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Abstract: Understanding the relationship between tourism demand and retail property prices
is of great significance to tourist destinations, especially shopping destinations. The increase in
tourism demand may alter the implicit prices of certain retail property characteristics (e.g., age and
accessibility to transit). This study examines how tourism demand (measured by tourist volume)
affects retail property prices in the tourist precinct of a shopping destination, namely Hong Kong.
The implementation of the policy Individual Visit Scheme (IVS) in 2003 in Hong Kong has substantially
increased tourist shoppers from Mainland China, and it is used as a quasi-natural experiment of the
increased tourist volume. Spatial and non-spatial hedonic pricing models are developed based on
the ground-floor retail property transaction data of Causeway Bay, Hong Kong before and after the
IVS (1993–2011). The findings of this study are as follows. (1) Accessibility to transit has a larger
positive price effect after the implementation of the IVS. (2) The implicit price of accessibility to
accommodation facilities is not significantly altered by the implementation of the IVS. (3) Age has a
larger negative price effect after the implementation of the IVS. The first two outcomes are related
to the economic concerns of tourist shoppers, while the last can be explained by their hometown
experience. Finally, practical implications are discussed.

Keywords: tourist shopper; tourism shopping; retail shop price; retail property price;
retail property market; retail property valuation; spatial autocorrelation; spatial Durbin model;
spatial econometric model; shopping destination; Individual Visit Scheme; Hong Kong

1. Introduction

Driven by forces such as economic upswings and long holiday durations [1], tourism demand
worldwide has dramatically increased in recent years. For example, global international tourist
volume (visitor arrivals) in 2018 saw a 5.4% increase, compared with 2017; and the growth of global
international tourism receipts from 2017 to 2018 was 4.4% [2], while world GDP growth during the
same period was only 3.0% (Source: https://data.worldbank.org/indicator/NY.GDP.MKTP.KD.ZG).

Shopping is one of the most important tourism activities in tourist destinations, especially shopping
destinations (e.g., Paris, Hong Kong, Singapore, Seoul, and Dubai) [3–5]. On the one hand,
shopping fulfills the utilitarian needs of tourists (purchasing miscellaneous necessities for daily
needs and duty-free goods). On the other hand, shopping provides a precious opportunity for tourists
to expose to the host culture and offers tourists with a fruitful hedonic, recreational, and touristic
experience (fleeing from mundane routine and buying souvenirs and artworks as reminders of
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the travel experience) [6,7]. As such, in many cases, shopping is a major reason behind travel [7].
More importantly, it is especially essential in the current era of materialism and consumption [6–9].

Hong Kong has an established worldwide reputation for being a “shopping paradise” and is
a typical shopping destination, especially for tourists from mainland China [10]. According to the
Hong Kong Tourism Board [11], shopping constituted the majority of travel expenditure: 86.7% for
same-day visitors (or day-trippers) and 51% for overnight visitors in 2018. This demonstrates that
shopping appeals to the majority of inbound tourists. Choi et al. [4] suggested that a trip to Hong Kong
is deemed incomplete without shopping activities.

In Hong Kong, the implementation of the policy Individual Visit Scheme (IVS) has introduced
numerous tourist shoppers from Mainland China. The IVS was initially launched on 28 July 2003,
under the Closer Economic Partnership Arrangement between Mainland China and Hong Kong.
The IVS is a tourism liberalization and tourism–promotion strategy that allows eligible residents with
permanent household registration in specific Mainland Chinese cities to visit Hong Kong individually.
Before the implementation of the IVS, Mainland Chinese visitors must apply business visas or
group-based tours for a Hong Kong visit.

Understanding the linkages between tourism demand and the retail property market in a shopping
destination is of paramount importance. Existing literature, however, has inadequately delved into
the linkages. Three exceptions are the work of Li et al. [12], Yang et al. [13], and Jayantha and
Yung [14]. Li et al. [12] utilized the street-level retail property transaction data to examine the impacts
of cross-border tourist shoppers on the retail property market of Hong Kong and found that the
policy Multiple-entry Permit leads to the increase in the prices of retail properties, especially those in
young age and of large floor area. Yang et al. [13] adopted standard and error-correction-model-based
Granger causality tests to examine the relationships between tourism development and retail property
prices between 2002Q1 and 2014Q4 in Hong Kong. The authors concluded that tourism development
Granger causes an increase in retail property prices in the popular tourism shopping area, but not in
the unpopular. Jayantha and Yung [14] estimated semi-log hedonic pricing models for the rentals of
ground-floor retail properties in the old area of Wanchai, Hong Kong and observed that revitalized
historical projects are positively associated with the rentals of nearby retail properties.

How does tourism demand (more specifically, the substantial increase in tourist shoppers permitted
by the IVS) affect the retail property market? Does the increase in tourist shoppers alter implicit prices of
certain retail property attributes (or characteristics) (e.g., age, accessibility to transit, and accessibility to
accommodation facilities)? These questions are insufficiently answered by existing studies [12–14] and
thus are what this study attempts to probe into (explained in Section 3). To address the abovementioned
issues, this study examines the association between tourism demand, more specifically, the increase in
tourist shoppers, and retail property prices in Hong Kong under the hedonic framework. This is viable
for the following two reasons: (1) The IVS can be used as a quasi-natural experiment to investigate the
effect of the increasing volume of tourist shoppers on the pricing of retail properties; and (2) more
importantly, Hong Kong has an active traded and transparent market for street-level retail properties.
In addition, given that the presence of spatial autocorrelation is a major problem in property price
modeling, this study estimates the traditional hedonic pricing model and spatial econometric models
to tackle the spatial autocorrelation problem and tests our hypotheses regarding tourism demand and
street-level retail property prices (explained in Section 3).

The contributions of this study are fourfold. First, to the best of our knowledge, this study is
among the first to empirically investigate how tourism demand affects the pricing of street-level
retail properties in a shopping destination. Second, this study infers the behavior of tourist shoppers
from transaction prices of street-level retail properties as an alternative to the questionnaire survey
or interview. Third, this study uses a policy change, that is, the implementation of the IVS as a
quasi-natural experiment to test a number of hypotheses concerning the behavior of tourist shoppers.
Fourth, this study contributes to the hot debate on the interaction between tourism development and
the retail property market.
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The remainder of the paper is organized as follows. Section 2 reviews the related literature.
Section 3 develops a set of hypotheses. Section 4 describes the data and variables. Section 5 introduces
the spatial econometric technique used in this study. Section 6 reports and discusses the empirical
results. Section 7 concludes the paper and discusses potential practical implications.

2. Literature Review

Tourist shoppers have certain preferences and behavior that are deemed to be different from
those of local shoppers (or regular shoppers, domestic shoppers) [4]. Choi et al. [4], Litirell et al. [15],
and Oh et al. [16] indicated that tourist shoppers care more about the shopping environment (e.g.,
shop locations, variety of goods, and atmosphere of shops), partially for excitement and pleasure,
and spend more on well-known brand goods; and that local shoppers care more about the merchandise
quality and price and put more weight on after-sales services. Lloyd et al. [17] observed that local
shoppers emphasize more on service quality and merchandise quality, while tourist shoppers list the
perceived risk, price, and product quality to be the top three important factors in determining customer
perceived value.

It is widely recognized that shopping satisfaction is affected by a host of factors. Early literature [18]
only attributed shopping satisfaction to product value that directly fulfills customers’ needs.
Lindquist [19] elaborated that shopping satisfaction can be influenced by and broken down into
9 facets: goods quality, convenience, promotion, service, post-transaction service, the physical
environment, atmosphere, clientele, and institutional factors. Among these factors, convenience
refers to the location and geographical accessibility of the store, and the physical environment and
atmosphere emphasize the shopping environment. Christiansen and Snepenger [20] revealed that
shopping satisfaction is affected not only by the nature of the product but also by service quality,
shopping environment, and after-sales service.

Regarding the pricing of the shopping space, the majority of existing research concentrates
on shopping malls. Various factors that significantly affect shopping mall prices or rentals are
identified, such as tenant mix [21], architectural design, layout and image [22], and financial returns
and profitability [23]. Sirmans and Guidry [24] summarized that shopping center rentals are mainly
affected by four factors, including market conditions, customer drawing power, building design,
and location. They also concluded that center square footage, age, and the anchor tenant are the
primary factors affecting retail rentals; and that the rental effect of anchor tenant is positive, while the
rental effect of age is negative.

Little is done about relatively small-scale, street-level retail properties that are quite typical in old
urban areas in metropolitan cities, like Hong Kong. Chau et al. found that locational characteristics
are more significant than physical characteristics in shaping street-level retail property prices in
Hong Kong and suggested that pedestrian flow is a significant price-influencing factor [25]. Li et al. [12]
investigated the impact of cross-border tourists on street-level retail property prices and concluded
that newer and larger-sized retail properties benefited more from the implementation of the policy
Multiple-entry Permit in Hong Kong. Jayantha and Yung [14] stated that gross floor area and transit
accessibility contribute to explain the rentals of ground-floor retail properties in the old area of Wanchai,
Hong Kong, while age and property management body are too weak to determine the rentals.

3. Development of Hypotheses

According to Lindquist [19], shopping satisfaction is affected by attributes of the retail space,
such as convenience, physical environment, and atmosphere. Some attributes of the retail space can be
reflected by and measured with corresponding variables. This provides the theoretical foundation for
linking the increase in tourist shopper volume with retail property transaction prices. Thus, we aim to
investigate tourist shoppers’ behavior from the perspective of the pricing of the shopping space instead
of relying on the commonly-used research approach, namely questionnaire surveys. Identifying
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utility-bearing, price-influencing attributes of retail properties in the tourist precinct of a shopping
destination helps reveal the preferences of tourist shoppers (primary targets of such retail properties).

Consumer behavior is essentially rational: consumers often carefully consider or evaluate the
costs and benefits of each possible choice before making the final decision [26]. Economic factors are
highly important in choice evaluation. As such, in theory, tourist shoppers highly care about economic
factors, such as travel cost (including time and monetary costs) and may highly value transportation
accessibility (e.g., accessibility to transit) [27,28] when selecting where to shop [29].

For tourist shoppers, the time of stay in a tourist destination is relatively short. Therefore,
tourist shoppers have a much higher value-of-time than local shoppers. Tourist shoppers tend
to minimize the time of accessing shopping attractions and consequently maximize their valuable
shopping time (which derives utility). Therefore, tourist shoppers are more willing to shop in accessible
locations or locations with a high level of transportation accessibility than local shoppers [30].

Hong Kong is a quintessential compact, high-density, and transit-oriented city. The Mass
Transit Railway (MTR) is the most extensively used travel mode that takes the largest market share
(over 30%) [31]. In addition, the MTR is more frequently used by tourists than local residents [31].
In Hong Kong, one easily observable and quantifiable indicator of geographical accessibility is the
accessibility to the MTR. Generally, accessibility to the MTR has positive effects on retail property prices,
given that MTR travel often saves consumers’ travel time and monetary cost of reaching shopping
opportunities. The demand for locations with high MTR accessibility should, in theory, increase if
the tourist shopper volume increases. In other words, after the implementation of the IVS (which
induces a huge number of tourists), the benefits (or price effects) of accessibility to the MTR should,
in theory, increase.

Based on the above reasoning, we formulate the first hypothesis (H1):

Hypothesis 1 (H1). The implicit price of accessibility to the MTR would increase after the implementation of
the IVS.

Accommodation facilities in a tourist destination (e.g., hotels or guesthouses) offer paid
lodging to people on a short-term basis. They are always a big issue, especially for overnight
tourist shoppers. Tourist shoppers have a higher cost of stay and a tighter schedule than local
shoppers. Thus, tourist shoppers care more about accommodation issues. A retail property located
near accommodation facilities reduces travel costs, increases shopping time, and eases shopping
activities [32]. Retail properties with good accessibility of accommodation facilities may have a
positive effect on tourist shoppers’ shopping experience. Similar to the reasoning of H1, after the
implementation of the IVS, the benefits of accessibility to accommodation facilities may increase.

However, according to Hong Kong Tourism Board [11], in Hong Kong, the majority (approximately
60%) of tourists from Mainland China (beneficiary of the IVS) are same-day in-town visitors
(The proportion of same-day tourists to all tourists (which consist of same-day and overnight
tourists) from Mainland China is 59.62% in 2014, 60.74% in 2015, 59.35% in 2016, 58.29% in 2017,
and 60.97% in 2018 [11]). They do not stay overnight and thus are too transient to utilize accommodation
facilities [12]. Moreover, the accommodation cost in tourist precincts (or popular tourism shopping
area) of a shopping destination, such as Causeway Bay in Hong Kong (the study area of this study),
is in general extraordinarily high. As such, only a small proportion of tourist shoppers stay within
the tourist precincts. Thus, the implicit price of accessibility to accommodation facilities may not be
significantly altered by the implementation of the IVS.

Accordingly, we propose two contrasting or competing hypotheses (H2A and H2B):

Hypothesis 2A (H2A). The implicit price of accessibility to accommodation facilities would increase after the
implementation of the IVS.
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Hypothesis 2B (H2B). The implicit price of accessibility to accommodation facilities would not be altered by
the implementation of the IVS.

Besides the above economic concerns on transportation and accommodation, psychological
factors, such as the hometown shopping experience, can affect tourists’ shopping behavior [16].
People (not necessarily tourist shoppers) often make unconscious decisions based on past experience [33]
and sometimes even have done that without realizing the involvement of past memories in the
decision-making process [34,35].

Attitudes of tourist shoppers (mainly those from Mainland China) toward the shopping
environment in tourist destinations can be affected by their hometown experience. Mainland China
has a short history of urbanization. In Mainland China, reputable retailers are mainly located in newly
built shops. By contrast, old shops usually attract non-reputable retailers, so the chance of getting
counterfeited items is high in such shops. Therefore, tourist shoppers from Mainland China can easily
associate shops located in old buildings with low-quality retailers based on their local experience
and psychological implications in home areas. In other words, tourist shoppers will take such shops
as a signal of low quality and service. By contrast, local shoppers have much more information to
make decisions than tourist shoppers and rarely do so. Old shops reduce shopping intention of tourist
shoppers, which indirectly affects the sales price of retail properties.

Thus, we propose the third hypothesis (H3):

Hypothesis 3 (H3). Age would have a larger negative price effect after the implementation of the IVS.

4. Data and Variables

4.1. Data

To avoid the influence of numerous hard-to-control and even unobservable confounding attributes,
especially locational and environmental attributes, on retail property prices, focusing on a small
geographical area is better than the entire city and a large area (e.g., Hong Kong Island and
Kowloon) [36,37]. According to Cushman and Wakefield that tracks retail property rentals in
the world’s shopping locations (Source: https://www.cushmanwakefield.com/en/japan/news/2019/11/

hong-kong-tops-global-ranking-of-most-expensive-shopping-streets), Causeway Bay is among the
world’s most expensive retail property locations. Moreover, according to the Transport Department of
Hong Kong [31], Causeway Bay attracts many trips of inbound tourists. Therefore, Causeway Bay,
the area widely recognized as the tourist precinct of Hong Kong that has the long-known worldwide
reputation “shopping paradise”, is chosen as the study area.

Transaction price rather than rental (which is used in a voluminous body of previous literature) of
retail properties is used as the dependent variable in this study. The reasons are as follows: (1) the rental
of retail properties is determined not only by property attributes but also by other factors including
leasing terms and type of tenant [21]; and (2) the rental is often composed of minimum (or base) and
overage (or percentage) rentals [38]. The feature makes property rental modeling extremely difficult.
Understandably, obtaining the details of each rental contract is impractical. Moreover, there is no
available lease-by-lease retail rental data in Hong Kong. Thus, transaction price is a more reliable,
consistent, and available measure than rental, especially in the context of Hong Kong.

The transaction records of ground-floor retail properties in Causeway Bay within the period of
1993–2011 serve as our database. The transaction price data are purchased from the Economic Property
Research Center (EPRC). The total number of retail property transaction observations during the time
frame is 3806. After excluding observations with missing information, 580 transaction observations are
left. The samples used for the subsequent analysis are mapped in Figure 1.

https://www.cushmanwakefield.com/en/japan/news/2019/11/hong-kong-tops-global-ranking-of-most-expensive-shopping-streets
https://www.cushmanwakefield.com/en/japan/news/2019/11/hong-kong-tops-global-ranking-of-most-expensive-shopping-streets
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Figure 1. Geographical location of retail property samples.

4.2. Variables

It is widely recognized that the property price is widely influenced by a multitude of variables.
Independent variables used in existing hedonic literature are often categorized into three categories:
structural (e.g., size and age), locational (e.g., access to the downtown), and neighborhood (e.g.,
landscape view and crime) [36]. In this study, the selection of variables is mainly informed by previous
studies (e.g., [12,14,24,25]), while taking data availability into consideration. Mainland China is
the largest sub-market for the Hong Kong tourism industry, and IVS tourist shoppers hold a great
consumption capacity. Therefore, three IVS-relevant variables are incorporated into the retail property
price modeling framework to test the three sets of hypotheses.

The detailed description of variables is listed in Table 1. The last three interaction variables are
used for hypothesis testing.

Table 1. Variables and description.

Variable Description Expected
Sign Remark

LnP Logarithm of transaction price (in natural logarithm form) (HK$) NA Dependent Variable
AGE (year) ? Control
SIZE Size or gross floor area (m2) + Control
SIZE2 Square term of SIZE ? Control
FRON Length of frontage facing the street (m) + Control
LnMTR Logarithm of distance to the nearest MTR station exit (m) (in natural logarithm form) − Control
LnMALL Logarithm of distance to the nearest shopping mall (m) (in natural logarithm form) − Control
CORN Dummy variable, 1 if the property is located in the street corner and 0 otherwise + Control
ACM Number of hotels and guesthouses within the 250m radius + Control
ACM2 Square term of ACM − Control
UCU Dummy variable, 1 if the property’s upper story is commercial use and 0 otherwise + Control
UOU Dummy variable, 1 if the property’s upper story is office use and 0 otherwise + Control
URU Dummy variable, 1 if the property’s upper story is residential use and 0 otherwise + Control
LnINDEX Private Retail Prices Index (1999=100) (in natural logarithm form) + Control
OTHERS Number of non-IVS visitors + Control
IVS Number of visitors under the IVS + Control
IVS × LnMTR Interaction between IVS and LnMTR − H1
IVS×ACM Interaction between IVS and ACM + H2A and H2B
IVS×AGE Interaction between IVS and AGE − H3

Table 2 shows the summary statistics of the main variables. The area of the smallest retail property
(which may be used as a fruit or take-away beverage shop) is only 5 m2. In addition to the property
price data from the EPRC, other data were collected from the Hong Kong Tourism Board, the Census
and Statistics and the Rating and Valuation Departments of Hong Kong. Moreover, we manually
collected the frontage length with a laser measurer during site visits.
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Table 2. Descriptive statistics of continuous variables.

Variable ACM AGE FRON INDEX IVS LnMTR LnMALL PRICE OTHERS SIZE

Mean 20.65 32.49 4.23 152.87 358.93 5.44 5.66 122.24 1300.73 59.41
Median 16 34.21 3.7 138.5 627.98 5.35 5.67 73.34 1353.82 45.06

Max. 54 53.5 22.76 344.6 1786.25 6.55 7 787.41 2175.31 656.08
Min. 0 0.43 0 79.4 0 2.64 2.4 2.41 427.25 5.02

Std. Dev. 14.83 11.45 3.05 60.29 463.99 0.67 0.68 128.89 390.36 58.5

Notes: Prices are at 1999 constant price levels.

5. Methodology

It is widely documented that the price of a property is influenced by the attributes of the property,
such as gross floor area, age, transportation accessibility, and landscape view. The (traditional) hedonic
pricing model is an extensively-adopted reveal-preference method for quantifying the contributions
of various characteristics, from which utility is derived, to the prices of heterogeneous goods (e.g.,
properties) sold in a particular market [39–44]. The hedonic pricing model assumes that implicit prices
(or hedonic prices) for each characteristic of a good can be decomposed into prices of a set of observable
attributes [45] and estimated by observing purchasers’ willingness to pay.

The model can be expressed as follows.

Y = αln + Xβ+ ε,

where Y denotes an n× 1 vector of property price; n is the number of observations; ln is an n× 1 vector
of ones associated with the constant α; X is an n× k matrix of hedonic characteristics of the property
(e.g., size, age, and distance to the nearest transit station); β is a k× 1 vector of coefficients; and ε is an
n × 1 vector of random error terms that follow a normal distribution. α and β are parameters to be
jointly estimated by the ordinary least squares (OLS) method.

Spatial autocorrelation (or spatial dependence) always exists in the real estate market [46].
Related explanations include but are not limited to spatial externality, external force, and spatial
interaction [47,48]. Ignoring the presence of spatial autocorrelation would lead to biased and inconsistent
parameter estimates. The traditional, plain linear regression that cannot tackle spatial effects (e.g.,
spatial autocorrelation and spatial heterogeneity) is not as acceptable as it used to be in spatial data
modeling [49–53].

A host of spatial econometric models, such as the spatial lag model (SLM), the spatial error
model (SEM), and the spatial Durbin model (SDM), can address the spatial autocorrelation issue,
and they have been widely used to explain the relationship between property prices and property
characteristics [54–58]. The SLM and the SEM are two basic spatial econometric models and
focus on the endogenous interaction relationship (or spatial interaction in the dependent variable)
and the correlated relationship (or spatial interaction in the error term), respectively. They, however,
cannot address the exogenous interaction relationship (or spatial interaction in independent variables) [59].

The SDM jointly considers the spatial dependence of the dependent variable and that of
independent variables [57,58,60,61] and allows for prices and hedonic characteristics of nearby
properties to shape the price of a specific property. The SDM is proved to outperform the two basic
models (the SLM and the SEM) and even regarded as “the only means of producing unbiased coefficient
estimates” (p. 26) [61]. The SDM can be specified as follows:

Y = ρWY + αln + Xβ+ WXθ+ ε,

where W is an n× n spatial weight matrix, exogenously defined by either contiguity or distance; WY is
the spatially lagged property price; ρ is the spatial autoregressive parameter, representing the price
effect of WY; WX is the spatially lagged hedonic characteristics; θ is a k × 1 vector of coefficients,
reflecting the price effects of WX; and other variables are as defined before. α, β, ρ, and θ are parameters
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to be jointly determined by the maximum likelihood estimation method. ρWY and WXθ capture
endogenous and exogenous interaction relationships, respectively.

6. Results

A pairwise correlation matrix was first calculated to showcase the correlation between the
independent variables. Results (not shown here) show that multi-collinearity is not an issue for
the data.

Table 3 lists the OLS estimation results. Most of the variables perform as expected. The model
can explain approximately 56% of the variation in retail property prices. The goodness of fit value is
acceptable for the limited sample size (N = 580).

Table 3. Coefficient estimates of the OLS model.

Variable Coefficient t-Statistic p-Value

AGE −0.0002 −0.041 0.968
SIZE 0.0151 *** 11.126 0.000
SIZE2 −0.00002 *** −7.008 0.000
FRON −0.7949 ** 2.175 0.030

LnMTR −0.1115 *** −6.379 0.000
LnMALL 0.0511 −0.893 0.372

CORN −0.0008 ** 2.282 0.023
ACM 0.0352 *** 5.102 0.000
ACM2 0.2395 *** −4.215 0.000
UCU −0.3118 * −1.896 0.059
UOU 0.3963 1.506 0.133
URU −0.0819 −0.941 0.347

LnINDEX −0.0461 −0.257 0.797
OTHERS 0.2116 1.173 0.241

IVS −1.1021 −1.394 0.164
IVS×LnMTR −0.0032 −0.456 0.649
IVS×ACM 0.2297 * 1.864 0.063
IVS×AGE 0.0057 0.904 0.366
Constant 14.5565 *** 13.023 0.000

R-squared 0.569
Adjusted R-squared 0.555

Number of observations 580

Notes: *** significant at the 1% level; ** significant at the 5% level; and * significant at the 10% level.

A Moran’s I test is undertaken for testing the spatial autocorrelation in the data. Results illustrate
that the spatial autocorrelation is significant (Moran’s I value = 0.128, p < 0.001) and thus reject the
null hypothesis (no spatial dependence exists). The results are highly consistent with the majority of,
though not all, hedonic studies. As such, the traditional hedonic pricing model that fails to incorporate
spatial autocorrelation is deemed to be inappropriate as it produces biased results, which should be
interpreted with caution. We opt for spatial econometric models in subsequent analysis.

After comparing the performance of the SDM and the other two basic spatial econometric models
(i.e., the SLM and the SEM), we find that the SDM performs best, which concurs with existing literature.
Table 4 shows coefficient estimates of the SDM. Results illustrate that the SDM fit the data modestly
better than the traditional hedonic pricing model (see Table 3); or that directly incorporating spatial
effects increases the explanatory power of the model. By comparing Tables 3 and 4, we find that OLS
regression is biased and may either overestimate or underestimate the coefficients associated with
independent variables. Furthermore, the spatial autoregressive parameter (ρ) is significant at the 1%
level and has a positive sign. This result indicates the presence of spatial autocorrelation and agrees
with a priori expectations.
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Table 4. Coefficient estimates of the SDM.

Variable Coefficient t-Statistic Variable Coefficient t-Statistic

AGE −0.0041 −1.300 W-AGE 0.0302 *** 8.698
SIZE 0.0147 *** 2.703 W-SIZE 0.0055 *** 2.801
SIZE2 0.0000 −0.012 W-SIZE2 −0.0001 −0.032
FRON 0.0281 *** 414.103 W-FRON 0.0358 *** 141.582

LnMTR −0.5319 *** −13.996 W-LnMTR 1.2102 *** 13.298
LnMALL 0.1117 *** 2.708 W-LnMALL −0.9153 *** −9.717

CORN 0.2259 *** 13.658 W-CORN 0.5342 *** 12.462
ACM 0.0212 *** 4.598 W-ACM 0.0370 *** 3.207
ACM2 −0.0003 −0.165 W-ACM2 −0.0004 −0.148
UCU 0.0413 *** 3.944 W-UCU −0.7653 *** −8.900
UOU 0.7428 *** 3.592 W-UOU −1.9626 *** −3.782
URU −0.1577 −1.500 W-URU 0.6691 *** 8.676

LnINDEX −0.0397 *** −6.641 W-LnINDEX 0.4750 *** 3.542
OTHERS 0.1896 *** 5.697 W-OTHERS −0.0695 *** −4.316

IVS −1.2468 *** −10.602 W-IVS 14.1643 *** 26.942
IVS×LnMTR 0.2043 *** 90.737 W-IVS×LnMTR−1.9169 *** −181.821
IVS×ACM 0.0103 *** 10.276 W-IVS×ACM −0.0490 *** −4.043
IVS×AGE 0.0035 1.202 W-IVS×AGE −0.0960 *** −14.666

Rho 0.2780 *** 16.383 Constant 3.915 *** 85.369

R-squared 0.662
Adjusted
R-squared 0.639

Number of
observations 580

Notes: *** significant at the 1% level.

Table 5 reveals direct, indirect (or spillover), and total effects of hedonic variables. A total of
10 variables (e.g., AGE, LnMTR, and LnMALL) have spatial spillover effects on retail property prices.
This finding supports the notion that the price of a property is affected by the prices and characteristics
of nearby properties.

Table 5. Direct, indirect, and total price effect estimates of the SDM.

Variable Direct Effect (t-Statistic) Indirect Effect (t-Statistic) Total Effect (t-Statistic)

AGE −0.0039 (−0.885) 0.0411 * (1.821) 0.0372 * (1.668)
SIZE 0.0146 *** (11.863) 0.0129 (1.143) 0.0276 ** (2.461)
SIZE2 0.0000 *** (−7.558) −0.0001 ** (−2.443) −0.0001 *** (−2.908)
FRON 0.0279 * (1.833) 0.0670 (0.741) 0.0949 (1.063)

LnMTR −0.5238 *** (−3.516) 1.5536 * (1.836) 1.0298 (1.262)
LnMALL 0.1113 (0.674) −1.2839 * (−1.805) −1.1726 * (−1.823)

CORN 0.2320 ** (2.503) 0.8208 (1.438) 1.0528 * (1.789)
ACM 0.0214 (1.475) 0.0611 (1.240) 0.0825 * (1.787)
ACM2 −0.0003 (−0.986) −0.0008 (−0.937) −0.0010 (−1.430)
UCU 0.0456 (0.250) −1.0706 ** (−1.968) −1.0251 * (−1.801)
UOU 0.7442 *** (2.899) −2.7011 * (−1.657) −1.9569 (−1.184)
URU −0.1609 (−1.538) 0.8949 ** (2.084) 0.7340 * (1.793)

LnINDEX −0.0417 (−0.261) 0.6126 (0.555) 0.5710 (0.504)
OTHERS 0.1914 (1.195) −0.1213 (−0.086) 0.0701 (0.049)

IVS −1.1895 * (−1.705) 19.8424 ** (2.498) 18.6529 ** (2.298)
IVS×LnMTR 0.1960 * (1.775) −2.6588 ** (−2.237) −2.4628 ** (−2.011)
IVS×ACM 0.0102 * (1.792) −0.0649 (−1.203) −0.0547 (−0.991)
IVS×AGE 0.0032 (0.474) −0.1362 *** (−3.480) −0.1330 *** (−3.399)

Notes: *** significant at the 1% level; ** significant at the 5% level; and * significant at the 10% level.
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The following interpretations are simply based on total effects. “AGE”, “SIZE”, and “FRON” are
classified as structural attributes. The price effect of “SIZE” is positive and significant, whereas that of
“SIZE2” is negative and significant. This observation shows that an inverted-U (non-linear) relationship
exists between size and property prices (in natural logarithm form). Moreover, the price effect of
“FRON” is insignificant in this empirical study. A possible reason for this outcome is the limited sample
size (N = 580).

For locational attributes, the price effect of “LnMTR” is insignificant at the 10% level, indicating that
MTR accessibility is too weak to shape (or determine) retail property prices before the implementation
of the IVS. In addition, the price effect of “LnMALL” is negative and significant at the 10% level.
This result means that accessibility to shopping malls is positively associated with retail property prices.
Furthermore, the price effect of “CORN” is positive and significantly different from zero at the 1% level.
This observation implies that the street corner location is positively correlated with retail property
prices, consistent with a priori expectations and existing literature [62]. A possible explanation is that
the street corner location can attract more spotlights from potential customers [25,62].

For neighborhood and other variables, “ACM”, which reflects the cumulative opportunities
of accommodation facilities, has a positive price effect before the implementation of the IVS,
whereas “ACM2” has an insignificant price effect. This outcome is reasonable and indicates a
positive linear relationship between accessibility to accommodation facilities and retail property
prices (in natural logarithm form). It can be explained by the fact that retail properties with better
accessibility to accommodation facilities are more likely to be patronized by tourist shoppers. Moreover,
regarding the vertical neighborhood use variables, “UCU” and “URU” have significant negative and
positive price effects, respectively. However, “UOU” is insignificant at the 10% level. Furthermore,
“IVS” is significant at the 5% level, and its price effect holds a positive sign. This finding confirms
the significant positive price effect of the IVS (which introduces numerous mainland Chinese tourist
shoppers) in Causeway Bay and is consistent with [12].

Interpretations of the three interaction terms that are directly related to hypothesis testing are of
predominant interest in this study. The summary of the corresponding results is shown in Table 6.
First, the price effect of “IVS×LnMTR” is negative and significant at the 5% level, which verifies H1.
This outcome indicates that after the implementation of the IVS, MTR accessibility has been more
valued and is associated with higher retail property prices. This finding and is consistent with previous
research. Second, the price effect of “IVS×ACM” is insignificantly different from zero, which contrasts
H2A but confirms H2B. This means that the economic value of accessibility to accommodation facilities
is not significantly altered by the implementation of the IVS. Last, the price effect of “IVS×AGE” is
negative and significant at the 5% level, which verifies H3 and agrees with existing literature [12].

Table 6. Summary of the three sets of hypotheses.

Theoretical Background Economic Concern Psychological Implication

Hypothesis H1 H2A and H2B H3
Hedonic variable IVS×LnMTR IVS×ACM IVS×AGE

Expected sign - +/insignificant -
Test result Confirm Reject H2A and confirm H2B Confirm

7. Conclusions

This study investigates the impact of the increase in tourist shoppers on the prices of retail
properties in the tourist precinct of Hong Kong (a typical shopping destination where tourists allocate
a high budget for shopping during their trips). Based on previous studies [12,14] and relevant
theories [19,33–35], three sets of hypotheses related to economic and psychological concerns are
developed. This study makes use of the implementation of the policy IVS in Hong Kong in 2003
and the transaction records of ground-floor retail properties in Causeway Bay during 1993–2011 to
test these hypotheses. Notably, due to the presence of spatial autocorrelation, conventional hedonic
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price models may lead to biased results. This study solves this problem by employing a widely-used
spatial econometric technique, namely the spatial Durbin model. Our findings are listed as follows.
(1) Ground-floor retail property prices are spatially correlated. (2) The implementation of the IVS has
a positive impact on retail property prices. (3) The implicit price of accessibility to transit increases
after the implementation of the IVS. (4) The implicit price of accessibility to accommodation facilities is
not significantly altered by the implementation of the IVS. (5) Age has a larger negative price effect
after the implementation of the IVS. This outcome can be related to the hometown experience of
tourist shoppers.

This study advances our understanding of the interaction between tourism demand and retail
property prices in a shopping destination and enriches or supplements the existing literature on
this topic [12–14]. Moreover, our empirical results can have significant practical implications.
Tourism policy-makers and practitioners can improve the physical environment of shopping spaces,
which can greatly attract more potential consumers. Public sectors can organize regular refurbishment in
the core areas of a tourist destination to enhance the attractiveness of the destination. Retail practitioners
can invest in newer retail shops to pursue higher returns. These implications are believed to be applied
to other shopping destinations with an increasing volume of tourists.

The study makes a small step towards the exploration of possible interactions between the tourism
industry and the retail real estate market. Indeed, several future research directions exist. We point
out two: (1) analyzing how changes in the local-tourist shopper mix affect the dynamics of the rental
and vacancy adjustment in the retail space market using time series or panel data; and (2) examining
the determination of the equilibrium retail property price as a result of change in macro-economic
variables of the tourism industry.

There are a few limitations in this study. First, to test the three sets of hypotheses, this study
focuses on a small geographical area (i.e., Causeway Bay) instead of the whole city or a large area
(e.g., Hong Kong Island and Kowloon) [14,36,37,63]. The area is carefully selected by the authors
(see Section 4.1 for justifications). This economically rigorous approach helps statistically control for
numerous locational and neighborhood attributes (e.g., accessibility to Luohu Port, Lok Ma Chau Port,
and Shenzhen Bay Port) and thus largely relieves, though definitely does not eliminate, a much-derided
problem of hedonic pricing, namely missing variable bias. Admittedly, it is far from perfect and
suffers from the following two distinct shortcomings: (1) generalization or transferability of the results
and (2) limited sample size. The number of observations used for analysis (N = 580) is much less
than that for a wider area, which may to some extent distort the results. Therefore, we suggest that
more empirical studies on this topic should be conducted, which is indispensable to reach stronger
conclusions. Second, this study only links tourism demand to the retail trade. Understandably,
the wholesale trade is also expected to be affected by tourism demand. Analyzing their interaction is
interesting and fascinating, but it cannot be completed by this study because the wholesale trade of
Hong Kong is normally not conducted in Causeway Bay. We suggest that it should be explored in
upcoming research.
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