛𝑡∗, 𝜙1, 𝜙2, 𝜙3; 𝛽𝑖

𝑗
, �̅�)𝑑𝜙1𝑑𝜙2𝑑𝜙3

+∞

−∞

 

=
1

(√2𝜋)3
∙

1

√𝐸1

∙
1

√𝐺1

∙
1

√𝐼1

∙
1

4(𝐺1)
2
𝑒−

𝐼3
2 {𝐻6 [−

𝐼2
(𝐼1)

2
(
3

2
+

(𝐼2)
2

8𝐼1
)] + 𝐻7 [

1

𝐼1
(1 +

(𝐼2)
2

4𝐼1
)] + 𝐻8 (−

𝐼2
2𝐼1

) + 𝐻9} 

where 

𝐶1 =
3(𝑇ℎ+3𝑇ℎ

𝑠𝑢𝑏+3𝑇ℎ
𝑡−6+3𝑇𝑗𝑛𝑡)

(2𝑇ℎ−3−3𝑇ℎ
ℎ𝑜𝑚)

2         𝐶2 =
3

2𝑇ℎ−3−3𝑇ℎ
ℎ𝑜𝑚     𝐶3 =

3

2𝑇ℎ−3−3𝑇𝑗𝑛𝑡
    

𝐶4 =
3(𝑇ℎ)2

�̅�(𝑇𝑤)2(2𝑇ℎ−3−3𝑇𝑗𝑛𝑡)
       

𝐶5 =
3(𝑇ℎ+3𝑇ℎ

𝑠𝑢𝑏+3𝑇ℎ
𝑡−6+3𝑇ℎ

ℎ𝑜𝑚)

(2𝑇ℎ−3−3𝑇𝑗𝑛𝑡)
2          𝐶6 =

3(𝑇ℎ)2(2𝑇ℎ−𝑇𝑤+3𝑇𝑤
𝑠𝑢𝑏+3𝑇𝑤

𝑡 −6+3𝑇𝑤
ℎ𝑜𝑚)

�̅�(𝑇𝑤)2(2𝑇ℎ−3−3𝑇𝑗𝑛𝑡)
2     

𝐶7 =
6(𝑇ℎ)2(𝑇𝑤−𝑇ℎ)

�̅�(𝑇𝑤)2(2𝑇ℎ−3−3𝑇𝑗𝑛𝑡)
2     𝐶8 =

3(𝑇𝑤+3𝑇𝑤
𝑠𝑢𝑏+3𝑇𝑤

𝑡 −6+3𝑇𝑗𝑛𝑡)

(2𝑇𝑤−3−3𝑇𝑤
ℎ𝑜𝑚)

2      𝐶9 =
3

2𝑇𝑤−3−3𝑇𝑤
ℎ𝑜𝑚 

𝐷1 = 𝐶1𝐶4𝐶9 − 𝐶1𝐶6𝐶8        𝐷2 = 𝐶2𝐶3𝐶8 − 𝐶1𝐶5𝐶8          𝐷3 = 𝐶1𝐶7𝐶8           

𝐷4 = 𝐶2𝐶3𝐶8𝑣𝑤
𝑖𝑛𝑑 − 𝐶1𝐶5𝐶8𝑣𝑤

𝑖𝑛𝑑         𝐷5 = (𝐶1𝐶4𝐶9 − 𝐶1𝐶6𝐶8)𝑣ℎ
𝑖𝑛𝑑 

𝐷6 = [(𝐶2𝐶3𝐶8 − 𝐶1𝐶5𝐶8)𝑣ℎ
𝑖𝑛𝑑 + (𝐶1𝐶7𝐶8𝑣𝑤

𝑗𝑛𝑡
− 𝐶1𝐶5𝐶8𝑣ℎ

𝑖𝑛𝑑 − 2𝐶1𝐶6𝐶8𝑣𝑤
𝑖𝑛𝑑 + 𝐶2𝐶3𝐶8𝑣ℎ

𝑖𝑛𝑑 +

2𝐶1𝐶4𝐶9𝑣𝑤
𝑖𝑛𝑑)]         𝐷7 = 𝐶1𝐶7𝐶8𝑣𝑤

𝑖𝑛𝑑       𝐷8 = 𝐶1𝐶7𝐶8𝑣ℎ
𝑖𝑛𝑑         

𝐷9 = {(𝐶2𝐶3𝐶8𝑣𝑤
𝑖𝑛𝑑 − 𝐶1𝐶5𝐶8𝑣𝑤

𝑖𝑛𝑑)𝑣ℎ
𝑖𝑛𝑑

+ [𝐶1𝐶4𝐶9(𝑣𝑤
𝑖𝑛𝑑)

2
− 𝐶1𝐶5𝐶8𝑣𝑤

𝑖𝑛𝑑𝑣ℎ
𝑖𝑛𝑑 − 𝐶1𝐶6𝐶8(𝑣𝑤

𝑖𝑛𝑑)
2
+ 𝐶1𝐶7𝐶8𝑣𝑤

𝑖𝑛𝑑𝑣𝑤
𝑗𝑛𝑡

+ 𝐶2𝐶3𝐶8𝑣ℎ
𝑖𝑛𝑑𝑣𝑤

𝑖𝑛𝑑]} 

𝐷10 = (𝐶1𝐶7𝐶8𝑣𝑤
𝑗𝑛𝑡

− 𝐶1𝐶5𝐶8𝑣ℎ
𝑖𝑛𝑑 − 2𝐶1𝐶6𝐶8𝑣𝑤

𝑖𝑛𝑑 + 𝐶2𝐶3𝐶8𝑣ℎ
𝑖𝑛𝑑 + 2𝐶1𝐶4𝐶9𝑣𝑤

𝑖𝑛𝑑)𝑣ℎ
𝑖𝑛𝑑           
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𝐷11 = 𝐶1𝐶7𝐶8𝑣𝑤
𝑖𝑛𝑑𝑣ℎ

𝑖𝑛𝑑 

𝐷12 = [𝐶1𝐶4𝐶9(𝑣𝑤
𝑖𝑛𝑑)

2
− 𝐶1𝐶5𝐶8𝑣𝑤

𝑖𝑛𝑑𝑣ℎ
𝑖𝑛𝑑 − 𝐶1𝐶6𝐶8(𝑣𝑤

𝑖𝑛𝑑)
2
+ 𝐶1𝐶7𝐶8𝑣𝑤

𝑖𝑛𝑑𝑣𝑤
𝑗𝑛𝑡

+

𝐶2𝐶3𝐶8𝑣ℎ
𝑖𝑛𝑑𝑣𝑤

𝑖𝑛𝑑] 𝑣ℎ
𝑖𝑛𝑑   

𝐸1 = (𝐵7)
2 + 1       𝐺1 = (𝐵2)

2 + (𝐵5)
2 + 1 −

(𝐵5𝐵7)
2

(𝐵7)2 + 1
 

𝐻1 = [(𝐷2 +
𝐵5𝐵7𝐷3

𝐸1
) (2𝐵5𝐵6 −

2𝐵5𝐵6(𝐵7)2

𝐸1
) − 2𝐺1 (𝐷1 +

𝐵6𝐵7𝐷3

𝐸1
)]  

𝐻2 = [(𝐷2 +
𝐵5𝐵7𝐷3

𝐸1
) (2𝐵1𝐵2 + 2𝐵5𝐵8 −

2𝐵5(𝐵7)
2𝐵8

𝐸1
)

+ (𝐷4 +
𝐵5𝐵7𝐷7

𝐸1
)(2𝐵5𝐵6 −

2𝐵5𝐵6(𝐵7)
2

𝐸1
)

− 2𝐺1 (𝐷6 +
(𝐵5𝐵7𝐷8 + 𝐵6𝐵7𝐷7 + 𝐵7𝐵8𝐷3)

𝐸1
)] 

𝐻3 = [(𝐷4 +
𝐵5𝐵7𝐷7

𝐸1
) (2𝐵1𝐵2 + 2𝐵5𝐵8 −

2𝐵5(𝐵7)
2𝐵8

𝐸1
)

− 2𝐺1 (𝐷9 +
𝐵5𝐵7𝐷11 + 𝐵7𝐵8𝐷7

𝐸1
)] 

𝐻4 = (2𝐵5𝐵6 −
2𝐵5𝐵6(𝐵7)

2

𝐸1
)      𝐻5 = (2𝐵1𝐵2 + 2𝐵5𝐵8 −

2𝐵5(𝐵7)
2𝐵8

𝐸1
)    

𝐻6 = 𝐻1𝐻4       

𝐻7 = 𝐷5 + 𝐻1𝐻5 + 𝐻2𝐻4 +
𝐵6𝐵7𝐷8

𝐸1
 

𝐻8 = 𝐷10 +
(𝐵6𝐵7𝐷11 + 𝐵7𝐵8𝐷8)

𝐸1
+ (4𝐺1𝐷2 +

4𝐺1𝐵5𝐵7𝐷3

𝐸1
) + 𝐻2𝐻5 + 𝐻3𝐻4 
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𝐻9 = 𝐷12 + 𝐻3𝐻5 + 4𝐺1𝐷4 +
𝐵7𝐵8𝐷11

𝐸1
+

4𝐺1𝐵5𝐵7𝐷7

𝐸1
 

𝐼1 =

[
 
 
 
 

((𝐵4)
2 + (𝐵6)

2 + 1 −
(𝐵6𝐵7)

2

(𝐵7)2 + 1
) −

(𝐵5𝐵6 −
𝐵5𝐵6(𝐵7)

2

(𝐵7)2 + 1
)
2

𝐺1

]
 
 
 
 

 

𝐼2 = [(2𝐵6𝐵8 + 2𝐵3𝐵4) −
2𝐵6(𝐵7)

2𝐵8

(𝐵7)2 + 1

−
2(𝐵5𝐵6 −

𝐵5𝐵6(𝐵7)
2

(𝐵7)2 + 1
) (𝐵1𝐵2 + 𝐵5𝐵8 −

𝐵5(𝐵7)
2𝐵8

(𝐵7)2 + 1
)

𝐺1
] 

𝐼3 = (𝐵1)
2 + (𝐵8)

2 + (𝐵3)
2 −

(𝐵7𝐵8)
2

(𝐵7)2 + 1
−

(𝐵1𝐵2 + 𝐵5𝐵8 −
𝐵5(𝐵7)

2𝐵8

(𝐵7)2 + 1
)
2

𝐺1
−

(𝐼2)
2

4𝐼1
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C APPENDIX TO CHAPTER 5 

In this appendix, we present the proof of existence and uniqueness for the GNEP 

problem proposed in section 5.2.2, together with the computation of triple integration 

expressed by equation (5.25).   

C1. Proof of proposition 1  

An important theoretical foundation for the following proof is the theorem of existence 

and uniqueness defined by Rosen (1965).   

C1.1 Existence  

According to Rosen’s existence theorem for concave game, an equilibrium exists for 

every concave 2-person game. In other words, concavity is the sufficient condition for 

existence of an equilibrium.  

In the proposed generalized Nash equilibrium problem (5.11)-(5.15), let 𝑈𝑖
𝑛(𝑖 = ℎ, 𝑤) 

denotes player i’s utility for time allocation under car ownership n, and substitute 

equation (5.13) and equation (5.14) into the objective functions respectively, we can 

have   

𝑈𝑖
𝑛 = 𝑢𝑖

𝑤 𝑙𝑛(𝑇𝑖
𝑤,𝑛 + 1) +𝑢𝑖

𝑚 𝑙𝑛(𝑇𝑖
𝑚,𝑛 + 1)

+ 𝑢𝑖
𝑟𝑙 𝑛(𝑇𝑖 − 𝑇𝑖

𝑤,𝑛 − 𝑇𝑖
𝑚,𝑛 − 𝑇𝑖

𝑡,𝑛 + 1)                                     (C. 1) 

It is obvious that 𝑈𝑖
𝑛 is continuous and differentiable with respect to the strategy set. 

The Hessian matrix of 𝑈𝑖
𝑛 is  

∇2𝑈𝑖
𝑛(𝑇𝑖

𝑤,𝑛, 𝑇𝑖
𝑚,𝑛) = [

𝜕2𝑈𝑖
𝑛

𝜕(𝑇𝑖
𝑤,𝑛)2

𝜕2𝑈𝑖
𝑛

𝜕𝑇𝑖
𝑤,𝑛𝜕𝑇𝑖

𝑚,𝑛

𝜕2𝑈𝑖
𝑛

𝜕𝑇𝑖
𝑚,𝑛𝜕𝑇𝑖

𝑤,𝑛

𝜕2𝑈𝑖
𝑛

𝜕(𝑇𝑖
𝑚,𝑛)2

]  
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=

[
 
 
 −

𝑢𝑖
𝑤

(𝑇𝑖
𝑤,𝑛+1)

2 −
𝑢𝑖

𝑟

(𝑇𝑖−𝑇𝑖
𝑤,𝑛−𝑇𝑖

𝑚,𝑛−𝑇𝑖
𝑡,𝑛+1)

2 −
𝑢𝑖

𝑟

(𝑇𝑖−𝑇𝑖
𝑤,𝑛−𝑇𝑖

𝑚,𝑛−𝑇𝑖
𝑡,𝑛+1)

2

−
𝑢𝑖

𝑟

(𝑇𝑖−𝑇𝑖
𝑤,𝑛−𝑇𝑖

𝑚,𝑛−𝑇𝑖
𝑡,𝑛+1)

2 −
𝑢𝑖

𝑚

(𝑇𝑖
𝑚,𝑛+1)

2 −
𝑢𝑖

𝑟

(𝑇𝑖−𝑇𝑖
𝑤,𝑛−𝑇𝑖

𝑚,𝑛−𝑇𝑖
𝑡,𝑛+1)

2
]
 
 
 
   (C. 2)      

Because the Hessian matrix is negative definite, so the payoff function is concave with 

respect to player i’s strategies while keeping the other player’s strategies fixed. In 

addition, the linear constraints (equation (5.15)) in conjunction with the nonnegative 

constraints of allocated time for every activity constitute a compact convex set. 

Therefore, it is a concave game and the existence of a Nash equilibrium solution can 

be guaranteed.  

C1.2 Uniqueness  

Let 𝜎(𝑇, 𝑟)  denotes a weighted nonnegative sum of husband’s and wife’s utility 

functions expressed in equation B1.1, where their weights are 𝑟ℎ and 𝑟𝑤 respectively, 

so we can have  

𝜎(𝑇, 𝑟) = 𝑟ℎ𝑈ℎ
𝑛(𝑇ℎ

𝑤,𝑛, 𝑇ℎ
𝑚,𝑛) + 𝑟𝑤𝑈𝑤

𝑛(𝑇𝑤
𝑤,𝑛, 𝑇𝑤

𝑚,𝑛),      𝑟ℎ, 𝑟𝑤 ≥ 0                   (C. 3) 

where  

𝑇

= [
𝑇ℎ

𝑤,𝑛 𝑇𝑤 
𝑤,𝑛

𝑇ℎ
𝑚,𝑛 𝑇𝑤

𝑚,𝑛]                                                                                                        (C. 4) 

The pseudogradient of 𝜎(𝑇, 𝑟)  is defined by   

g(𝑇, 𝑟) =

[
 
 
 
 𝑟ℎ

𝜕𝑈ℎ
𝑛

𝜕𝑇ℎ
𝑤,𝑛 𝑟ℎ

𝜕𝑈ℎ
𝑛

𝜕𝑇ℎ
𝑚,𝑛

𝑟𝑤
𝜕𝑈𝑤

𝑛

𝜕𝑇𝑤
𝑤,𝑛 𝑟𝑤

𝜕𝑈𝑤
𝑛

𝜕𝑇𝑤
𝑚,𝑛]

 
 
 
 

                                                                           (C. 5) 
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A sufficient condition that 𝜎(𝑇, 𝑟) be diagonally strictly concave is that the symmetric 

matrix [𝐺(𝑇, 𝑟) + 𝐺𝑇(𝑇, 𝑟)] be negative definite, where 𝐺(𝑇, 𝑟) is the Jacobian matrix 

with respect to 𝑇 of g(𝑇, 𝑟).   

Specifically, the Jacobian matrix 𝐺(𝑇, 𝑟) is  

𝐺(𝑇, 𝑟)

=

[
 
 
 
 
 
 
 
 
 𝑟ℎ

𝜕2𝑈ℎ
𝑛

𝜕𝑇ℎ
𝑤,𝑛𝜕𝑇ℎ

𝑤,𝑛 𝑟ℎ
𝜕2𝑈ℎ

𝑛

𝜕𝑇ℎ
𝑚,𝑛𝜕𝑇ℎ

𝑤,𝑛 𝑟ℎ
𝜕2𝑈ℎ

𝑛

𝜕𝑇ℎ
𝑤,𝑛𝜕𝑇𝑤

𝑤,𝑛

𝑟ℎ
𝜕2𝑈ℎ

𝑛

𝜕𝑇ℎ
𝑤,𝑛𝜕𝑇ℎ

𝑚,𝑛 𝑟ℎ
𝜕2𝑈ℎ

𝑛

𝜕𝑇ℎ
𝑚,𝑛𝜕𝑇ℎ

𝑚,𝑛 𝑟ℎ
𝜕2𝑈ℎ

𝑛

𝜕𝑇ℎ
𝑤,𝑛𝜕𝑇𝑤

𝑚,𝑛

𝑟𝑤
𝜕2𝑈𝑤

𝑛

𝜕𝑇𝑤
𝑤,𝑛𝜕𝑇ℎ

𝑤,𝑛 𝑟𝑤
𝜕2𝑈𝑤

𝑛

𝜕𝑇𝑤
𝑚,𝑛𝜕𝑇ℎ

𝑤,𝑛 𝑟𝑤
𝜕2𝑈𝑤

𝑛

𝜕𝑇𝑤
𝑤,𝑛𝜕𝑇𝑤

𝑤,𝑛

𝑟ℎ
𝜕2𝑈ℎ

𝑛

𝜕𝑇ℎ
𝑚,𝑛𝜕𝑇𝑤

𝑤,𝑛

𝑟ℎ
𝜕2𝑈ℎ

𝑛

𝜕𝑇ℎ
𝑚,𝑛𝜕𝑇𝑤

𝑚,𝑛

𝑟𝑤
𝜕2𝑈𝑤

𝑛

𝜕𝑇𝑤
𝑚,𝑛𝜕𝑇𝑤

𝑤,𝑛

𝑟𝑤
𝜕2𝑈𝑤

𝑛

𝜕𝑇𝑤
𝑤,𝑛𝜕𝑇ℎ

𝑚,𝑛 𝑟𝑤
𝜕2𝑈𝑤

𝑛

𝜕𝑇𝑤
𝑚,𝑛𝜕𝑇ℎ

𝑚,𝑛 𝑟𝑤
𝜕2𝑈𝑤

𝑛

𝜕𝑇𝑤
𝑤,𝑛𝜕𝑇𝑤

𝑚,𝑛 𝑟𝑤
𝜕2𝑈𝑤

𝑛

𝜕𝑇𝑤
𝑚,𝑛𝜕𝑇𝑤

𝑚,𝑛
]
 
 
 
 
 
 
 
 
 

  (C. 6) 

Substitute function 𝑈ℎ
𝑛 and 𝑈𝑤

𝑛  (see A. 1) into the matrix, and let  

𝐴𝑖 = 𝑇𝑖 − 𝑇𝑖
𝑤,𝑛 − 𝑇𝑖

𝑚,𝑛 − 𝑇𝑖
𝑡,𝑛 + 1        ∀𝑖 = ℎ,𝑤                                               (C. 7) 

We can obtain the following symmetric matrix 

[𝐺(𝑇, 𝑟) + 𝐺𝑇(𝑇, 𝑟)] = 

[
 
 
 
 
 
 
 
 
 −2𝑟ℎ[

𝑢ℎ
𝑤

(𝑇ℎ
𝑤,𝑛 + 1)

2 +
𝑢ℎ

𝑟

𝐴ℎ
2 ] −2𝑟ℎ

𝑢ℎ
𝑟

𝐴ℎ
2 0 0

−2𝑟ℎ
𝑢ℎ

𝑟

𝐴ℎ
2 −2𝑟ℎ[

𝑢ℎ
𝑚

(𝑇ℎ
𝑚,𝑛 + 1)

2 +
𝑢ℎ

𝑟

𝐴ℎ
2 ] 0 0

0 0 −2𝑟𝑤[
𝑢𝑤

𝑤

(𝑇𝑤
𝑤,𝑛 + 1)2

+
𝑢𝑤

𝑟

𝐴𝑤
2
] −2𝑟𝑤

𝑢𝑤
𝑟

𝐴𝑤
2

0 0 −2𝑟𝑤
𝑢𝑤

𝑟

𝐴𝑤
2

−2𝑟𝑤[
𝑢𝑤

𝑚

(𝑇𝑤
𝑚,𝑛 + 1)2

+
𝑢𝑤

𝑟

𝐴𝑤
2
]
]
 
 
 
 
 
 
 
 
 

 

                                   (C. 8) 
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Because  [𝐺(𝑇, 𝑟) + 𝐺𝑇(𝑇, 𝑟)] is negatively definite, so 𝜎(𝑇, 𝑟) is diagonally strictly 

concave for every 𝑟 ∈ 𝒬, where 𝒬 is a convex subset of the positive orthant of 𝐸𝑛 . 

Thus, for each 𝑟 ∈ 𝒬 there is a unique normalized equilibrium point based on Rosen’s 

uniqueness theorem for a concave game with coupled constraint set. In Rosen’s 

definition for normalized equilibrium point, 𝜆ℎ and 𝜆𝑤 are given by,  

𝜆ℎ =
𝜆

𝑟ℎ
, 𝜆𝑤 =

𝜆

𝑟𝑤
                                                                                      (C. 9) 

The weights 𝑟ℎ and 𝑟𝑤 tell how the burden of satisfying the maintenance constraint is 

to be distributed between husband and wife. Because we assume husband and wife 

equally share the burden of household maintenance work, an implied condition from 

this assumption is that 𝑟ℎ = 𝑟𝑤 = 1 (Krawczyk, 2005), indicating 𝜆ℎ = 𝜆𝑤 as well. In 

this situation, the proposed problem has a unique equilibrium point called normalized 

equilibrium, which is a special kind of generalized equilibrium.  

C2. Computation of triple integration  

The density function of the random vector  (𝑇ℎ
𝑤,𝑘∗, 𝑇ℎ

𝑚,𝑘∗, 𝑇𝑤
𝑤,𝑘∗) may be derived by 

conducting the triple integration in equation (3.25) by the following logic, 

𝑓(𝑇ℎ
𝑤,𝑘∗, 𝑇ℎ

𝑚,𝑘∗, 𝑇𝑤
𝑤,𝑘∗; �̃�𝑖

𝑗
) = ∭𝑓(𝑇ℎ

𝑤,𝑘∗, 𝑇ℎ
𝑚,𝑘∗, 𝑇𝑤

𝑤,𝑘∗, 𝜙1, 𝜙2, 𝜙3; �̃�𝑖
𝑗
)𝑑𝜙2𝑑𝜙1𝑑𝜙3

+∞

−∞

 

= ∬ 𝑓(𝑇ℎ
𝑤,𝑘∗, 𝑇ℎ

𝑚,𝑘∗, 𝑇𝑤
𝑤,𝑘∗, 𝜙1, 𝜙3; �̃�𝑖

𝑗
)𝑑𝜙1𝑑𝜙3

+∞

−∞

= ∫ 𝑓(𝑇ℎ
𝑤,𝑘∗, 𝑇ℎ

𝑚,𝑘∗, 𝑇𝑤
𝑤,𝑘∗, 𝜙3; �̃�𝑖

𝑗
)𝑑𝜙3      

+∞

−∞

 

According to equation (3.18) and equation set (3.19), it can be further written as  

𝑓(𝑇ℎ
𝑤,𝑘∗, 𝑇ℎ

𝑚,𝑘∗, 𝑇𝑤
𝑤,𝑘∗; �̃�𝑖

𝑗
) = ∬

𝐵 (𝐷𝐶 − 𝐸 −
𝐷𝐶6𝐹𝐶13

(𝐶13)
2 + 1

)

(√2𝜋)5√(𝐶13)
2 + 1

𝑒−
𝐴+

𝐹2

(𝐶13)2+1
2 𝑑𝜙1𝑑𝜙3

+∞

−∞
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= ∫
1

√𝐿

1

(√2𝜋)
4
√(𝐶13)

2 + 1
𝑒−

𝑁
2
+

𝑀2

8𝐿 {
𝐻

𝐿
(1 +

𝑀2

4𝐿
) −

𝐼 ∙ 𝑀

2𝐿
+ 𝐾}𝑑𝜙3

+∞

−∞

 

=
1

(√2𝜋)
3

1

√𝐿

1

√(𝐶13)
2 + 1

1

√𝑆3

𝑒
𝑆1+

(𝑆2)2

8𝑆3 {
𝑋3

(𝑆3)
2
[3 +

(𝑆2)
2

2
+

(𝑆2)
2

𝑆3
+

(𝑆2)
4

16(𝑆3)
2
]

− (𝑋3 + 𝑣𝑤
𝑟𝑋4)

𝑆2

𝑆3
[1 +

1

2𝑆3
+

(𝑆2)
2

8(𝑆3)
2
] + (𝑋2 + 𝑣𝑤

𝑟 𝑋3)
1

𝑆3
[1 +

(𝑆2)
2

4(𝑆3)
2
] − (𝑋1 + 𝑣𝑤

𝑟 𝑋2)
𝑆2

𝑆3

+ 𝑣𝑤
𝑟𝑋1} 

where  

𝐶4 =
(𝑇ℎ−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+2)

(𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1)

2        𝐶5 =
(𝑇ℎ−𝑇ℎ

𝑤,𝑘∗−𝑇ℎ
𝑡,𝑘+2)

(𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1)

2         𝐶6 =
(𝑀+2)

[(𝑀−𝑇ℎ
𝑚,𝑘∗)+1]

2         

𝐶7 =
(𝑇𝑤−𝑇𝑤

𝑤,𝑘∗−𝑀−𝑇𝑤
𝑡,𝑘)

[𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1]

2   𝐶8 =
(𝑇ℎ

𝑤,𝑘∗+1)(𝑇ℎ
𝑚,𝑘∗+1)

(𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1)

2
(𝑇ℎ−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+2)

    

𝐶9 =
[𝑇𝑤−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+2]

[𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1]

2       𝐶10 =
(𝑇ℎ

𝑚,𝑘∗+1)(𝑇𝑤
𝑤,𝑘∗+1)

[𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1]

4           

𝐶11 =
(𝑇ℎ

𝑤,𝑘∗+1)

𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1

          𝐶12 =
(𝑇ℎ

𝑚,𝑘∗+1)

𝑇ℎ−𝑇ℎ
𝑤,𝑘∗−𝑇ℎ

𝑚,𝑘∗−𝑇ℎ
𝑡,𝑘+1

       

𝐶13 =
(𝑇ℎ

𝑚,𝑘∗+1)

(𝑀−𝑇ℎ
𝑚,𝑘∗)+1

        𝐶14 =
(𝑇ℎ

𝑚,𝑘∗+1)

𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1

         𝐶15 =
(𝑇𝑤

𝑤,𝑘∗+1)

𝑇𝑤−𝑇𝑤
𝑤,𝑘∗−(𝑀−𝑇ℎ

𝑚,𝑘∗)−𝑇𝑤
𝑡,𝑘+1

          

𝐴 = (𝐶11𝜙1 + 𝐶1)
2 + (𝜙1)

2 + (𝐶15𝜙3 + 𝐶3)
2 + (𝜙3)

2         𝐵 = 𝐶4(𝜙1 + 𝑣ℎ
𝑟)        

𝐶 = (𝐶5 − 𝐶8)(𝜙1 + 𝑣ℎ
𝑟) + 𝐶6𝑣𝑤

𝑚 − 𝐶7(𝜙3 + 𝑣𝑤
𝑟 )                  𝐷 = 𝐶9𝜙3 + 𝐶9𝑣𝑤

𝑟        

𝐸 = [𝐶10(𝜙3)
2 + 2𝐶10𝑣𝑤

𝑟 𝜙3 + 𝐶10(𝑣𝑤
𝑟 )2]       𝐹 = 𝐶12𝜙1 − 𝐶14𝜙3 + 𝐶2       

𝐻 = 𝐷𝐶4(𝐶5 − 𝐶8) −
𝐷𝐶4𝐶6𝐶12𝐶13

(𝐶13)
2 + 1

 

𝐼 = 𝐷𝐶4(𝐶5 − 𝐶8)𝑣ℎ
𝑟 −

𝐷𝐶4𝐶6𝐶12𝐶13

(𝐶13)2+1
𝑣ℎ

𝑟 + [𝐷(𝐶5 − 𝐶8)𝑣ℎ
𝑟 + 𝐷𝐶6𝑣𝑤

𝑚 − 𝐷𝐶7(𝜙3 + 𝑣𝑤
𝑟 ) − 𝐸 −

𝐷(𝐶2−𝐶14𝜙3)𝐶6𝐶13

(𝐶13)2+1
] 𝐶4  
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𝐾 = [𝐷(𝐶5 − 𝐶8)𝑣ℎ
𝑟 + 𝐷𝐶6𝑣𝑤

𝑚 − 𝐷𝐶7(𝜙3 + 𝑣𝑤
𝑟 ) − 𝐸 −

𝐷(𝐶2−𝐶14𝜙3)𝐶6𝐶13

(𝐶13)2+1
] 𝐶4𝑣ℎ

𝑟  

𝐿 = (𝐶11)
2 + 1 +

(𝐶12)2

(𝐶13)2+1
    𝑀 = 2𝐶11𝐶1 +

2𝐶12(𝐶2−𝐶14𝜙3)

(𝐶13)2+1
   

 𝑁 = (𝐶1)
2 + (𝐶15𝜙3 + 𝐶3)

2 + (𝜙3)
2 +

(𝐶2−𝐶14𝜙3)2

(𝐶13)2+1
       

𝑂1 = 2𝐶11𝐶1 +
2𝐶2𝐶12

(𝐶13)2+1
       𝑂2 =

2𝐶12𝐶14

(𝐶13)2+1
      𝑃1 = 𝐶9 [𝐶4(𝐶5 − 𝐶8) −

𝐶4𝐶6𝐶12𝐶13

(𝐶13)2+1
]    

𝑃2 =
𝐶4𝐶6𝐶9𝐶13𝐶14

(𝐶13)2 + 1
− 𝐶4(𝐶7𝐶9 + 𝐶10) 

𝑃3 = 𝐶4 [𝐶9𝑣ℎ
𝑟(𝐶5 − 𝐶8) + 𝐶6𝐶9𝑣𝑤

𝑚 − 2(𝐶7𝐶9 + 𝐶10)𝑣𝑤
𝑟 −

𝐶2𝐶6𝐶9𝐶13

(𝐶13)2+1
+

𝐶6𝐶9𝐶13𝐶14𝑣𝑤
𝑟

(𝐶13)2+1
]  

𝑃4 = 𝐶4 [𝐶9𝑣ℎ
𝑟(𝐶5 − 𝐶8)𝑣𝑤

𝑟 + 𝐶6𝐶9𝑣𝑤
𝑚𝑣𝑤

𝑟 − (𝐶7𝐶9 + 𝐶10)(𝑣𝑤
𝑟 )2 −

𝐶6𝐶9𝐶13𝐶2𝑣𝑤
𝑟

(𝐶13)2+1
]  

𝑆1 = (𝐶1)
2 + (𝐶3)

2 +
(𝐶2)2

(𝐶13)2+1
−

(𝑂1)2

4𝐿
     𝑆2 = 2𝐶3𝐶15 −

2𝐶2𝐶14

(𝐶13)2+1
+

𝑂1𝑂2

2𝐿
     

𝑆3 = (𝐶15)
2 + 1 +

(𝐶14)
2

(𝐶13)2 + 1
−

(𝑂2)
2

4𝐿
 

𝑋1 =
𝑃1(𝑂2)2

4𝐿2 +
𝑃2𝑂2

2𝐿
      𝑋2 =

𝑃1𝑣𝑤
𝑟 (𝑂2)2

4𝐿2 −
𝑃1𝑂1𝑂2

2𝐿2 +
𝑃3𝑂2

2𝐿
−

𝑂1𝑃2

2𝐿
+

𝑃1𝑣ℎ
𝑟𝑂2

2𝐿
+ 𝑣ℎ

𝑟𝑃2   

𝑋3 =
𝑃1

𝐿
+

𝑃1(𝑂1)2

4𝐿2 −
𝑃1𝑣𝑤

𝑟 𝑂1𝑂2

2𝐿2 −
𝑂1𝑃1𝑣ℎ

𝑟

2𝐿
−

𝑂1𝑃3

2𝐿
+

𝑃1𝑣𝑤
𝑟 𝑣ℎ

𝑟𝑂2+𝑃4𝑂2

2𝐿
+ 𝑣ℎ

𝑟𝑃3      

𝑋4 =
𝑃1𝑣𝑤

𝑟

𝐿
+

𝑃1𝑣𝑤
𝑟 (𝑂1)2

4𝐿2 −
𝑂1𝑃1𝑣𝑤

𝑟 𝑣ℎ
𝑟+𝑂1𝑃4

2𝐿
+ 𝑣ℎ

𝑟𝑃4  
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