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With the rapid development of urbanization and motorization, urban commute trips are becoming increasingly serious due to the
unbalanced distribution of residence and workplace land-use types in most Chinese cities. To explore the inherent interrelations
among residence location, workplace, and commute trip, an integrated model framework of joint residence-workplace location
choice and commute behavior is put forward based on the personal trip survey data of Beijing in 2005. First, to extract households’
different choice characteristics, this paper presents a latent class model, clusters all households into several groups, and analyzes the
conditional probability of each group. Second, the paper integrates the residence location and workplace together as the joint choice
alternative, employs the socioeconomic factors, individual attributes, household attributes, and trip characteristics as explanatory
variables, and formulates the joint residence-workplace location choice model using mixed logit method. Estimations of the latent
class model show that four latent groups fit the data best. Further results of the joint residence-workplace location choice model
indicate that there exist significantly different choice characteristics in each latent group. Generally, the integrated model framework
outperforms traditional location choice methods.

1. Introduction
In most Chinese cities, with the rapid development of urbanization and motorization, the density of urban land-use is
increasing very fast, and the spatial distribution of residence
location and workplace is turning to be unbalanced. As
a result, the urban transportation systems, especially the
commute trips, are facing more and more serious problems.
During the past two decades, integrated models of urban
land-use and transportation systems have been studied
extensively, especially the residential location choice models
using decision behavior approaches. As a competitive tool,
the discrete choice model was used widely in the location
choice models. Lerman (1976) [1] introduced household

car ownership, housing type, and mode to work to the
residential location choice and formulated a logit model.
Freedman and Kern (1997) [2] studied both workplace and
residence locations in two-earner households. To make the
model closer to the reality, McFadden (1978) [3], Boots and
Kanaroglou (1988) [4], Gabriel and Rosenthal (1989) [5],
Waddell (1993) [6], Abraham and Hunt (1997) [7], BenAkiva and Bowman (1998) [8], Deng et al. (2003) [9], Hunt
et al. (2004) [10], Bhat and Guo (2004) [11], Waddell et al.
(2007) [12], Jiao and Harata (2007) [13], Vega and ReynoldsFeighan (2009) [14], and Li et al. (2010) [15] presented different models of household residence location or workplace
choices, as well as household members’ activity and travel
schedules. All the above work made use of discrete choice

2
methods. According to the modeling techniques, existing
researches can be classified into the following four categories:
multinomial logit model (MNL), nested logit model (NL),
generalized extreme value model (GEV), and mixed logit
model (ML). The MNL model is the most widespread in the
pioneering work due to its simplicity; however, it assumes
the independence of irrelevant alternatives (IIA), for instance,
Gabriel and Rosenthal (1989) [5]. The NL model allows for the
correlations between the alternatives in each “nest”; however,
the alternatives in different “nests” are still independent, for
example, Boots and Kanaroglou (1988) [4], Abraham and
Hunt (1997) [7], Deng et al. (2003) [9], and Hunt et al. (2004)
[10]. The GEV model was first developed by McFadden (1978)
[3] and was applied into the job-housing balance study by
Vega and Reynolds-Feighan (2009) [14] due to its flexible
structure and correlated alternatives. The ML model is the
most flexible in the structure, and most existing researches
have used it to incorporate the random taste variations of
different households, as well as the spatial correlations among
different land locations.
More recently, Li et al. (2014) [16] presented a multiobjective optimization model of residential distribution using
operations research method; Ibeas et al. (2013) [17] and
Jiao et al. [18] also proposed some location choice models
to formulate spatial interactions between residence location
and workplace. Furthermore, Jiao et al. [18] combined the
residence location and workplace together as the choice alternative and put forward a joint residence-workplace location
choice model. The case study also indicated the advantages of
the joint choice model.
With some models focusing on location choice of specific household types (such as two-earner or single worker
households), most of the above works have analyzed the
location choice behavior using data of all kinds of households.
However, there should exist different choice characteristics
for different households. Jiao and Harata (2007) [13] clustered
households into several groups according to their life styles
and analyzed the residential location choice behavior of each
group. Nevertheless, the simple clustering analysis method is
too straightforward to extract the inherent characteristics of
different households.
Fortunately, the latent class model (LCM) has been used
in the category analysis widely. Lazarsfeld (1950) [19] first formulated a latent class model. Goodman (1974) [20] developed
an algorithm to estimate the model parameters and made
the model more applicable in practice. Haberman (1979) [21]
analyzed the relations between latent class model and loglinear model. Vermunt (1997) [22] proposed a general latent
class model for categorical data analysis with discrete latent
variables. Actually, the LCM have been generally used in
the researches about health behavior (Lanza and Rhoades,
2013 [23]) and social interactions (Harvey and Taylor, 2000
[24], Arentze and Timmermans, 2008 [25]), but it was rarely
applied in the analyses of urban land-use and transportation
systems.
To analyze the different residence location and workplace
choice characteristics according to household types, one key
feature of this paper is to formulate a latent class model
and to extract the inherent household groups. Another key

Discrete Dynamics in Nature and Society
feature is to further combine the residence location and
workplace together as the choice alternatives and present the
joint residence-workplace location choice models for each
latent class using mixed logit methods.
The rest of this paper consists of the following contents.
The general model framework is proposed in Section 2,
including both the latent class model and the mixed logit
model. The latent class model for household clustering is formulated in Section 3. The integrated model of joint residenceworkplace location choice is put forward in Section 4 based
on the combined choice alternatives. Both models are estimated using the personal trip survey data of Beijing in
2005, and the estimation results are reported and analyzed
in Section 5. Conclusions and potential future researches are
summarized in Section 6.

2. General Model Framework
The theory of LCM is based on the probability distribution
principles and log-linear models, with the objective to explain
the interrelations among manifest variables using the least
latent categories and to achieve the local independence.
The LCM is mainly used to analyze the categorical data.
Compared with continuous variables, the biggest difference
of categorical variables is that their values are discrete, with
each value denoting different attribute or classification, for
instance, gender, residence location, trip mode, and so forth.
Mixed logit (ML) model is a kind of discrete choice
model. To assume the parameters subject to some random
distributions, it is capable of incorporating the random taste
variations of different households, as well as the spatial
correlations among different land locations. Therefore, the
ML model is widely used in location choice researches.
2.1. Structure of Latent Class Model. The LCM is a kind of
model to transform the probabilities of categorical variables
to some parameters, that is, probabilistic parameterization.
There are two kinds of categorical variables in classical
LCM: manifest variable and latent variable. Meanwhile, there
are two groups of parameters: latent class probability and
conditional probability.
The manifest variable can be observed directly, for example, time, distance, and so on. It is also called observable
variable or measureable variable. However, the latent variable cannot be observed directly, for instance, psychological
expectation, individual preference, and so forth.
A latent class model can be formulated as
𝐴𝐵𝐶
𝐵𝑋 𝐶𝑋
= 𝜋𝑡𝑋 𝜋𝑖𝑡𝐴𝑋 𝜋𝑗𝑡
𝜋𝑘𝑡 ,
𝜋𝑖𝑗𝑘

(1)

𝐴𝐵𝐶
is the joint probability of the LCM; 𝐴, 𝐵, and
where 𝜋𝑖𝑗𝑘
𝐶 denote three manifest variables; 𝜋𝑡𝑋 is the latent class
probability, which means the probability of latent variable 𝑋
𝐵𝑋
𝐶𝑋
, and 𝜋𝑘𝑡
in class 𝑡, 𝑡 = 1, 2, . . . , 𝑇, ∑𝑇𝑡=1 𝜋𝑡𝑋 = 1; 𝜋𝑖𝑡𝐴𝑋 , 𝜋𝑗𝑡

are three conditional probabilities; 𝜋𝑖𝑡𝐴𝑋 shows the conditional
probability of latent class 𝑡 on manifest variable 𝐴 in level 𝑖:
𝐵𝑋
indicates
that is, 𝑃(𝐴 = 𝑖 | 𝑋 = 𝑡), 𝑖 = 1, 2, . . . , 𝐼; 𝜋𝑗𝑡
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Table 1: Variables in the latent class model.
Symbol

Variable

Values

Residence location
Workplace
Commute distance
(Km)

𝑅
𝑊

Xicheng/1, Dongcheng/2, Chongwen/3, Xuanwu/4,
Haidian/5, Chaoyang/6, Fengtai/7, Shijingshan/8

𝐷

<4/1, 4–8/2, 8–12/3, 12–16/4, 16–20/5, >20/6

Commute mode

𝑀

Walk/1, Bicycle/2, Bus/3, Subway/4, car/5

Household monthly income (Chinese Yuan)

𝐼

<2500/1, 2501–3500/2, 3501–5500/3, >5500/4

In the third column, the number after the slash line “/” is value of the corresponding categorical variables.

the conditional probability of latent class 𝑡 on manifest
variable 𝐵 in level 𝑗: that is, 𝑃(𝐵 = 𝑗 | 𝑋 = 𝑡), 𝑗 = 1, 2, . . . , 𝐽;
𝐶𝑋
denotes the conditional probability of latent class 𝑡 on
𝜋𝑘𝑡
manifest variable 𝐶 in level 𝑘: that is, 𝑃(𝐶 = 𝑘 | 𝑋 = 𝑡),
𝑘 = 1, 2, . . . , 𝐾; 𝑃(⋅) is a probability function.
2.2. Structure of Mixed Logit Model. Similar to MNL model,
NL model, and GEV model, the mixed logit model is also
based on the assumption of random utility maximization.
With rather flexible formulation in the structure, it mainly has
the following advantages: (1) there is no IIA property in the
model; (2) the error item of the utility function can be subject
to any random distribution, which removes the constraint of
Gumbel distribution in logit model or normal distribution
in probit model; (3) the estimated parameters are subject to
some kind of random distribution, which incorporates the
taste variations of different decision makers.
Similar to our previous work [18], using 𝑈ℎ𝑖 to denote the
utility function for decision maker ℎ to select alternative 𝑖,
then it can be divided into two items: the systematic item 𝑉ℎ𝑖
and the random item 𝜂ℎ𝑖 ; that is,
𝑈ℎ𝑖 = 𝑉ℎ𝑖 + 𝜂ℎ𝑖 .

(2)

To incorporate random taste variations in the model, 𝑉ℎ𝑖
is further formulated as below:
𝑀

𝑁

𝑚=1

𝑛=1

𝑉ℎ𝑖 = ∑ 𝛼𝑚 𝑧ℎ𝑖𝑚 + ∑ 𝛽𝑛 𝑥ℎ𝑖𝑛 ,

(3)

where 𝛼𝑚 and 𝛽𝑛 are two kinds of parameters to be estimated;
𝛼𝑚 is the fixed parameter, just like MNL model; 𝛽𝑛 is the
unfixed parameter following some random distribution to
incorporate the random taste variations; 𝑧ℎ𝑖𝑚 and 𝑥ℎ𝑖𝑛 are
explanatory variables corresponding to 𝛼𝑚 and 𝛽𝑛 , respectively; 𝑀 is the total number of variables corresponding to
𝛼𝑚 ; 𝑁 is the total number of variables corresponding to 𝛽𝑛 .
Based on the fundamental theory of discrete choice
analysis, the mixed logit model can be formulated as
𝐿 ℎ𝑖 =

=

exp (𝑉ℎ𝑗 )

𝑁
exp (∑𝑀
𝑚=1 𝛼𝑚 𝑧ℎ𝑖𝑚 + ∑𝑛=1 𝛽𝑛 𝑥ℎ𝑖𝑛 )
𝑁
∑𝐽𝑗=1 exp (∑𝑀
𝑚=1 𝛼𝑚 𝑧ℎ𝑗𝑚 + ∑𝑛=1 𝛽𝑛 𝑥ℎ𝑗𝑛 )

𝑃ℎ𝑖 = ∫

∞

[

−∞

[

𝑁
exp (∑𝑀
𝑚=1 𝛼𝑚 𝑧ℎ𝑖𝑚 + ∑𝑛=1 𝛽𝑛 𝑥ℎ𝑖𝑛 )
𝑁
∑𝐽𝑗=1 exp (∑𝑀
𝑚=1 𝛼𝑚 𝑧ℎ𝑗𝑚 + ∑𝑛=1 𝛽𝑛 𝑥ℎ𝑗𝑛 )

(4)
,

]
] (5)

⋅ 𝑓 (𝛽) 𝑑𝛽,
where 𝑃ℎ𝑖 is the unconditional probability for decision maker
ℎ to select alternative 𝑖 and 𝑓(⋅) is the density function which
the unfixed parameter 𝛽𝑛 follows.

3. Latent Class Model for
Household Clustering
To explore the inherent characteristics of urban residence
location choice and workplace choice, this paper further
formulates the latent class model for commute trips based
on the personal trip survey data of Beijing in 2005. The
study area is divided into eight zones according to the
urban districts: Xicheng, Dongcheng, Chongwen, Xuanwu,
Haidian, Chaoyang, Fengtai, and Shijingshan. Based on the
thorough analyses of influence factors of residence location
and workplace choices, we introduce the following five variables into the LCM: residence location, workplace, commute
distance, commute mode, and household monthly income.
Here residence location, workplace, and commute mode are
discrete variables; however, commute distance and household
monthly income are continuous in nature. For convenience,
these two continuous variables are also discretized and transformed to categorical variables. For the important commute
mode, we mainly select five modes, that is, walk, bicycle, bus,
subway, and car.
Variables in the latent class model are summarized in
Table 1.
Based on the variables in Table 1, the latent class model is
formulated as
𝑅𝑊𝐷𝑀𝐼𝑋
𝑊𝑋 𝐷𝑋 𝑀𝑋 𝐼𝑋
= 𝜋𝑡𝑋 𝜋𝑖𝑡𝑅𝑋 𝜋𝑗𝑡
𝜋𝑘𝑡 𝜋𝑙𝑡 𝜋𝑠𝑡 ,
𝜋𝑖𝑗𝑘𝑙𝑠𝑡

exp (𝑉ℎ𝑖 )

∑𝐽𝑗=1

where 𝐿 ℎ𝑖 is the probability for decision maker ℎ to select
alternative 𝑖 and 𝐽 is the total number of alternatives.
Therefore, the unconditional probability for decision
maker ℎ to select alternative 𝑖 can be further formulated as

(6)

where 𝑋 is the latent variable; 𝑇 is the number of latent
classes; 𝜋𝑡𝑋 denotes the latent class probability; 𝑅, 𝑊, 𝐷, 𝑀,
and 𝐼 show the manifest variables; 𝑖, 𝑗, 𝑘, 𝑙, and 𝑠 are levels
𝑊𝑋
𝐷𝑋
, 𝜋𝑘𝑡
, 𝜋𝑙𝑡𝑀𝑋 ,
of manifest variables, respectively; 𝜋𝑖𝑡𝑅𝑋 , 𝜋𝑗𝑡
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Table 2: Variables in the mixed logit model.

Variable
House renting price
(Hundred Chinese Yuan/Month)
Commute distance
(Km)
Commute time
(Min)
Household monthly income
(Chinese Yuan)
Population density
(Thousand/Km2 )
Number of employment opportunities
(Thousand)
GDP of workplace
(Ten Billion Chinese Yuan)

Symbol

Remark

FJ

Continuous

DI

Continuous

TT

Continuous

INC

Discrete:
<2500/1, 2501–3500/2, 3501–5500/3, >5500/4

POP

Continuous

EMP

Continuous

GDP

Continuous

In the third column, the number after the slash line “/” is value of the corresponding categorical variables.

and 𝜋𝑠𝑡𝐼𝑋 are conditional probabilities; 𝜋𝑖𝑡𝑅𝑋 is the conditional
probability of latent class 𝑡 on manifest variable 𝑅 in level 𝑖:
𝑊𝑋
is the conditional probability of
that is, 𝑃(𝑅 = 𝑖 | 𝑋 = 𝑡); 𝜋𝑗𝑡
latent class 𝑡 on manifest variable 𝑊 in level 𝑗: that is, 𝑃(𝑊 =
𝐷𝑋
is the conditional probability of latent class 𝑡
𝑗 | 𝑋 = 𝑡); 𝜋𝑘𝑡
on manifest variable 𝐷 in level 𝑘: that is, 𝑃(𝐷 = 𝑘 | 𝑋 = 𝑡);
𝜋𝑙𝑡𝑀𝑋 is the conditional probability of latent class 𝑡 on manifest
variable 𝑀 in level 𝑙: that is, 𝑃(𝑀 = 𝑙 | 𝑋 = 𝑡); 𝜋𝑠𝑡𝐼𝑋 is the
conditional probability of latent class 𝑡 on manifest variable
𝑅𝑊𝐷𝑀𝐼𝑋
is the joint
𝐼 in level 𝑠: that is, 𝑃(𝐼 = 𝑠 | 𝑋 = 𝑡); 𝜋𝑖𝑗𝑘𝑙𝑠𝑡
probability of the LCM.
Based on the above symbols and equations, we can further
formulate the conditional probability of latent variable 𝑋 as
𝑅 𝑊 𝐷 𝑀 𝐼X
𝜋𝑖𝑗𝑘𝑙𝑠𝑡

=

𝑅𝑊𝐷𝑀𝐼𝑋
𝜋𝑖𝑗𝑘𝑙𝑠𝑡
𝑅𝑊𝐷𝑀𝐼𝑋
∑𝑇𝑡=1 𝜋𝑖𝑗𝑘𝑙𝑠𝑡

.

In this model, we assume that households make residence
location and workplace choices simultaneously, that is, the
joint location choice. Since there are eight zones in the study
area, totally we have 64 choice alternatives; that is, each
residence-workplace location pair denotes one alternative.
Based on many estimation experiments, commute distance and commute time are assumed to be corresponding
to the unfixed parameters 𝛽𝑛 . Here 𝛽𝑛 is assumed to follow
a logarithmic normal distribution. Therefore, the integrated
model of joint residence-workplace location choice is presented as
∞

𝑃ℎ𝑖 = ∫

−∞

[(exp (𝛽1 DI𝑖 + 𝛽2 TT𝑖 + 𝛼1 FJ𝑖 + 𝛼2 INC𝑖
[
+ 𝛼3 POP𝑖 + 𝛼4 EMP𝑖 + 𝛼5 GDP𝑖 ))

(7)

Using (7), we can obtain the conditional probability of
latent variable. Every observation is assigned to the corresponding latent class according to the largest magnitude
𝑅 𝑊 𝐷 𝑀 𝐼X
. Therefore, for urban residence
in the value of 𝜋𝑖𝑗𝑘𝑙𝑠𝑡
location and workplace choice problems, households will
be clustered into several groups logically using the above
LCM method, and each group will have different choice
characteristics.

4. Integrated Model of Joint
Residence-Workplace Location Choice
Based on the clustered household groups from the LCM,
we can further formulate residence location and workplace
choice models for each kind of household using mixed
logit method, just like our previous work [18]. Explanatory
variables are summarized in Table 2, including house renting
price, commute distance, commute time, household monthly
income, population density, number of employment opportunities, and GDP of workplace.

𝐽

⋅ ( ∑ exp (𝛽1 DI𝑗 + 𝛽2 TT𝑗 + 𝛼1 FJ𝑗

(8)

𝑗=1

+ 𝛼2 INC𝑗 + 𝛼3 POP𝑗
−1

+ 𝛼4 EMP𝑗 + 𝛼5 GDP𝑗 )) ]
]
⋅ 𝑓 (𝛽) 𝑑𝛽,
where 𝐽 is the total number of choice alternatives, 𝛽𝑛 follows
the logarithmic normal distribution in (9), and definitions of
other variables are the same as those stated before:
2

𝛽𝑛 (𝛾𝑘 , 𝜉𝑛 , 𝜃𝑛 ) =

ln (𝛾𝑘 ) − 𝜉𝑛
1
exp [− (
) ],
𝜃𝑛
2√𝜋𝜃𝑛

(9)

where 𝛾𝑘 is the random variable and 𝜉𝑛 and 𝜃𝑛 are the
expectation and variance of ln(𝛾𝑘 ), respectively.
Using (8) and (9), we can formulate every household
group’s joint residence-workplace location choice behavior.
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Table 3: Fit criteria of the LCM.

Number of latent classes
𝑇=1
𝑇=2
𝑇=3
T=4
𝑇=5

Likelihood ratio chi-square
Value
𝑃-value
13148.723
<0.001
11145.600
<0.001
9404.705
0.053
8127.792
0.097
8845.764
0.057

5. Estimation Results
Based on the personal trip survey data of Beijing, we can
estimate the integrated model of joint residence-workplace
location choice and commute behavior.
5.1. Estimation Results of Latent Class Model. Parameter
estimation of latent class model is usually implemented
using two kinds of iterative algorithms based on maximum
likelihood method: expectation maximization algorithm and
Newton-Raphson algorithm. The iterative process consists of
two steps: the first step is to achieve the maximized value from
a starting number, which is taken as the initial estimation
value in the algorithm and the second step is to estimate again
from the result of the first step, until the process arrives at the
accuracy requirement.
To obtain the LCM with best-fit ratio, this paper makes
use of the maximum likelihood method for estimation. The
progress of estimation begins by fitting a complete independence model with 𝑇 = 1 and then iteratively increases the
number of latent classes one by one until an appropriate 𝑇 is
achieved. The likelihood ratio chi-square value will increase
with the increase of differences between observed values
and expected values. The Akaike information criterion (AIC)
and Bayesian information criterion (BIC) are employed to
evaluate the model and to determine the appropriate number
of latent classes 𝑇. For the LCM, the fit ratio increases with
the decrease of AIC and BIC.
Based on several estimation experiments, the fit criteria
of the proposed LCM are summarized in Table 3.
From Table 3, one can find out that the fit criterion of the
model is the best while 𝑇 = 4; that is, we totally get 4 latent
classes.
The detailed parameter estimation results are further
summarized in Table 4.
From Table 4, we can find out the following results.
Class 1. Households mainly reside in Haidian and Chaoyang
districts and wok in the same zones. Their commute distances
are rather long, with 55.3% within 8 kilometers, and 29.6%
between 8 and 16 kilometers. The frequently used commute
modes are bicycle, bus, and car. Household income is rather
high. Furthermore, from the latent class probability, the
proportion of this latent class is the biggest.
Class 2. Households mainly reside in Xicheng and Dongcheng
districts. Some of them work in zones close to home, while
some others tend to work in Haidian and Chaoyang districts.

AIC

BIC

64326.826
62425.088
60731.082
57506.073
60255.852

64490.171
62758.060
61233.680
58178.298
61097.705

The possible reasons are that there are many scientific,
technological, and cultural zones in Haidian district, and the
central business district (CBD) locates in Chaoyang district.
With higher income than class 1, their commute distances are
also longer than the first household group. Meanwhile, the
most frequently used commute mode is car, and the second
one is bus.
Class 3. Most households reside in Dongcheng and Chaoyang
districts and work in the same area; that is, these households
mainly live and work in the east area of Beijing. Therefore,
the commute distance is the shortest, with 87.7% within 8
kilometers. Meanwhile, the frequently used commute modes
are walk and bicycle, which are most appropriate for short
distance trips. Almost no household uses subway; however,
the percentage of car is about 20%. The possible reasons are
that there was few subway lines under operation when the
survey was carried out, and some people tend to use car due
to rather high income.
Class 4. Most households reside in Fengtai and Shijingshan
districts and work in the same zones. Besides, some households tend to live and work in Chongwen and Xuanwu districts. The percentage is rather small, because there are a large
number of historical and cultural protection areas in these
two districts, which are not very appropriate for residence.
Commute distances of this latent class are rather short, with
85.5% within 8 kilometers. Therefore, corresponding to the
distance, the most frequently used commute mode is the
bicycle, covering 52.4%. Furthermore, since the economic
level of Fengtai and Shijingshan districts are not very high,
household income of this group is the lowest in all latent
classes.
From the above analyses, we can further find out that the
differences among four latent classes are distinct. Moreover,
the clustered results from the LCM method are much more
logical than those from traditional simple cluster analysis
methods [13].
5.2. Estimation Results of Mixed Logit Model. The joint
residence-workplace location choice model based on mixed
logit is estimated using maximum simulated likelihood
(MSL) method, which was proved to be rather effective
and efficient by Bhat and Guo (2004) [11]. Furthermore,
to implement the MSL algorithm, we integrate randomly
scrambled Halton draws [26] into the estimation algorithm.
Similar to our previous work, we also code the algorithm
using GAUSS platform.
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Table 4: Estimation results of the LCM.

Latent class
Residence
location
1
2
3
4
5
6
7
8
Workplace
1
2
3
4
5
6
7
8
Commute
distance
1
2
3
4
5
6
Commute
mode
1
2
3
4
5
Household
monthly
income
1
2
3
4
Latent class
probability

1

2

3

4

Variable
values

0.057
0.052
0.001
0.004
0.411
0.364
0.051
0.060

0.477
0.486
0.000
0.018
0.002
0.005
0.004
0.008

0.018
0.140
0.019
0.000
0.000
0.821
0.002
0.000

0.000
0.000
0.131
0.079
0.000
0.001
0.480
0.309

Xicheng
Dongcheng
Chongwen
Xuanwu
Haidian
Chaoyang
Fengtai
Shijingshan

0.092
0.092
0.015
0.016
0.306
0.440
0.030
0.009

0.218
0.225
0.014
0.037
0.167
0.278
0.048
0.013

0.000
0.205
0.011
0.000
0.000
0.784
0.000
0.000

0.024
0.004
0.094
0.106
0.002
0.000
0.469
0.301

Xicheng
Dongcheng
Chongwen
Xuanwu
Haidian
Chaoyang
Fengtai
Shijingshan

0.215
0.338
0.158
0.138
0.070
0.081

0.083
0.406
0.256
0.125
0.068
0.062

0.377
0.500
0.086
0.023
0.014
0.000

0.332
0.523
0.111
0.012
0.017
0.005

<4
4–8
8–12
12–16
16–20
>20

0.097
0.307
0.235
0.061
0.300

0.031
0.214
0.286
0.063
0.406

0.198
0.439
0.165
0.000
0.199

0.133
0.524
0.114
0.000
0.229

Walk
Bicycle
Bus
Subway
Car

0.156
0.250
0.313
0.281

0.068
0.198
0.406
0.328

0.158
0.269
0.269
0.305

0.308
0.330
0.341
0.021

<2500
2501–3500
3501–5500
>5500

47.55% 11.00% 21.30% 20.15%

Using the above method, the joint residence-workplace
location choice model is estimated as though that all households tend to choose residence location and workplace simultaneously; that is, these two kinds of land-use types influence
each other. The estimated mean values of all parameters are

reported in Table 5, with the 𝑡-statistics shown in parentheses
to indicate the significances of explanatory variables. As
stated before, for unfixed commute distance and commute
time, estimations of their mean values and standard deviations are both reported. Furthermore, to compare different
household groups, the estimations of four latent classes are
summarized in four columns, respectively.
From Table 5 we can find out that all estimated parameters have expected signs and significance, which generally
proves the effectiveness of the integrated model of joint
residence-workplace location choice and commute behavior.
For all latent classes, we can get the following results from
the signs of parameters.
(1) The expected negative sign of house renting price
shows that with other conditions fixed, households
tend to live in areas with rather low housing price.
(2) Both commute distance and commute time between
residence location and workplace have negative signs
as expected, which indicates that households tend
to job-housing balance when they consider their
residence location and workplace choices; that is,
proximity to workplace is very important for households to choose residence location; at the same time,
proximity to residence location is also very important
for households to choose workplace.
(3) The positive sign of household monthly income is
also consistent with expectation, which means that
households are more likely to reside or work in places
which could bring them higher income.
(4) The sign of number of employment opportunities is
positive, showing that job opportunities are a rather
important factor influencing households’ residence
location and workplace choices. It means that people
tend to live and work in locations with more opportunities.
(5) GDP of workplace has the expected positive sign,
indicating that households are more inclined to work
in places with good economic environment.
(6) A very interesting thing is that there is an exception
in population density; that is, in latent class 1, the
parameter is positive, while in latent classes 2, 3, and
4, the parameters are negative. Characteristics of each
latent class could explain such exception. In class
1, most households live in Haidian and Chaoyang
districts, which are two rather big zones with many
residential land-uses, but the residence density is not
very high; therefore, households tend to locate in
places with high population density, which is also
a kind of reflection of population clustering effect.
Conversely, in classes 2, 3, and 4, most households live
in other six districts of Beijing, which are rather small
areas with very high residence density; therefore,
households in these three classes tend to reside in
areas with low population density, which reflects that
low residence density and comfortable community
environment are more important for these people.
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Table 5: Estimation results of four latent classes.
Variables
House renting price
Commute distance
(M)
Commute distance
(S.D.)
Commute time
(M)
Commute time
(S.D.)
Household monthly
income
Population density
Number of employment
opportunities
GDP of workplace

Class 1
−0.9568
(−18.48)
−0.1953
(−12.63)
0.3115
(14.49)
−0.03623
(−2.37)
−1.14E − 04
(0)
1.0919
(24.82)
0.9441
(18.36)
0.0648
(10.31)
0.3617
(14.24)

Class 2
−0.1823
(−2.40)
−0.1174
(−3.72)
0.1762
(5.06)
−0.0305
(5.22)
−0.0139
(−1.02)
2.0387
(15.55)
−0.9983
(−4.24)
0.0665
(4.74)
0.2288
(9.06)

Class 3
−0.1734
(−4.41)
−0.5049
(−10.10)
0.2878
(6.65)
−0.0128
(−2.89)
7.69E − 05
(0)
1.0537
(13.47)
−0.1624
(−15.63)
0.1113
(3.66)
0.3973
(6.60)

Class 4
−0.2153
(−8.60)
−0.2662
(−9.83)
−0.1417
(−4.72)
−0.0582
(4.96)
−2.10E − 04
(0)
1.3504
(16.82)
−0.0763
(−6.01)
0.2311
(4.67)
0.1594
(3.40)

Here M means “mean value”; S.D. means “standard deviation.”

Further comparisons of the estimations among four latent
classes reveal the following results.
(1) For all 4 latent classes, the magnitude of household monthly income is much bigger than other
parameters. It indicates that this factor is much more
important than other factors for household residence
location and workplace choices. Moreover, house
renting price also has rather big magnitude, showing
that housing price is also a very important factor in
location choices.
(2) For latent class 1, house renting price, population
density, and GDP of workplace have much bigger
magnitudes, showing that these three factors are more
important for households in Haidian and Chaoyang
districts to make their residence location and workplace choices.
(3) For latent class 2, much bigger magnitudes in population density and GDP of workplace again prove their
importance. As stated before, the sign of population
density is negative, because most households in class
2 reside in Xicheng and Dongcheng districts, which
locate at the center city of Beijing, with very high
residence density. Therefore, different from class 1,
these households tend to live in areas with low
population density and comfortable environment.
(4) For latent class 3, commute distance has rather big
magnitude, which means that people consider more
about commute distance when they make residence
location and workplace choices. Results from the
latent class analyses give the reason; that is, most
households in this group use walk and bicycle in
commute trips, and these two kinds of modes are
more sensitive on trip distance.

(5) For latent class 4, the magnitude of number of
employment opportunities is obviously bigger than
others. Once again, the reason can be achieved from
the latent class analyses. Most households in this
group reside and work in Fengtai and Shijingshan
districts, which are relatively underdeveloped in economic level. There are less employment opportunities
in these two districts than other six zones, and income
is also rather low. Therefore, households in this
group pay more attention to number of employment
opportunities in residence location and workplace
decision behaviors.
Generally, all the estimation results are consistent with
expectations. The detailed analyses based on latent classes
explore many interesting and logical results.

6. Conclusions
This paper addresses an integrated model of joint residenceworkplace location choice and commute behavior using
latent class and mixed logit methods. The general model
framework consists of two single models. We first present
a latent class model to extract households’ different choice
characteristics and cluster households into several groups.
Based on the latent class analyses, we further combine the
residence location and workplace together as the joint choice
alternative and formulate a joint residence-workplace location choice model using mixed logit method. A large amount
of data is extracted from the personal trip survey data of
Beijing in 2005 for case study. Estimation results of the latent
class model show that households are properly clustered
into four groups, and every kind of household has different
characteristics. The mixed logit models for all four latent
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classes are then estimated, respectively, using maximum simulated likelihood method. Estimated parameters show that
all the estimations are consistent with expectations. For all
latent classes, household monthly income and housing price
are much important for residence location and workplace
choices. Further comparisons of the estimated parameters
among four latent classes prove that there exist much big
differences in the location choice behaviors, and the joint
residence-workplace location choice model using latent class
and mixed logit methods is very effective.
Future researches are directed towards the following
aspects. The first is to employ more recent socioeconomic
data, census data, and trip survey data and to update the
case studies of this research. The second is to further explore
the differences among different decision makers, for instance,
male, female, and children in the same household and to
analyze more detailed choice behaviors. The third is to track
the development histories of residential and employment
land-uses based on panel data.
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