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Abstract

Previous studies have revealed that statistical methods can be used to analyze land-leasing parcel data. However, the conventional
statistical methods used in land analysis have some limitations, especially in cases of limited observational data. In this paper, with
the help of geographic information system (GIS) techniques, a partial least squares (PLS) path model is applied to study the relationship
between residential land prices and various determinants through a case study of Beijing in China. From a preliminary analysis, four
latent variables are selected: accessibility of the workplace center, livability, traffic, and environment facilities. The results show that
the observation variables have a strong explanatory power for their corresponding latent variables, and the four latent variables have
varying impacts on residential land prices. Of the latent variables, accessibility to the workplace center has the strongest impact on
the residential land price.
© 2009 National Natural Science Foundation of China and Chinese Academy of Sciences. Published by Elsevier Limited and Science in

China Press. All rights reserved.
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1. Introduction

The partial least squares (PLS) path model proposed by
Wold et al. [1-3] can be used to study data with multiple
regression problems where the number of observations is
limited and correlations between the variables are high.
In a PLS path model, the latent variable (LV) is an unob-
servable variable indirectly described by a block of obser-
vable variables X, referred to as measurement variables
(MYV) or indicators in this paper. A PLS path model is a
novel multivariate data analysis model, which was devel-
oped in recent years and has been widely used in scientific
fields. However, the model has not been widely applied to
study the complex relationship between land price and its
determinants. Detailed presentations on the PLS path
model can be found in Wold [3] and Tenenhaus [4].
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In relation to land price research, empirical statistical
analysis has been proposed for describing the land price
in quantitative terms and for testing the importance of its
determinants [5-11]. Various statistical methods, such as
multiple linear regression (MLR), canonical correlation
analysis (CCA), and principal component analysis (PCA),
have been adopted in recent studies [12-15]). However,
problems associated with these methods include difficulties
in dealing with the highly complex nature of the variable
systems and the issue of limited data availability. Specifi-
cally, the CCA method aims to find the maximized correla-
tion coefficient between the random variables, but it
requires sufficient observation data and cannot calculate
the coefficient when the number of observations is less than
the number of variables. MLR is a frequently-used method
in land price studies, but it is very susceptible to inter-cor-
relations between variables. Additionally, MLR has a
stringent requirement for observations; in order to ensure
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statistical validity with a small number of observations,
some explanatory variables have to be eliminated, and this
could result in inaccurate results. By maximizing the
covariance between the LV scores, PLS optimizes the use-
fulness of the analysis and provides an effective way to deal
with the CCA and MLR limitations. PCA allows the trans-
formation of a set of correlated explanatory variables into
an equal number of uncorrelated variables, called principal
components (PCs), which are linear combinations of the
original correlated variables. The difference in the optimiz-
ing method employed in PLS and PCs is that the PCs
formed are based on the X-variables only, whereas the
PLS method forms the LV using the covariance between
the X-variables and Y-variables, which can better explain
variance in the Y-variables than PCR.

The objective of this paper is to summarize our initial
attempts to apply a PLS path model to land price research
in Beijing. The remainder of the paper is organized as fol-
lows: in the first part of this paper, we briefly review the
PLS path model. In the second part, we apply the PLS path
model to a study of the determinants of residential land
prices in Beijing. The paper quantifies and accounts for sta-
tic relationships between the residential land price and its
determinants.

2. PLS path model

The PLS path model is described by two sub-models: (1)
a measurement model relating the MV to its own LV and
(2) a structural model relating some endogenous LVs to
other LVs. Both models are described in this section.

2.1. The structural model

Eq. (1) is called the structural model, and it expresses the
hypothesized relationships among the LVs.

n=Bn+TE¢+{ (1)

An LV, which never appears as a dependent variable, is
also called an exogenous variable (LEXV). Otherwise, it
is referred to as an endogenous variable (LENV). The
m x 1 vector # contains the latent endogenous constructs
and the n x 1 vector ¢ consists of the latent exogenous con-
structs. The coefficient matrix B shows the effect of the
endogenous constructs on each other, and the coefficient
matrix I" signifies the effects of the exogenous constructs
on the endogenous constructs, which is called the path
coefficient. The vector of disturbances { represents errors
in the equation.

2.2. The measurement model

Egs. (2) and (3) are factor-analytic measurement models
tying the constructs to observable indicators (MVs).
y=~An+e (2)
x=AE+6 (3)

The p x 1 vector y contains measurements of the endoge-
nous constructs, and the g x 1 vector x consists of the
exogenous indicators’ measurements. The coefficient matri-
ces A, and A, show how y relates to  and x relates to ¢,
respectively (7 and ¢ are standardized here). ¢ and d repre-
sent errors in the variables (or measurement error). Gener-
ally, the measurement model comprises a simple structure
such that each observed variable relates to a single latent
variable.

3. Empirical research
3.1. Study area and data source

Beijing, China’s capital city, serves as a key area to study
the internal determinants of urban land prices in a Chinese
metropolis undergoing market reforms and globalization.
The city covers a land area of 16,808 km? and is divided
into 18 districts (Fig. 1). The central city comprises four
districts, namely Dongcheng, Xicheng, Chongwen, and
Xuanwu. The inner suburb also comprises four districts,
Chaoyang, Fengtai, Shijingshan, and Haidian. The outer
suburb contains the remaining eight districts (Mentougou,
Fangshan, Tongzhou, Shunyi, Changping, Daxing, Ping-
gu, Huairou) and two counties (Miyun and Yangqing).

However, the transfer of residential land-leasing parcels
remains concentrated on the central and inner suburb
urban areas (A and B regions in Fig. 1), which account
for only 8.3% of the city’s land area but 62.0% of the total
population [16]. Therefore, we have selected the A and B
regions for this study.

In our land parcel data set, 1045 open-auction residen-
tial land parcels were collected from the Beijing Land
Resources Bureau’s statistical yearbook for the period
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Fig. 1. Sketch map of the study area in Beijing.
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2004-2008. Fig. 2 shows the residential land parcels’ spatial
locations plotted by ArcGIS 9.2.

In addition, data for public service facilities such as gov-
ernment organizations (GOV), schools (SCH), hospitals
(HOS), shopping centers (SHC), public transportation
hubs (PTH), metro stations (MES), public squares (PUS),
and parks (PAR) were collected from the statistical
bureaus in each district and offered by the internal data
sets. In addition, data for large- and medium-sized enter-
prises (ENT) were collected from the Beijing economic cen-
sus data of 2004. Fig. 3 shows the spatial locations in
Beijing for all of this data, plotted by ArcGIS 9.2.

3.2. Variables

Table 1 provides a basic description of the model’s vari-
ables, showing the LEXV (workplace center, livability,
traffic, environment) and LENV (residential land price)
from the PLS path model, and illustrates the potential
determinants (MVs) used in the analysis. Factors that
potentially influenced the price of residential Jand were
selected from previous literature and the specific situation
in Beijing [11].

In this study, computation of the distance from each
point in an MV dataset to the nearest point in the land par-
cel datasets, together with the calculation process for the

workplace centers, was conducted using ArcGIS9.2 soft-
ware and its “Proximity” and “Density” procedures,
respectively.

3.3. Frame of analysis

Fig. 4 shows the relationship between two sub-models,
including a measurement model and a structural model.
The measurement model indicates the relationship between
the MVs (Table 1) and the four LEXVs. The structural
model reflects the relationship between the four LEXVs
and the LENV (Table 1).

The main purpose of the PLS path model is to evaluate
both the measurement and structural models. In particular,
we focus on assessing the path coefficient (I') value in the
structural model, which reflects the impact of the LEXVs
on the LENV.

The PLS procedure from SmartPLS 2.0 software [17] is
used in this study.

3.4. Results

3.4.1. Analysis of the measurement model

The parameter, standardized factor loading reflecting
the explanatory power of MVs to their corresponding
LVs, is calculated (Fig. 4) based on the MVs datasets.
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Fig. 2. Spatial distribution of the residential land parcels from 2004 to 2008 in Beijing.
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Fig. 3. Spatial distribution of public service facilities and workplace centers in Beijing. (a) Traffic facilities; (b) workplace centers; (c) livability facilities; (d)

environment facilities.

Then, the reasonableness of the measurement model is
evaluated by testing the composite reliability (CR), Cron-
bach’s coefficient alpha, and the average variance extracted
(AVE).

(1) CR is a measurement of scale reliability. CR can
assess the internal consistency of the indicator [18].
The formula is shown as follows;

_ (Zw)
Pa = [Ziizj—}—Z@} (4)

In Eq. (4), pe; is the CR of an LV; 4;; is the standardized
factor loading; @ is the error for each MV.

Table 2 shows that the CR for all the LEXVs is above
0.7. Therefore, it 1s reasonable to use these MVs to measure
the LEXVs, and the internal consistency of the measure-
ment model should be reasonably good.

Definition

Table 1

Description of the index system of model variables.

LV MV

LENV Name

Residential land-leasing price (price) Sig_Price

LEXV

Traffic D _MES
D_PTH

Livability D_SHC
D_SCH
D_HOS

Workplace center D_GOV
D_ENT

Environment D_PAR
D_PUB

Price of residential land-leasing parcel (#10,000/m?)

The distance from the residential land-leasing parcel to the closest MES (km)
The distance from the residential Jand-leasing parce] to the closest PTH (km)
The distance from the residential land-leasing parcel to the closest SHC (km)
The distance from the residential land-leasing parcel to the closest SCH (km)
The distance from the residential land-leasing parcel to the closest HOS (km)
The distance from the residential land-leasing parcel to the closest GOV (km)
The distance from the residential land-leasing parcel to the closest ENT (km)
The distance from the residential land-leasing parcel to the closest PAR (km)
The distance from the residential land-leasing parcel to the closest PUB (km)
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\\'\_./
(0, 9 Sy
p )
m (0.886%)
\\_,,_’/
T
(0. 792*‘)
(m\ (©.881%%)
0.77 % )
\ ©808*%)
Park )
Hospital )
@ (0.736%n )
©Me™
Market
o
@f\

/ Structural model \

s

3

Workplace

center g
N J
( Traffic W

|
ot

vironment -

N

.

&
Livability )
- _)

Fig. 4. PLS path model of residential land price determinants. The numbers in the () represent the standardized factor loading; ** represent significance at

the 5% level.

(i) Cronbach’s coefficient alpha, used to assess the extent
to which the MVs can explain the constructed LVs
[19], is also a reliability measurement tool. It is gener-
ally accepted that if the value of the alpha coefficient
is greater than 0.70, then the constructed measure-
ment model will have both satisfactory reliability
and stability [20]. Therefore, the measurement model
constructed in this PLS path model can meet the reli-
ability requirements (Table 2).

(ii) The average variance extracted (AVE) can measure
the discriminate validity between the LVs [18]. The
formula is shown as follows:

Table 2
Measure model’s results.
AVE Composite reliability Cronbach’s coefficient
(CR) alpha
Workplace center 0.846 0.851 0.782
Traffic 0.766 0.782 0.736
Environment 0.631 0.699 0.701
Livability 0.736 0.708 0.726

Workplace
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Fig. 5. Structural model results overview. The numbers in the [ ] represent
the correlation coefficient among the LVs; the numbers in the () represent
the path coefficients.
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In Eq. (5), /lf is the square of standardized factor loading.
It is generally believed that the AVE should be at least
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Table 3

Structure model’s path coefficients (-test).

LENV LEXV R-Square
Workplace center Livability Environment Traffic

Price 0.4617°(16.121) 0.3287°(7.636) 0.269°(6.812) 0.4157(10.185) 0.791

* Significance at the 10% level.
™ Significance at the 5% level.

greater than 0.5. It can be seen from Table 2 that the AVE
values for the LEXVs are all greater than 0.6, which con-
firmed that the measurement model had relatively good
discriminate validity.

3.4.2. Analysis of the structural mode!

The structural model can be demonstrated by the path
coefficient (I') and the correlation coefficient among the
LVs (Fig. 5).

The results show as follows:

(i) Although certain correlation relationships exist
among LEXVs, their correlation coefficients are
smaller than their corresponding AVE (Fig. 5). Thus,
the impact of the LEXVs on the LENV is certain
(Table 3).

(ii) The degree of proximity to the workplace center has
the greatest impact on the residential land price.
According to the structural modei, the residential
land price will increase by 0.461 per unit if accessibil-
ity to the workplace center rises by one unit. Simi-
larly, the degree of proximity of the other three
LEXVs also has a significant impact on the LENV,
and the residential land price will increase 0.415 per
unit, 0.328 per unit, and 0.269 per unit, respectively,
if accessibility of traffic, environment and livability
rise by one unit (Fig. 5).

4. Conclusions

The methodology of the PLS path model presented in
this paper offers new opportunities to deal with the rela-
tionships between land price and its determinants. Based
on the earlier analysis, the following conclusions can be
drawn:

From a statistical analysis of the relationships between
the residential land price and its determinants, the ability
of the PLS path model to deal with the highly complex nat-
ure of variable systems and limited data availability has
been confirmed. The model identified the relationship
between the residential land price and its important deter-
minants, such as accessibility of traffic, environment, and
livability public facilities as well as the workplace centers.
The results can provide a basis for developing quantitative
insights into the residential land price decision-making pro-
cess for government and real estate developers.

As the availability of land-leasing parcel data expands,
the PLS path model provides an attractive method for han-

dling multiple variables. Future research should investigate
whether the indicator system is sufficiently comprehensive
and whether larger datasets will improve the results for
all types of land-leasing parcels in this region. Moreover,
changing government policies [21] in relation to land use
and its price may yield different evaluation results. Further-
more, the case pertaining to Beijing city cannot be taken as
reflective of the picture for the entire country. Further stud-
ies are needed to analyze the inter-relationship between the
determinants and the price of land in Chinese cities with
different administrative, demographic, and geographic
characteristics.
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