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A B S T R A C T   

This paper proposes a latent class path model to analyse the intention to move house as a function of residential 
satisfaction, which in turn is influenced by the gap between residential aspirations and reality. Different from the 
existing literature, which assumes the same structural dependencies apply to all residents with different socio- 
demographic profiles, we allow for different unobserved classes with different structural dependencies. Class 
membership is a function of the socio-demographics of individuals. Using data from eight renovated historical 
blocks in two Chinese cities, the differences influencing the intention to move house between two latent classes 
are captured. In one class the intention to move is significantly influenced by housing and environmental 
satisfaction, but this dependency is not found in the other class. The impact of the residential gap on satisfaction 
also differs between the two classes. Class membership is found to be mainly attributed to having property rights 
or not and whether respondents are supporting the elderly. Policy and planning implications are provided 
considering the different residential interests and backgrounds of residents.   

1. Introduction 

The study of residential satisfaction and mobility has a long history 
in urban research. Residential mobility has commonly been explained in 
terms of residential satisfaction (e.g., [1,2]). The lower the residential 
satisfaction, the higher the intention to move or the higher the proba-
bility to move house. In addition, moving intention or probability of 
moving house has been modelled as a function of social demographic 
characteristics of individuals and households, either directly (e.g., 
[3–5]), or indirectly through residential satisfaction (e.g., [6,7]). In turn, 
residential satisfaction has been primarily modelled as a function of 
residential (housing and neighbourhood) attributes (e.g., [8,9]). 

Few studies analysed how residential satisfaction is influenced by 
residential gap, defined as the mismatch between aspiration and 
perceived reality (e.g., [11]). Often, the relationships mentioned have 
been examined separately and independently. Only a few studies have 
applied an integrated approach, combining the relationships in struc-
tural equation or path models (e.g., [7,12]). 

In these studies of residential satisfaction and mobility, the issue of 
unobserved heterogeneity has received only scant attention (e.g., [13, 
14]). Variability in part-worth utilities and moving probabilities has 
predominantly been viewed as a function of observed 

socio-demographic characteristics. Only a few studies have applied 
mixed logit models or latent class models to capture unobserved het-
erogeneity in residential choice behaviour. 

These models, however, consider unobserved heterogeneity only in 
single direct relationships regarding residential satisfaction or mobility. 
To the best of our knowledge, models that identify latent classes in the 
complex direct and indirect relationships between different sets of var-
iables have not been developed in the residential mobility literature. It 
means that studies incorporating unobserved heterogeneity underlying 
integrated causal structures in which the estimated relationships be-
tween the variables vary by class should be a relevant and novel 
contribution to the state of the art in residential mobility research. 

Based on this rationale, this paper formulates a latent class path 
model (LCP) in which each class represents a different causal structure 
between the intention to move house, residential satisfaction and resi-
dential gap. In line with the definition in the classic residential satis-
faction literature [11], residential gap is defined as the gap between 
aspiration (desired situation) and reality (currently perceived situation). 
Similar concepts include stress (e.g., [15]), mismatch (e.g., [16]), and 
deficit (e.g., [17]). Gap-satisfaction theory generally assumes that resi-
dential satisfaction is a function of residential gap. Specifically, every 
individual has certain aspirations regarding his/her house and 
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experiences the real situation, which may not fully satisfy the aspira-
tions. It is assumed that the mismatch between aspiration and perceived 
reality influences residential satisfaction [11,18,19]. 

The LCP model proposed identifies heterogeneity among residents, 
which is important for planners and policy makers. It should be noted 
that a proper policy decision in urban planning, especially when it is 
targeted at a specific group of people, needs further understanding of the 
responses of individuals with different socio-demographic backgrounds. 
Identification of the heterogeneity or difference among individuals plays 
a very important role in the success of policy implementations on 
different groups of people. This cannot be captured in traditional path 
analysis which only estimates the average residential interests of all 
individuals with different socio-demographic profiles. 

The model is estimated using data collected from eight historical 
blocks in two selected Chinese cities. The term historical block and 
district officially denote the areas in Chinese cities, where historical or 
cultural buildings gather or present the characteristics and style of a 
certain historical period.1 As historical blocks experienced various levels 
of renovation, at different renovation stages, residents’ aspiration, 
satisfaction and moving intention vary due to the changing living 
environment [20] and exhibit more variability compared with other 
urban areas. In intending to move house, residents in historical blocks 
encounter more benefits and constraints than those living in other urban 
areas [21,22]. Therefore, historical blocks provide an interesting back-
ground for residential mobility studies and model testing. 

The remainder of the paper is structured as follows: the next section 
will review prior research on residential satisfaction and mobility from a 
methodological perspective. Then, the conceptual model underlying this 
study will be proposed and the LCP model will be formulated. The fourth 
section describes the data collection, followed by an interpretation of the 
results of the model estimation. The last section will draw some con-
clusions with a discussion of model findings. 

2. Literature review 

Since the 1970s, a large number of residential studies have appeared 
in the housing and urban planning literature. Central concepts in these 
studies are residential satisfaction and residential mobility. In this re-
view, we differentiate between studies that conducted a single rela-
tionship analysis and those that analysed both direct and indirect 
relationships between multiple concepts related to residential satisfac-
tion and mobility. After reviewing each of these studies, the issue of 
unobserved heterogeneity will be discussed. 

A further division of these studies can be based on the measurement 
scale of the dependent variable. Generally, residential satisfaction has 
been measured on an interval scale. However, some studies have used 
ordered categorical scales or treated their rating scales as such. Simi-
larly, residential mobility has been measured on an interval scale when 
authors requested respondents to express the intensity of moving 
intention or the probability of actual move, while a binary scale is 
assumed when authors asked respondents to indicate whether or not 
they have the intention to move house. The specific models used then 
depend on the measurement scale of the dependent variable. 

2.1. Single relationship analysis 

First, a plethora of studies has applied linear regression analysis to 
explain residential satisfaction as a function of residential attributes (e. 
g., [23–28]), or residential gap (e.g., [19]). These studies have implicitly 
or explicitly assumed that residential satisfaction is measured at an in-
terval scale. The residential attributes were often grouped into housing 
attributes, neighbourhood attributes and accessibility attributes [10, 
48]. In few studies (e.g., [29]), linear regression has also been applied to 

examine the impact of residential gap on satisfaction. A larger residen-
tial gap is found to reduce satisfaction. 

Second, another stream of research can be isolated that has been 
concerned with residential mobility, including moving intention and 
moving behaviour. Some studies have measured the intention to move 
house (e.g., [2,30]). Usually, the intention to move is assumed to have 
interval properties, and consequently linear regression models have 
been the dominant method of analysis. For instance, Earhart and Weber 
[3] used the multiple regression model to analyse the contribution of 
home attachment to moving intention. By contrast, when the intention 
to move house is measured as a binary choice, logistic regression has 
been used. For instance, Lee et al. [31] applied logistic regression to 
examine the influence of social-demographics, like gender, tenure and 
education, on the intention to move. Others, however, assumed these 
scales only have ordinal or categorical discrete properties and therefore 
ordered probit and logit models have been used to estimate the rela-
tionship between the explanatory variables and the intention to move 
house. For example, B€oheim and Taylor [30] used a random-effect 
probit model to analyse the determinants of the decision to move 
house. Kim et al. [2] used a multinomial logit model to analyse the in-
fluence of social-demographics, social ties and environmental percep-
tions on moving propensity. 

Rather than measuring intention to move, other studies have 
examined actual moves. Because in this case the dependent variable is 
often dichotomous or polytomous, discrete choice models have been 
predominantly used. Kan [32] applied both the binary and multinominal 
probit model to test the impact of social capital on households’ mobility 
behaviour from its spatial dimension. Diaz-Serrano and Stoyanova [7] 
used three probit models to analyse the influence of residential attri-
butes and residential satisfaction on observed moves in 12 countries. 

2.2. Heterogeneity in single relationship analysis 

Most of these studies have implicitly or explicitly assumed that the 
estimated parameters apply to every individual, implying that unob-
served heterogeneity was not taken into account. Although some studies 
tried to identify the difference between groups of residents, they ana-
lysed observed heterogeneity by dividing residents into groups before 
applying the analytical models. These studies only analyse observed 
heterogeneity and therefore cannot capture unobserved differences in 
the estimated relationships. For instance, propensity score matching 
analysis allows examining the heterogeneity between groups of in-
dividuals by controlling for covariates. However, this method classifies 
residents according to certain attributes before analysing the influence 
of these attributes on the dependent variable (e.g., [33]). 

Only recently, with the development of models accounting for un-
observed heterogeneity, this issue has been studied in studies on resi-
dential behaviour and preference. Mixed logit models that estimate 
heterogeneity in taste variation by identifying random parameters have 
been applied in analysing residential mobility. For example, Rabe and 
Taylor [13] used two mixed logit models to estimate heterogeneity in 
moving behaviour with and without the influence of neighbourhood 
quality adjustment. Dane et al. [14] studied how housing and work at-
tributes influence the intention to move (or not) using a binary mixed 
logit model. It was found that a high degree of unobserved heterogeneity 
exists among people with lower education degrees in their intention to 
move house. 

Besides mixed logit models, heterogeneity has been examined using 
latent class models. Different latent classes, each with a specific utility 
function, are identified. Class membership is typically predicted as a 
function of individual characteristics. Latent class analysis was con-
ducted by Burholt [34] to identify the latent groups among the elderly 
regarding their moving distance using longitudinal data. Later, Ettema 
[35] used a latent class discrete choice model to estimate the residential 
preferences of telecommuters. Recently, the interest in examining un-
observed heterogeneity has been increasing in housing location choice 1 Ministry of Construction of the People’s Republic of China, May 1985. 
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studies [36–39]. The potential advantage of latent class models is that 
they allow different equations for the identified classes. Therefore, this 
approach is preferred in the present study. 

2.3. Multiple relationships analysis 

These single dependency models were complemented in residential 
studies that estimate all direct and indirect relationships between resi-
dential attributes, socio-demographics, residential satisfaction and 
intention to move/actual move. For instance, Speare [40] used a path 
model to study how social-demographics directly influence residential 
satisfaction and intention to move and further indirectly influences 
moving behaviour. This model was later expanded by Speare et al. [15] 
by adding more individual variables, especially education. Pickvance 
[41] introduced the concept of lifecycle and investigate how life events 
and individual factors influence moving intention using a path model. 
Bach and Smith [42] and Varady [6] expanded and/or tested Speare’s 
path model for different groups of residents, for instance, the elderly. Oh 
[12] replicated Speare’s model by adding social bonding as a latent 
variable to study the moving intention of the elderly. Jiang et al. [19] 
used path analysis to study the relationships between residential gap, 
residential satisfaction, moving intention and social-demographic at-
tributes. Ren et al. [33] used the multi-group SEM approach to test the 
coefficients of three groups of respondents in an attempt to identify the 
determinants of residential satisfaction in China. Abe and Kato [43] also 
used SEM to analyse the influence of individual characteristics and 
residential environment attributes on residential satisfaction. 

2.4. Heterogeneity in multiple relationships analysis 

Although the studies focusing on multiple relationships can analyse 
more complicated relationships between the groups of variables, ap-
plications of these models in the residential mobility literature have, to 
the best of our knowledge, not yet considered unobserved heterogeneity 
between individuals. However, the reasons behind moving intention and 
behaviour may vary between residents. The direct and indirect re-
lationships between attributes, satisfaction and intention to move may 
vary among residents (of different socio-demographic profiles). Thus, it 
may be worthwhile to identify latent classes in the residential decision- 
making process and simultaneously capture differences in the direct and 
indirect causal relationships. This study sets out to explore that option. 

3. Conceptual framework and model formulation 

3.1. Conceptual framework 

Following classic gap-satisfaction theory, we assume that a larger 

residential gap may lead to lower residential satisfaction. As residential 
satisfaction decreases, the intention to move house increases [12]. Along 
with the deterioration of the house and the social fabric of neighbour-
hood, the real situation may become worse. When encountering an 
attractive house with good accessibilities and facilities, or when life 
cycle events such as birth of a child change aspirations and needs, the 
gap between aspirations and perceived reality may increase, leading to 
lower residential satisfaction. If residents face constraints or restrictions, 
it may be impossible for them to improve their immediate residential 
situation or move house. Under such circumstances, they have to adjust 
their aspirations. However, if there are no constraints, the intention to 
move house increases with a lower residential satisfaction. Therefore, 
rather than directly and independently assessing the relationships be-
tween residential attributes, residential satisfaction and intention to 
move house, it is assumed in this study that the intention to move is 
influenced by residential satisfaction, which in turn is a function of the 
gap between aspirations and perceived reality (Fig. 1). This paper fo-
cuses on intention to move rather than moving behaviour. 

In reality, residents with different socio-demographic profiles may 
have different residential preferences which are influenced by their own 
backgrounds. Moreover, residents may face different constraints when 
trying to act on their preferences and achieve their aspirations. In this 
paper, the heterogeneity between residents is captured by specifying the 
latent classes in terms of residents’ aspiration, residential satisfaction 
and moving intention. The class membership is treated as a function of 
social-demographic information which refers to commonly used attri-
butes in the literature on residential satisfaction or mobility. Specif-
ically, personal and household characteristics, such as gender [2], 
supporting elderly or not [44], tenure [5,45] and education [46,47] are 
chosen. Moreover, because the renovation condition of historical blocks 
may affect residents’ satisfaction, renovation stage is also included to 
identify class membership. 

It should be noted that this paper mainly focuses on the physical 
dimension of housing. In spite that voluntary moves are affected by 
housing, neighbourhood and accessibility [48], housing attributes, 
compared to other two groups of attributes, are found to have larger 
influences on residential satisfaction and mobility [9,28,49]. The attri-
butes related to house itself and housing surroundings have been found 
influential in residential mobility [14,50,51]. Therefore, to get a good 
understanding about the influence of physical factors, this analysis 
mainly considers housing and living environmental attributes. 

3.2. Residential gap index 

The concept of gap plays a key role in the conceptual framework. 
Following Jiang et al. [19], residential gap is defined in terms of the 
following gap index: 

gim ¼max
�

0; 1 �
jRim � Aimj

Aim

�

(1)  

where an ideal point is assumed for the gap measurement as the gap may 
not monotonically increase or decrease. For each individual i and 
attribute m, the index first takes the absolute difference between the 
perceived reality Rim (individual i’s perception of the status of attribute 
m) and his/her aspiration Aim (aspired situation). Different from previ-
ous residential studies (e.g., [16,52]), this difference is expressed as the 
ratio to the aspiration. This advantage of this formulation is that the 
same absolute difference has less influence if the aspiration is high. Next, 
the index is normalized. For continuous attributes, when the perceived 
reality (Rim) approaches the aspiration (Aim), jRim � Aimj=Aim reaches 
zero and the gap index (gim) approaches one, which means the gap be-
tween reality and aspiration is the smallest. If reality is much lower than 
aspiration, the gap index approximates zero and the gap becomes the 
largest, which leads to the lowest satisfaction as the conceptual model 
assumes. For categorical variables, a larger gap index refers to a match 

Fig. 1. Conceptual model.  
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while a smaller index refers to a mismatch. When reality exceeds two 
times higher than aspiration level, the gap is truncated at zero. Readers 
may find this normalization counterintuitive. As discussed in Jiang et al. 
[19], the reason of using a smaller gap index to represent a higher gap is 
to keep the direction of the sign of the continuous variables consistent 
with the sign of the categorical variables. Note that as long as the 
interpretation is correct, this is a non-issue. This gap index is incorpo-
rated in the latent class path model that we propose in this paper. 

3.3. Latent class path model formulation 

Basically, the latent class path model is a path model with mixture 
latent structures where a latent categorical variable is incorporated to 
capture the unobserved heterogeneity. It assumes that a certain number 
of latent classes result in the conditional independence of different 
outcomes. By keeping the homogeneity within each class, the interde-
pendency relationships between variables across classes are different. 

The latent class path model proposed here differs from the general 
path analysis which has become increasingly more popular in residential 
studies in the sense that the LCP model extends the modelling frame-
work by allowing further decomposition of the complicated relation-
ships between multiple variables. It allows the simultaneous estimation 
of a separate set of parameters for each class instead of the averaged 
effects in traditional path analysis, in order to identify unobserved 
variation. The model can be treated as a member of the general finite 
mixture model. More details about the general mixture model can be 
found in Muth�en [53]. 

Assume there are C latent classes. Then, the overall probability of 
individual i having the intention to move house y, Piðy), is the summed 
product of the probability of moving intention of individual i given 
latent class c (ci ¼ 1,2, …, C), Pðyjci ¼ cÞ, and the probability of indi-
vidual i belonging to certain class c giving influential variable zi, namely 
Pðci ¼ cjziÞ [54]. Thus, the unconditional probability of individual i 
having the intention to move house is: 

PiðyÞ¼
XC

c¼1
Pðci¼ cjziÞ ⋅ Pðyjci¼ cÞ (2)  

where y is the categorical dependent variable and zi is a vector of the 
socio-demographic information of individuals and/or households. 

The class membership that an individual i belongs to class c is 
considered a function of social demographics of individual i, which can 
be formulated through a multinomial logistic function: 

Pðci¼ cjziÞ¼
eαcþγczi

PC
c¼1eαcþγczi

(3)  

where γc is a vector of slope parameters and αc is the intercept. 
Because latent class path models are composed of both a latent class 

specification and a path analysis specification, it can estimate the direct 
and indirect causal relationships and, at the same time, identify het-
erogeneity between individuals. The path model in this paper is 
composed of linear regression and binary logit models. Following the 
majority of prior studies, residential satisfaction is measured as interval 
scales [49,55,56], while intention to move house is considered to be a 
nominal dependent variable [57,58]. Specifically, the intention to move 
house in this paper is treated as a binary variable, referring to intention 
to move or not move. The linear regression in the path model explains 
the causal relationship between residential gap and residential satis-
faction while the binary logit model represents the influence of resi-
dential satisfaction on the intention to move house. 

Based on the structural dependency presented in Fig. 1, within each 
class c, the relationship between satisfaction and residential gap is 
assumed to be linear: 

sin¼ θ0c þ
XM

m¼1
θcmgim þ εn (4)  

where sin is the satisfaction of individual i on dimension n (n ¼ 1, 2,…, 
N). gim is the residential gap of individual i for attribute m. θ0c and θcm are 
parameters to be estimated. εn is a normally distributed error term. 

As the dependent variable “intention to move house” is categorical, 
the probability of the intention to stay (yi ¼ 0) and the intention to move 
(yi ¼ 1) of individual i in each class can be expressed using a dichoto-
mous probability function: 

Piðyjci ¼ cÞ¼

8
>>>><

>>>>:



1

1þ eβ0cþ
PN

n¼1
βcnsin

; yi ¼ 0

1

1þ e�
�

β0cþ
PN

n¼1
βcnsin

� ; yi ¼ 1

(5)  

Here, Piðyjci ¼ cÞ refers to the probability of intention to move house for 
individual i given class c. β0c and βcn are parameters to be estimated. 

To estimate the LCP model, a maximum-likelihood estimation pro-
cedure involving the Expectation-Maximization (EM) algorithm was 
used. The EM algorithm is especially suitable for estimation problems 
that involve latent variables or missing data [59]. In general, the EM 
algorithm implements an iterative and transition calculation between 
the steps of expectation (E) and maximization (M) until the convergence 
condition is reached. 

In the LCP model presented in Fig. 1, the expectation of the complete 
log-likelihood depends on all observed variables in the path model. 
Thus, it can be expressed by a posterior probability using Bayesian 
theory [60]: 

Pic¼Pðci ¼ cjyi; si; gi; ziÞ¼
Pðci ¼ cjziÞPðsijci; giÞPðyijci; siÞ

Pðyi; sijgiÞ
(6)  

where Pic refers to the posterior probability of individual i belonging to 
class c [61]. 

Because of the inherent dependency between variables of y, s, g in 
the path model, the latent class c and social-demographics (z), the 
expectation is based on the relationships between all variables, 
including the relationship between c and z , s and c; g, y and c; s. 
Considering the mechanism of the EM algorithm, the expectation of log 
likelihood should be the sum of all the interdependencies within the 
path model [62,63]. Therefore, the expectation of the log likelihood is 
the expectation of the sum of following three log likelihood functions: 

Eflog Lðci¼ cjziÞþ log Lðsijci; giÞþ log Lðyijci; siÞg (7) 

Using probability expression, equation (7) becomes: 

E
n

log
YI

i¼1
Pðci ¼ cjziÞþ log

YI

i¼1
Pðsijci; giÞþ log

YI

i¼1
Pðyij ci; siÞ

o

¼ E
nXI

i¼1
log Pðci¼ cjziÞþ

XI

i¼1
log Pðsijci; giÞþ

XI

i¼1
log Pðyij ci; siÞ

o

¼ E
nXI

i¼1
½log Pðci ¼ cjziÞþ log Pðsijci; giÞþ log Pðyij ci; siÞ�

o
(8) 

Because the expectation of the sum of three relations in Equation (8) 
is equivalent to the sum of the expectation of each element, we can 
address the expectation of each element separately. For c related to z, the 
maximization of expectation is: 

E
nXI

i¼1
½log Pðci ¼ cjziÞ�

o
¼
XI

i¼1

XC

c¼1
Pic log Pðci ¼ cjzi

�
(9) 

Given that s is a continuous variable, the maximization for 
s related  to c; g is: 
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E
nXI

i¼1
½log Pðsijci; giÞ�

o
¼E

nXI

i¼1

XC

c¼1
ci log PðsijgiÞ

o

¼
XI

i¼1

XC

c¼1
Pic log PðsijgiÞc

(10) 

Given that y is a categorical variable, the maximization of expecta-
tion for y related  to c; s is: 

E
nXI

i¼1
½log Pðyij ci;siÞ�

o
¼
XI

i¼1

XC

c¼1
Pic½log Pðyi¼0jci;siÞþ log Pðyi¼1jci;siÞ�

(11)  

4. Data collection 

The data used in this paper was collected in renovated Chinese his-
torical blocks. Historical blocks in China are of special interest in resi-
dential studies because they offer a natural setting to examine the 
influence of residential gap on residential mobility as they have expe-
rienced several rounds of renovation. One may assume that renovations 
bring perceived reality closer to aspirations. Yet, the perceived reality 
may fluctuate during different stages of the renovation process, gener-
ating variability in residential gap and satisfaction. Furthermore, both 
positive and negative situations in these historical blocks may influence 
residents’ opinions about aspiration and satisfaction during the reno-
vation process. In general, houses in historical blocks have a higher 
cultural value but tend to be in a worse condition. Compared with other 
urban areas, the high rent and house price resulted from their central 
location increases the ambivalence of residents that aspire both a better 
living environment and good location. Moreover, residents are facing 
more constraints, such as a lower percentage of ownership. The lower 
education degree and income imply they may be less able to act on their 
preferences and think differently about residential mobility. Overall, for 
these reasons, Chinese historical blocks offer interesting and highly 
relevant data to comprehensively understand the direct and indirect 
relationships defined within the framework. 

The data was collected from eight historical blocks in two selected 
Chinese cities, Chongqing and Shanghai. In order to get a more general 
sample to represent the Chinese context rather than specific data from 
one city, two cities, one from the western China (Chongqing) and 
another from the eastern (Shanghai), are chosen as the empirical field. 
Both cities are first-tier cities (i.e. displaying strong political and eco-
nomic influence within China). Both cities have a long history and 
several historical areas. Currently, fourteen historical areas exist in 
Shanghai, while eight remains in Chongqing. The number of historical 

blocks chosen from each city is proportional to the number of their 
remaining historical areas. To be representative, three historical blocks 
from Chongqing and five from Shanghai were randomly chosen in the 
survey. 

All eight historical blocks are located in city centres, having good 
transportation connections. The size of historical blocks varies from 0.1 
to 0.5 km2 in Chongqing, and from 0.03 to 0.15 km2 in Shanghai. Their 
population size is between 2000 and 14000 inhabitants. All blocks have 
experienced different levels of renovation, which can be classified into 
three stages. Specifically, Shancheng alley (Chongqing) and Laocheng-
xiang (Shanghai) are at the early renovation stage in which few rounds 
of small renovation occurred and few inhabitants moved out. Ciqikou 
(Chongqing), Julu Road, Shanyin Road and Yuyuan Road blocks 
(Shanghai) are experiencing the middle stage of renovation in which at 
least one huge scale of renovation took place and part of local residents 
were displaced. Zhongshan 4th Road and Bugaoli are at the late reno-
vation stage because they experienced several rounds of major renewal 
and a large proportion of local residents have moved out (Fig. 2). 

The questionnaire includes several residential dimensions structured 
according to Clark and Onaka [48]. In order to keep consistency with 
our conceptual framework, only data from housing and living environ-
mental dimensions are used for this analysis. The housing dimension 
consists of four variables, e.g. size, non-shared kitchen and bathroom, 
technical quality and repair support, while the living environmental 
dimension includes distance to the shopping mall, good road condition, 
gas pipe, small community park and walkability. 

To measure the aspiration and reality, each variable was measured 
from both the aspects of desired situation (aspiration) and current 
perceived situation (reality). In case of continuous attributes, re-
spondents were asked to specify the detailed specific value of aspiration 
and reality related to the specific information. For categorical attributes, 
respondents were asked to choose among the options provided. To 
measure the residential satisfaction, at the end of every dimension, an 
overall satisfaction level was measured on a seven-point scale, from 
“extremely unsatisfied” to “extremely satisfied”. At the end of the 
questionnaire, the mobility intention was recorded also on the seven- 
point scale, from “extremely do not want to move” to “extremely want 
to move”, giving the time limit of coming five years [12]. 

The data collection lasts from April to June 2015. Questionnaires 
were distributed underlying random sampling method so that 50 re-
spondents from each block were randomly selected. Considering the 
relatively high age and low education level of local residents, the survey 
was conducted on a face-to-face basis. Ultimately, 384 questionnaires 
were finished with the help of local authorities, which leads to a 
response rate of 96%. This high response rate is also due to the fact that 

Fig. 2. The location of historical blocks (three in Chongqing and five in Shanghai).  
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most residents are willing to express their preferences in the hope of 
better historical blocks renovations. In addition, the assistance by 
community members during the introduction to the respondents also 
helps saving some survey efforts and increases the participation rate. As 
one question contains missing data, only 375 questionnaires were used 
in this analysis. 

The sample statistics are shown in Table 1. The total number of 
samples is 375. After merging the four scales from “extremely do not 
want to move” to “neutral” and merging the three scales from “a little 
want to move” to “extremely want to move”, the variable intention to 
move house was classified into binary categories, “intention to stay” and 
“intention to move”, it is found that over half of the respondents has the 
intention to stay, while 44.5% would like to move. The statistics of 
residential gap and satisfaction indicate some variance exists between 
residents. Females and males are almost equally distributed (49.1% vs. 
50.1% for male and female) and 37.1% of the families need to support 

the elderly. Local residents have relatively low education level that 
79.8% of them possesses education level of senior high school and lower, 
including 45.1% having a degree lower than junior high school and 
34.7% with senior high school degree. 56.8% of families are renting 
houses, while 40.8% own a house. The left 2.4% share property rights 
with government. Regarding the renovation stages, half of the re-
spondents are living in the historical blocks experiencing middle stage of 
renovation (51.2%) (Table 1). Table 2 shows the statistical description 
of reality, aspiration, residential satisfaction of every dimension and the 
residential gap. On average, residents expressed lower satisfaction on 
the housing dimension compared to the environmental dimension. 
House sizes in these blocks are relatively small and residents’ percep-
tions of the house quality are relatively low. 

5. Results 

This section presents the results of the latent class path model that 
was estimated using Mplus. The multicollinearity of variables was tested 
by calculating the variance inflation factor (VIF). Results of all VIF tests 
range from 1.021 to 1.402, which means that no serious multi-
collinearity exists between variables. Normality was tested using 
Kolmogorov-Smirnova and Shapiro-Wilk test. Results were insignificant 
with a p-value higher than 0.05. Because determining the optimal 
number of classes is important in latent class analysis, models with two, 
three and more classes were tested. Given that LCP model has a different 
estimation mechanism compared to the average path model, a dedicated 
set of fitting criteria has been adopted [60,64–66]. Results are shown in 
Table 3. Comparing all criteria, despite the same BLRT (Bootstrap like-
lihood ratio test), the model with two classes has a lower Bayesian In-
formation Criterion (BIC), lower Vuong-Lo-Mendell-Rubin test (VLMR) 
and a higher entropy, higher Akaike’s Information Criterion (AIC). As 

Table 1 
Description of mobility and social-demographic data.  

Variable type Variable Category N Frequency 
(%) 

Mobility data Intention to 
Move House 

Move 167 44.5 
Stay 208 55.5 

Social- 
demographic 
data 

Gender Male 184 49.1 
Female 191 50.9 

Supporting 
elderly 

Yes 139 37.1 
No 236 62.9 

Education Level Junior high school 
and under 

169 45.1 

Senior high school 130 34.7 
Junior college and 
over 

76 20.3 

Tenure Rent 213 56.8 
Shared rights with 
government 

9 2.4 

Bought 153 40.8 
Renovation 
Stage 

Early stage of 
renovation 

96 25.6 

Middle stage of 
renovation 

192 51.2 

Late stage of 
renovation 

87 23.2  

Table 2 
Description of reality, aspiration, residential gap and residential satisfaction.   

Residential satisfaction 
of this dimension 

Variable of this 
dimension 

Category (if 
categorical data) 

Reality Aspiration Residential gap 
(continuous) 

Residential gap 
(categorical) 

Mismatch Match 

Housing dimension 3.910 (1.238) Size (m2)  38.16 
(25.18) 

66.08 
(29.11) 

0.60 (0.28)  

Technical Quality  3.56 (1.47) 7.00 (0.00) 0.47 (0.25)  
Non-shared Kitchen 
& Bathroom 

Having both 52.0% 97.3%  47.1% 52.9% 
Only bathroom 17.6% 1.3% 
Only kitchen 5.1% 1.3% 
Neither 25.3% 0% 

Repairing Support Yes 60.8% 81.3% 34.6% 65.4% 
No 29.3% 5.9% 
Not sure 9.9% 12.8% 

Environmental 
dimension 

4.380 (1.087) Walkability  4.61 (1.02) 7.00 (0.00) 0.65 (0.14)   
Distance to the Mall 
(m)  

1594.99 
(927.48) 

1052.14 
(651.61) 

0.55 (0.45)   

Small Community 
Park  

5.39 (1.48) 6.50 (1.42) 0.70 (0.30)   

Good Road condition Yes 79.5% 100%  20.5% 79.5% 
No 20.5% 0% 

Gas Pipe Yes 78.1% 100%  21.9% 78.1% 
No 21.9% 0% 

Note: 1. The numbers outside the parentheses are mean, while numbers in the parentheses are standard deviation. 
2. Technical quality was measured by evaluating construction quality of the house. Walkability was measured as the extent that the environment is convenient and 
friendly for pedestrians, while small community park was measured by evaluating accessibility of small community parks within 500 m distance. 300–500 m distance is 
regulated by the code for urban residential areas planning and design in China, 2018. 

Table 3 
Comparison of results between different classes.  

Number of class AIC BIC Entropy VLMR BLRT 

2 classes 2390.362 2551.366 0.810 0.09 0.00 
3 classes 2342.733 2597.983 0.759 0.43 0.00 
4 classes 2355.233 2663.360 0.716 0.60 0.66  
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Nylund et al. [64] indicated that AIC may not be a good indicator for 
class enumeration in latent class analysis (LCA) with categorical out-
comes, while BIC normally performs better in an LCA Monte Carlo study 
than AIC, BIC is a more reliable criteria to determine the optimal number 
of classes. The VLMR is significant for the two-class model and insig-
nificant for the three-class and four-class model, which suggests that the 
two-class model is better than the single class model and two classes are 
already sufficient so that three or more classes are not needed. As an 
important criterion in LCA, entropy evaluates the quality of each class 
that is represented by the data. Empirically, entropy over 0.8 is preferred 
[67]. Therefore, with a higher entropy and lower BIC and VLMR, the 
model with two classes is adopted (Table 3) (Fig. 3). 

The results of the two-class path model are shown in Fig. 3. 
Considering the important relevance of other key variables and our 
assumption in explaining the intention to move illustrated in the con-
ceptual framework, some insignificant parameters are also retained in 

the model. It is found that the impacts of housing and living environ-
mental satisfaction on the intention to move house are significant in 
class 2 and insignificant in class 1, indicating that moving intention of 
respondents in class 1, are not influenced by neither housing nor living 
environmental satisfaction, but by other factors. The housing satisfac-
tion in class 2 (� 0.718) has a bigger influence on the intention to move 
house than living environmental satisfaction (� 0.584). The negative 
signs indicate that lower housing satisfaction or living environmental 
satisfaction will lead to higher intention to move house, which is as 
expected. 

In both classes, all residential gap indices have positive impacts on 
residential satisfaction except for the one that is insignificant (non- 
shared bathroom and kitchen in class 1), which coincides with the 
assumption that residents feel more satisfied when reality approaches 
their aspiration. The smaller the gap index, the larger the gap and the 
lower the residential satisfaction. In class 1, the gap index for house size 

Fig. 3. Results of latent class path model.  
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(1.272) influences residents’ housing satisfaction the most, followed by 
the gap index for technical quality (0.563) and walkability (1.175). This 
means the residential satisfaction for residents in class 1 is mainly 
influenced by the house size. In case of the satisfaction on environment, 
only the coefficients of walkability (1.639) and distance to the shopping 
mall (0.881) are statistically significant, in which the effect of walk-
ability is almost doubled relative to that of distance to the shopping 
mall. This indicates that the living environment with better walkability 
can significantly increase people’s satisfaction. It should be noted that 

the gap index of walkability has a significant effect on both housing and 
residential satisfaction in class 1. 

In class 2, all gap variables except for walkability exert significant 
and positive effects on housing satisfaction, which means lower gap will 
increase the residential satisfaction. Among all gap indices, the house 
size is again the most influential variable, while the repair support from 
government is the least important variable. Not like the residents in class 
1 who consider only walkability and distance to the shopping mall 
important, all gap indices in the dimension of living environmental 

Table 4 
Class profiling of every class.  

Variable type  Variable  Class 1 Class 2 

Residential Satisfaction  Housing Satisfaction  4.04 (1.91) 3.89 (1.12)  
Living Environmental Satisfaction  4.49 (2.04) 4.36 (0.89) 

Residential Gap (Housing dimension) Continuous Size  0.58 (0.25) 0.60 (0.28)  
Technical quality  0.49 (0.23) 0.47 (0.25) 

Categorical Non-shared Kitchen &Bathroom Mismatch 43.9% 47.0% 
Match 56.1% 53.0% 

Repairing Support Mismatch 34.1% 35.3% 
Match 65.9% 64.7% 

Residential Gap (Environmental dimension) Continuous Walkability  0.70 (0.16) 0.65 (0.14)  
Distance to the Mall  0.60 (0.45) 0.55 (0.46)  
Small Community Park  0.69 (0.32) 0.71 (0.30) 

Categorical Good Road Condition Mismatch 19.5% 20.7% 
Match 80.5% 79.3% 

Gas Pipe Mismatch 17.1% 22.5% 
Match 82.9% 77.5% 

Socio-demographics  Early Renovation Stage  26.8% 25.4%  
Middle Renovation Stage  65.9% 49.4%  
Late Renovation Stage  7.3% 25.1%  
Male  41.5% 50.0%  
Female  58.5% 50.0%  
Elderly  22.0% 38.9%  
No Elderly  78.0% 61.1%  
Rent House  34.1% 59.6%  
Shared Property Rights  14.6% 0.9%  
Own House  51.2% 39.5%  
Junior High School and Under  12.2% 49.1%  
Senior High School  61.0% 31.4%  
Junior College and Over  26.8% 19.5% 

Note: The numbers outside the parentheses are mean, while numbers in the parentheses are standard deviation. 

Fig. 4. Class profiling of socio-demographic characteristics.  
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satisfaction are significant in class 2, which means residents in class 2 
also care about other aspects regarding facilities and infrastructures, i.e., 
good road condition, gas pipe and small community park. 

To better understand class differences, class membership is estimated 
as a function of social-demographic information. Results show that the 
estimates of supporting elderly, rent house and shared property rights 
are statistically significant. The coefficient of shared property rights and 
renting house equal to 1.717 and � 1.303 for class 1, which means that 
people who have shared property rights and not renting house are more 
likely to belong to latent class 1, while people who rent houses are more 
likely to belong to class 2. The coefficient of supporting elderly is 
negative (� 0.600) for class 1, which indicates that the probability that 
residents supporting elderly belong to class 2 is higher than the proba-
bility they belong to class 1. Note that the probability that respondents 
belong to class 1 is 11%, while the probability is 89% when they belong 
to class 2. 

In order to further examine the residential gap, satisfaction and so-
cial demographic features of individuals in each class, results of class 
profiling are presented in Table 4 and Fig. 4. It is shown the residents in 
class 1 on average express better residential satisfaction compared to 
those in class 2. Different classes have varying residential gap regarding 
housing and living environmental attributes. The detailed profiling of 
social demographics is expected to provide useful references for plan-
ning interventions. 

6. Conclusions and discussion 

Although a large number of studies have enriched our knowledge 
about residential mobility, it seems that the unobserved heterogeneity 
between different groups of residents underlying integrated models has 
not been addressed yet. Therefore, this paper proposes a latent class path 
model to explore the differences in residential decision structure, 
depicted in the direct and indirect interdependencies between intention 
to move house, residential satisfaction regarding the house and living 
environment and residential gap, in which residential satisfaction is 
viewed as a function of the discrepancy between aspiration and 
perceived reality. The model specifies class membership as a function of 
social-demographic characteristics. Using data collected from eight 
historical blocks in two selected Chinese cities, the proposed latent class 
path model was estimated. As demonstrated, the model is capable of 
identifying heterogeneity and interdependency between different vari-
ables in a comprehensive way. 

Results show that a clear difference exists between two groups of 
residents in moving intention when taking into account the level of 
aspiration and residential satisfaction. The intention to move house is 
significantly influenced by housing and living environmental satisfac-
tion for residents in class 2, but not in class 1. Residents in class 1 
generally have higher housing and living environmental satisfaction. 
For residents in class 1, their moving intention may be influenced by 
residential satisfaction of other dimensions that is not considered in this 
study. Being consistent with residential studies in other urban areas (e. 
g., [9,28]), housing satisfaction was found the most influential for 
moving intention. Compared with the residents in class 2 who tend to 
consider most residential gaps important, the housing satisfaction of 
residents in class 1 is only influenced significantly by gap index of house 
size, technical quality and walkability (influence of governmental repair 
support and non-shared kitchen and bathroom are insignificant). The 
gap ratio regarding house size is the most important indicator for resi-
dents in both classes. Even though the parameter of house size is also 
found significant in studies for other urban areas [68,69], it is regarded 
as the most significant one in historical blocks because the small house 
size in these blocks is a large constraint for residents. Moreover, the 
residential gaps show different effects on living environmental satis-
faction between the two classes. Compared with residents in class 1 
whose living environmental satisfaction is only significantly influenced 
by walkability and distance to the shopping mall, respondents in class 2 

also consider good road conditions, gas pipe and small community park 
important. 

Results of the membership estimation show that on average people 
who rent a house and need to support elderly are more likely to belong to 
class 2, while people who have shared property rights and are not 
bounded to support elderly are more likely to belong to class 1. 

Results of this analysis can provide detailed renovation suggestions 
considering the interests of different groups of Chinese residents. First, 
as a large group of residents need to support the elderly and they 
consider road condition and community parks important, better road 
and more small parks should be considered in future renovations. Sec-
ond, for a large proportion of individuals who live in these blocks as 
renters, offering better facilities like gas pipes or non-shared bathroom 
and kitchen would increase their residential satisfaction. Third, more 
governmental repairing support should be provided for houses, espe-
cially on improving housing technical quality, since a large proportion 
of residents consider housing more important compared to living envi-
ronment while forming the moving intention. 

Comparing these findings related to the Chinese context with earlier 
research work in the literature pertaining to a non-Chinese context, we 
can argue that at an aggregate level housing preferences seem rather 
similar across the world and certain international policy implications 
can be drawn based on the findings. Attributes about the house seem 
more important in explaining residential preferences and moving 
intention and the environment amenities is less important. A possible 
explanation for this finding is that people spend most time and therefore 
derive most utility from their house. Thus, improving housing condi-
tions should be primarily considered by the policy makers globally 
during renovations. Secondly, ownership and other social-demographic 
backgrounds constrain and classify people while forming their residen-
tial preferences in the renovated areas in China, this is in line with 
findings of other studies in different environments. Thus, understanding 
residential needs and later providing related supports for different 
groups of people with varying constrained backgrounds could be 
considered by policy makers in renovations worldwide. 

Although the data used was from the historical blocks in China, the 
proposed latent class path approach is generalizable in non-Chinese 
contexts. When applying this model in other areas, one may not rule 
out the unique features of a particular context. It would be natural that 
the classification results differ between different contexts, which leads 
to richer understanding in residential satisfaction and housing domain. 
Especially, when local authorities want to understand better the pref-
erences of different groups of residents from a particular aspect, these 
unique features from different contexts can be incorporated well in the 
proposed modelling approach. 
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