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ABSTRACT A trend of purchasing a lakeside, seaside, or forest vacation home has been raised in China.
However, such purchase behavior has received limited attention from the research community in emerging
markets. This study aims at investigating the factors behind vacation home purchase behavior and helping
identify potential buyers. Specifically, factors, such as air quality, enduring involvement, place attachment,
and destination familiarity, are examined via a proposed integrative model, which links these factors to
purchase intention. The total number of potential buyers of vacation homes is increasing but remains
small, compared to the whole consumers’ population, resulting in imbalanced purchase behavior data when
validating a model. To address this problem, this study proposes an autoencoder-enabled and k-means
clustering-based (AKMC) method to identify potential buyers. The proposed methods tested on a dataset
of 309 samples, collected through a questionnaire-based survey, and achieves a model accuracy of 82% in
identifying potential buyers, outperforming other traditional machine learning methods, such as decision
trees and support vector machines. This study also provides explainable results for the vacation home
purchase behavior and a decision-making tool to identify potential buyers.

INDEX TERMS Enduring involvement, identification, machine learning, place attachment, vacation home,
potential buyers.

I. INTRODUCTION to enjoy the tropical climate, cleaner air, and bright sun-

Social and economic status is recognized as a strong deter-
mining factor for purchasing vacation homes. In Western
countries, enjoying regular trips to vacation homes, such
as weekend villas or holiday apartments in tourist destina-
tions, has become an integral form of leisure [1]. Similarly,
in China, with the rapid development of tourism, enjoy-
ing long-term vacations has become common [2], [3]. For
example, tourists flock from the widespread smog and chilly
weather in many northern cities of China to southern cities
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shine [4]. In the recent decade, researchers have witnessed
a great rise in the popularity of owning vacation homes at
the lakeside, seaside, or forests for pursuing better-quality
leisure or retirement life in China. Chinese provinces, such
as Hainan and Yunnan, have become some of the popular
destinations for Beijing residents to escape the smog [5].
While the permanent resident population of 2016 in Hainan
province was officially 9.17 million, 1.13 million (i.e., 13%)
of which was actually the “migratory bird” population [6].
Moreover, over 80% of the apartments in Sanya, a city in
the Hainan province, were purchased by residents from other
provinces [4].
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Although there is no widely agreed definition of a vacation
home, with other commonly used terms including “cabin,”
“holiday home,” “‘recreational home, summer house,”
“weekend home,” and ‘“‘vacation home,” etc., a vacation
home is generally regarded as being leisure- and recreation-
oriented [7]. In this study, we adopt the term ‘“vacation home”
throughout the paper.

In addition to the climate factor mentioned above, the self-
expression and hedonic dimensions of enduring involvement
also play important roles in the decision-making process for
purchasing a vacation home. Moreover, destination famil-
iarity and place attachment can also influence the decision
of purchasing a vacation home. Although various tourism
and leisure studies have investigated the relationship between
involvement and place attachment from several different
perspectives, including resource planning, satisfaction, and
revisiting behavior [8], [9], few have studied the relationships
among enduring involvement, place attachment, destination
familiarity, and purchase intentions towards vacation homes.
However, understanding the demand of vacation homes is
imperative for business planning, construction operations,
and economic growth strategies.

To fill the current gap in research, this study aims at exam-
ining the relationships among destination familiarity, endur-
ing involvement, place attachment, and purchase intentions.
The total number of potential buyers of vacation homes is
increasing but still remains small, compared to the whole con-
sumers’ population. As a result, data in purchase behavior is
imbalanced and challenging to be analyzed using other tradi-
tional methods. Hence, a method that combines autoencoder
and k-means clustering (AKMC) is proposed for identifying
potential buyers. Data in this study were collected from over
300 tourists whose partial purpose of traveling was to buy a
vacation home.

The remainder of the paper is structured as follows.
In Section 2, we provide a summary of the previous studies on
the impacting factors and moderators of vacation home pur-
chase intention, such as place attachment, enduring involve-
ment, and destination familiarity. In addition, the recent
methods for identifying potential buyers are also reviewed.
In Section 3, we describe the methodology of the current
study. In Section 4, we examine the purchase intention model
in detail and test the proposed method for potential buyer
identification. Lastly, in Section 5, we discuss the findings
and conclude the study.

LT

Il. LITERATURE REVIEW

In the following sections, we first review the impacting fac-
tors and moderators of vacation home purchase behavior and
then provide a summary of the existing methods related to the
identification of the potential buyers.

A. DRIVING FACTORS OF PURCHASE INTENTION

1) PLACE ATTACHMENT

Place attachment refers to the emotional tie between indi-
viduals and specific travel destinations [8], [9], and sig-
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nificantly influences tourists’ travel destination loyalty and
future revisit intention in tourism management and marketing
[10]. Place dependence and place identity have been consid-
ered to be two main dimensions of place attachment [11]
in earlier literature. However, more recently, an increasing
number of researchers have begun to support the view that
place attachment comprises three dimensions: place depen-
dence, referring to the attachment to specific functions of
a place; place identity, referring to the emotional symbolic
meanings; and place affect, referring to the emotional bonds
of an individual to a place [12]. Recent studies have indicated
that place attachment has a strong impact on revisit intentions
[13] and serves as an antecedent of destination loyalty [10].

2) ENDURING INVOLVEMENT

The involvement theory can be traced back to the idea of
“ego-involvement,” introduced in the field of social judg-
ment theory [14]. In the consumer behavior literature, Krug-
man [15] makes the first attempt to apply involvement theory
to measure the advertising effectiveness, whose view, con-
trary to the classical approach, claims that customers pas-
sively receive information. Later, Zaichkowsky [16] defines
enduring involvement as the perceptual consequence of peo-
ple grounded in unique needs, values, and interests. More
specifically, involvement indicates the extent of the cognitive
bond between individuals and objects, and sometimes related
to situations. Higie and Feick [17] extend the concepts of
pleasure involvement and self-expression involvement from
the study of Zaichkowsky [16] and measure the extent of
enduring involvement in computers and lawnmowers for
undergraduates and MBA students. In the tourism literature,
enduring involvement has been explored from the standpoint
of leisure involvement, including the variables of “‘attraction,
self-expression, and centrality to life” [8].

3) DESTINATION FAMILIARITY

In the marketing field, the concepts of product familiarity
have been widely examined. Product familiarity refers to the
extent of customers’ product-related experiences in terms of
three aspects: advertising exposure, information searching,
and product experience [18]. Similarly, destination famil-
iarity refers to the extent of destination-related experience,
built up through information search, previous visiting experi-
ences, destination involvement, and internal information [19].
Destination familiarity notably affects satisfaction and leads
to destination loyalty [20]. Tourists’ destination familiarity
strongly influences their behaviors [21]. For instance, tourists
with a higher extent level of destination familiarity to a travel
destination tend to show higher destination loyalty and show
higher desires to visit the specific destination [22].

4) AIR QUALITY INDEX

Additionally, air quality is another important driving factor
in purchasing a vacation home [23]. Dong et al. [24] indicate
that air quality could potentially influence travel destination
selection of the inbound tourists. For example, the primary
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purpose of holding a vacation home is often to pursue a suit-
able climate, health improvement, and a comfortable lifestyle
[25]. We expect that the worse the air quality index of the
tourists resident, the higher likelihood of purchasing a vaca-
tion home.

B. POTENTIAL BUYER IDENTIFICATION

By analyzing the factors impacting purchase intention, it is
possible to identify consumers with higher willingness-to-
buy [26]-[28]. Previous studies have found that the behav-
iors and trust of potential buyers are different from repeat
consumers and indifferent consumers [29], [30]. Hence, it is
possible to identify potential buyers from a group of people
[31], [32]. For example, one recent study facilitates cross-
selling in a mobile telecom market by identifying potential
buyers for new services and products [33]. Various data min-
ing techniques used in pattern recognition, such as logistic
regression, artificial neural networks, and decision trees [34],
[35], can be applied to predict purchase intention based on
demographic and behavior data [33], [36]. The problem of
identifying potential buyers can typically be treated as a clas-
sification problem [26] but the challenge is the imbalanced
training data [37]. For example, only one out of a thousand
people may intend to purchase a vacation home, consisting
of a small percentage of the whole consumers’ population.
As such, the machine learning algorithms mentioned do not
generally perform well in identifying potential buyers from a
large group of people.

The challenge of imbalanced data may be solved by com-
bining multiple classifiers [26], [38]. Hence, we propose a
method that combines an autoencoder and k-means clustering
techniques. The autoencoder is a state-of-art method [39],
[40], which performs well in anomaly detection and can
be improved by leveraging the advantages of the k-means
cluster. In this study, ‘“‘enthusiastic consumers™ are con-
sidered as anomalies of “indifferent consumers”. Merely
using an autoencoder for anomaly detection would create the
problem of needing to determine an appropriate threshold.
Hence, we combine the autoencoder with k-means clustering.
K-means clustering is similar to k-nearest neighbor search,
which is a widely used method in consumer classification
[41]. Moreover, it is an unsupervised method, making it more
suitable for identifying potential buyers.

lIl. RESEARCH METHODOLOGY

Our method includes two main parts, namely, the purchase
behavior analysis and the potential buyer identification,
as presented in Figure 1. In the first part, the correlations
between driving factors and purchase intention are ana-
lyzed, and a conceptual model of purchase intention is estab-
lished. In the second part, the AKMC method is used to
identify potential buyers. Specifically, the AKMC classi-
fies consumers into generic consumers and enthusiastic con-
sumers. Enthusiastic consumers refer to consumers with great
willingness-to-buy and are defined as potential buyers.
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A. PHASE 1: PURCHASE INTENTION ANALYSIS

1) DRIVING FACTORS ANALYSIS

Place attachment interacts with affective aspects, expertise
level, and behaviors towards a particular place [9]. Thus, we
revise the definition of Tsai [12] and classify place attach-
ment as an emotional, cognitive, and functional assessment
to tourist destinations. For enduring involvement, we adapt
the scales from the study of Higie and Feick [17], which
includes both hedonic factors (e.g., interesting, fun, fasci-
nating, exciting, and appealing) and self-expression factors
(e.g., “portraying an image of me to others,” “forming my
self-image, tells me about a person’’). Destination familiarity
measures are adapted from Sun et al. [20].

2) THEORY MODEL AND HYPOTHESIS DEVELOPMENT
Hypotheses are generated to link all these impacting fac-
tors and moderators together. Kyle er al. [11] indicate that
each dimension of involvement (including attraction, self-
expression, and centrality) have strong positive effects on
place attachment (place identity, affective attachment, and
place dependence). Thus, the first hypothesis is proposed as
follows:

HI: For the potential buyers, the greater their extent of
enduring involvement, the stronger their place attachment to
the destination is.

In marketing literature, brand attachment has consistently
been found to positively affect the intent to purchase a prod-
uct. Accordingly, the level of tourists’ place attachment can
be hypothesized as a mediating function to the relationships
of enduring involvement and willingness-to-buy of a vacation
home. Thus, the following hypotheses are proposed:

H2: For the potential buyers, the greater their extent of
enduring involvement, the higher their purchase intention of
vacation homes in the destination is.

H3: For the potential buyers, the greater their extent of
place attachment, the higher their purchase intention in the
destination is.

HA4: Place attachment mediates the relationship between
enduring involvement and purchase intention.

Destination familiarity and involvement have significant
impacts on destination perception [19]. In the context of this
study, destination familiarity has a potential moderating role
between vacation home involvement and destination attach-
ment. Thus, the following hypotheses are proposed:

H5: For the potential buyers, the greater their extent of
destination familiarity, the stronger their place attachment
to the destination is.

HG6: Tourists’ destination familiarity moderates the rela-
tionship between enduring involvement and place attach-
ment.

Additionally, Li and Katsumata [42] show that geo-
graphic attributes significantly affect the purchase behaviors
of international tourists. Additionally, Dong et al. [24] indi-
cate that air quality could potentially influence the travel
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FIGURE 1. Framework of Data-driven purchase behavior analysis.

destination selection of inbound tourists. Therefore, the fol-
lowing hypotheses are proposed:

H7: Air quality index moderates the relationship between
enduring involvement and place attachment.

Considering the relationships among these driving fac-
tors (e.g. place attachment, enduring involvement, destina-
tion familiarity) and the vacation home purchase intentions,
the research framework of this study is developed, as shown
in Figure 2.

3) MODEL VALIDATION

To test the conceptual model, we conducted several analyses
in R (version 3.6.0), using the packages ‘“‘lavaan,” a use-
ful tool for examining a variety of latent variable models,
including confirmatory factor analysis, structural equation
modeling, and latent growth curve models (https://cran.r-
project.org/web/packages/). We examined the hypotheses by
a two-stage estimation. The measurement equation (confir-
matory factor analysis) in the first stage was used to examine
the reliability and validity of the constructs. Our model incor-
porated five constructs, (1) PA, place attachment of tourists,
(2) DF, tourists’ destination familiarity of a specific location,
(3) EDV, enduring involvement of a vacation home, (4) PI,
purchase intention of a vacation home at a tourist destination,
and (5) AQID, air quality index difference between a travel
destination and the resident city of a tourist. The second
model is the structural equation model, which was used
to examine the hypotheses with interaction terms included.
The second model was based on mediating moderation anal-
ysis [43]. In the second model, we estimated a model without
interaction to compare the result of the hypothetical model.

B. PHASE 2: POTENTIAL BUYER IDENTIFICATION

In section III-A, we analyzed the driving factors of purchase
intentions. If a factor was found to be a significant driving
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factor, it could be a potential indicator of purchase inten-
tion and would be used as the input to the machine learn-
ing method proposed in this section. This process provided
explainable results for selecting features. We proposed a
two-process machine learning method to classify consumers,
which includes an autoencoder-based model for enthusi-
astic consumers and a k-means-based consumer classifier,
as shown in Figure 3. The model was based primarily on data
from enthusiastic consumers, rather than indifferent ones,
as data from enthusiastic consumers could be more easily
and directly acquired by real estate managers. The factors
verified in Section III-A and demographic information were
used as inputs. The categorical variables were encoded as
numerical vectors using one-hot encoding, which enabled the
“binarization” of a category. Numerical variables were first
normalized and then scaled from O to 1.

1) AUTOENCODER-ENABLED MODEL

Instead of using the traditional feature selection algorithms,
the autoencoder was adopted to automatically generate low-
dimension hidden features, which could effectively represent
high-dimensional features [44], [45]. The original inputs x
belong to an m-dimensional space and the hidden layer h
belongs to a five-dimensional space. The output y has the
same dimensions as the input x. J is the reconstruction error:

1
JOW, b x, h) = = fly = xII? M
where W is the weight matrix of nodes and b is the bias vector.

The encode transfer function is a positive saturating linear
transfer function:

0, ifz<0
f(zy=14z if0<z<l1 (2)
1, ifz>1.
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The decoder transfer function is a linear function:
f(z) =z 3)

The loss function used for training is the mean squared
error function, as follows:

N
1
L= N Z (Xn — YH)2 + A X Queightss )
n=1
where Quyeignts is the regularization term on the weights (W),
and X is the coefficient for the regularization term.

2) K-MEANS CLUSTERING-BASED CLASSIFICATION

The proposed k-means-based consumer classifier included
the traditional k-means clustering using reconstruction errors
as inputs and a labeling process. The testing data (X 1) were
processed by the enthusiastic consumers model, resulting in
reconstruction errors and hidden node values. The recon-
struction errors were combined with raw features and used
as the inputs for k-means clustering. K-means clustering
divided data into k clusters and treats each observation (x/)
as an object [46]. Specifically, the distances between each
observation and centroids of clusters were calculated. The
observations were then assigned to their nearest respective
clusters. The squared Euclidean distance was calculated as
follows:

d(x1,¢c) = (x1 —c)(xl —c) 5)

where x/ is an observation belonging to X/, and c is the cen-
troid of a cluster. The initial centroids are randomly selected
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from X1. After all observations were analyzed and assigned,
anew cluster consisting of one point furthest from its centroid
was generated.

Though k-means clustering can divide data into several
clusters, it cannot directly label the clusters [47]. The pro-
posed method compared the centroid of the cluster with the
hidden features of the enthusiastic consumers model. The
distance was calculated as a squared Euclidean distance.
The cluster closest to the enthusiastic consumers model was
labeled as the “‘enthusiastic consumers’ and the others were
labeled as the ““indifferent consumers.”

IV. EXPERIMENTS

A. DATA COLLECTION

The majority of studies on vacation homes and related tourist
behavioral intentions were conducted at international des-
tinations or developed Western countries; therefore, their
implications might not have been directly applicable to the
Asian and emerging markets. As such, we studied domestic
tourists in four popular resort destinations in China, including
Hainan, Xiamen, Beihai, and Fangchengguang. Data for this
study were collected between February 1st and March 28th.,
2019 through a self-administered questionnaire. The target
group included domestic tourists above 18 years old who had
traveled to at least one of the four cities within the previous
six months with the partial purpose of purchasing a vaca-
tion home. After removing unqualify samples that missing
permanent address or the time to participate in the survey
is less than 10 minutes, acquired with a 92% response rate
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FIGURE 3. Autoencoder and K-means-based method for identifying potential buyers.

and remaining 309 (female=194, 62.8%) valid samples and
for further analysis. All the materials initially utilized in this
study were presented in Chinese. Following the procedures of
back-translation, the measures were translated from English
into Chinese to retain all the meanings of these items [48] and
some wordings were adjusted to ensure clarity. The main vari-
ables of place attachment, enduring involvement, destination
familiarity, and purchase intention were responded on a 7-
point Likert scale (7 = strongly agree, 1 = strongly disagree).
And descriptive statistics are presented in Table 1.

B. PURCHASE INTENTION MODE

1) MEASUREMENT EQUATION

The results of the measurement equation are shown in Table 2.
Previous studies have consistently suggested the Cronbach’s
Alpha Coefficients above 0.7 to be considered as acceptable,
CR (Composite Reliability) to be higher than 0.6, and AVE
(Average Variance Extracted) to be above 0.5 [43]. All indices
of the four constructs in the result were above the suggested
thresholds. We also checked the discriminant validity for con-
structs. We adopted the general rule that the squared covari-
ances should be lower than AVE of each construct to suggest
proper discriminant validity. The result showed that the mini-
mum value of AVEs exceeded the maximum value of squared
covariances. In the following analysis, we incorporated the
average scores of the constructs into the structural model. The
correlations of constructs and control variables are presented
in Table 3. All variables are standardized because the hypo-
thetical model includes an interaction term.

2) STRUCTURAL EQUATION

Structural regression analysis was conducted to examine the
seven hypotheses. The results are presented in Table 3 and
Table 4. AIC (akaike information criterion) and BIC
(Bayesian information criterion) imply the overall fitting of
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Model 2 (Interaction model) is better than Model 1 (without
interaction model), therefore, the interaction terms are neces-
sary to explain place attachment (PA).

Model 1 (without interaction model) was designed to test
H1, H2, H3, and HS5. The results of Model 1 testing have
shown that enduring involvement was positively associated
with place attachment (8 = 0.344, p < 0.001), supporting
HI. Similarly, enduring involvement was positively associ-
ated with purchase intention (8 = 0.149, p < 0.01), sup-
porting H2. Place attachment was positively associated with
purchase intention (8 = 0.433, p < 0.001), and thus sup-
porting H3. H5 was supported also as destination familiarity
was positively associated with place attachment (8 = 0.566,
p < 0.001).

Model 2 (Interaction model) was conducted to test H6 and
H7. H6 suggests that destination familiarity moderates the
relationship between enduring involvement and place attach-
ment. To test H6, the interaction effects of enduring involve-
ment and place attachment were determined by the levels
of destination familiarity. A significant interaction term was
known from the results of Model 2 (8 = —0.157,p < 0.001),
and therefore H6 was supported. Additionally, the AQID
(Air Quality Index Difference) between a destination and the
tourists’ homes affected the relationship between enduring
involvement and place attachment (8 = —0.079, p < 0.05).
Accordingly, H7 was also supported. Finally, the results from
Model 3 presented in Table 4 showed that place attach-
ment partially mediated the relationships between enduring
involvement and purchase intention. Thus, H4 was supported.
As such, all seven hypotheses were supported.

C. POTENTIAL BUYER IDENTIFICATION

Section IV-B indicates that the driving factors of enduring
involvement, destination familiarity, place attachment, and
air quality can directly or indirectly affect purchase intention.
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TABLE 1. Correlation matrix.

EIl DF PA PI AQID AGE GEN EDU INC PT FAM FRI COL
EI: Enduring Involvement
DF: Destination familiarity 0.56
PA: Place Attachment 0.66 0.75
PI: Purchase Intention 0.56 0.69 0.66
AQID: Air Quality 0.00 -0.05  0.07 -0.05
AGE: Age 0.29 034 036 036 -0.18
GEN: Gender -0.05 -0.09 -0.06 -0.04 0.01 0.08
EDU: Education -0.21 -0.10  -0.19 -0.08 -0.01 -0.23 0.08
INC: Income 0.16 018 013 024 -0.10 0.09 0.11 0.42
PT: Package Tour 0.30 038 030 045 -0.04 0.20 0.00 -0.03 0.20
FAM: Family 0.07 0.07  0.08 0.07 0.02 0.08 0.02 0.00 0.18 0.12
FRI: Friend -0.09 -0.09 -0.11 -0.18 -0.03 -0.24 0.04 0.04 -0.19 -0.06 -0.34
COL: Colleague -0.01 -0.01 -0.04 0.05 -0.05 -0.04 -0.01 0.05 0.03 -0.02 -0.02 0.17
TE: Travel Experience 0.40 044 031 039 -0.10 0.31 -0.08 -0.09 0.17 0.29 0.10 -0.23 -0.01
TABLE 2. Summary of measurement equation.
Cov? (squared covariances)
# of items Alpha CR AVE EI DF PA
EI: Enduring Involvement 10 0.936 0.936 0.597
DF: Destination Familiarity 4 0.919 0.920 0.742 0.360
PA: Place Attachment 4 0.940 0.940 0.637 0.486 0.591
PI: Purchase Intention 3 0.860 0.871 0.695 0.375 0.566 0.508

Notes: Alpha: Cronbach’s alpha coefficients, CR: composite reliability, AVE: Average variance extracted.

Hence, all these variables should be the potential indicators
of the vacation home purchase intention. This study applies
a classical feature selection method, namely the correlation-
based feature selection for machine learning [49]. Hence,
only factors that show significant correlations with purchase
intention are selected. According to the results presented
in Table 3, the control variables of travel companion and
travel experience significantly influenced purchase intention,
whereas other control variables, such as education, income,
package style, had no significant correlations with purchase
intention. The significant factors were selected according
to the statistical analysis in Section IV-B. According to the
multiple regression analysis of Model 1-3, if a factor’s p
value of any of these models was lower than 0.05, the factor
was considered as a potential indicator. A detailed descrip-
tion of all these variables can be found in Appendix] and
Appendix 3.

Considering the results of purchase intention analysis,
all driving factors and part of the control variables were
selected as inputs, resulting in 54-dimensional inputs. The
autoencoder was developed to perform feature transforma-
tion, which transformed these 54 features into 5 new super
features. The experiments were performed on the MATLAB
R2019b platform with a dual processor. The subjects were
classified into ‘‘indifferent consumers” and ‘‘enthusiastic
consumers’” according to their response to Questions E1, E2,
E3, as displayed in Appendix 2. Specifically, the average
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scores of El, E2, E3 were calculated for each subject and
compared with a threshold, which was predefined as “4”
in this study. As the purchase intention ranges from 1 to 7,
“4” was the median value and reflected consumers’ purchase
intention. If the score was greater than “4”, the subject
was considered to be “‘enthusiastic consumers”’. The analysis
resulted in 39 “indifferent consumers” and 270 “‘enthusiastic
consumers”’. The Bayesian optimization was used to prelim-
inarily select optimal hyperparameters for the autoencoder.
After a preliminary study, the size of the hidden layer was set
as 5 and the coefficient of the regularization term was set as
0.0001. We adopted L2 regularization term, namely the Ridge
Regression in this study. The k for k-means clustering was
set to 2. The proposed method was tested on twenty samples
of “indifferent consumers” and twenty samples of “‘enthu-
siastic consumers”. To evaluate the model’s performance in
identifying the potential buyers, accuracy, precision, recall,
and F1 of the model were calculated and compared with the
performance of other traditional methods. Accuracy referred
to the percentage of consumers that were accurately classi-
fied. Recall, also known sensitivity, was the percentage of
correctly identified “‘enthusiastic consumers’’. Precision was
the positive predictive value of “‘enthusiastic consumers™.
F1-score conveyed the balance between precision and recall.

Tables 5 shows the performances of AKMC, a deci-
sion tree, a support vector machine, and a k-nearest neigh-
bor search. The results of linear regression were similar
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TABLE 3. Result of estimation.

Model Model 1 Model 2
Dependent Variables Place Attachment Purchase Intention Place Attachment Purchase Intention
Estimates SE Estimates SE Estimates SE Estimates SE
Direct Effect
EI: Enduring Involvement 0.344 0.042  *** 0.149 0.054 ** 0.303 0.040  *** 0.149 0.054 **
DF: Destination Familiarity 0.566 0.043  x** 0.520 0.041  ***
PA: Place Attachment 0.433 0.052  *** 0.433 0.052  ***
AQID: Air Quality 0.103 0.034  ** 0.083 0.032  **
Interaction
EI*DF -0.157 0.027
EI*AQID -0.079 0.037 *
CV: Control Variables
AGE: Age 0.105 0.038  ** 0.077 0.044 + 0.150 0.037  *** 0.077 0.044 +
GEN: Gender -0.009 0.033 -0.008 0.039 -0.008 0.032 -0.008 0.039
EDU: Education -0.045 0.039 0.034 0.045 -0.087 0.038  * 0.034 0.045
INC: Income 0.007 0.040 0.071 0.046 0.043 0.038 0.071 0.046
PT: Package Tour -0.005 0.036 0.218 0.042  *** -0.010 0.034 0.218 0.042  ***
FAM: Family 0.011 0.035 -0.059 0.041 -0.007 0.033 -0.059 0.041
FRI: Friend -0.02 0.037 -0.086 0.043 * -0.008 0.035 -0.086 0.043 *
COL: Colleague -0.012 0.033 0.083 0.039 * -0.025 0.031 0.083 0.039 *
TE: Travel Experience -0.111 0.039  ** 0.085 0.044 + -0.062 0.037 + 0.085 0.044 +
AIC: Akaike Information Criterion 1206.4 1173.5
BIC: ) Bayesian Information 1299 4 12743
Criterion
Notes: +p<10%; * p<5%;* p<5%; ** p<1%,; ***p<0.1%
TABLE 4. Indirect and total effect of enduring involvement (El) for purchase intention (PI).
Model 3
DF: Destination familiarity  PA: Place Attachment Indirect Estimates SE Total Estimates SE
1 High High 0.029 0.027 0.178 0.058 **
2 High Low 0.165 0.032 ok 0.314 0.052 ok
3 Low High 0.097 0.031 ** 0.247 0.056 ok
4 Low Low 0.233 0.038 HEE 0.383 0.051 HEE
Notes: p<10%; * p<5%;* p<5%; ** p<1%; ***p<0.1%
TABLE 5. Classification results of four methods.

Method Accuracy Precision Recall Fl-score

AKMC 0.82 0.85 0.80 0.824

Decision tree 0.58 0.54 0.95 0.69

Support vector machine 0.53 0.52 1.00 0.68

K-nearest neighbor 0.53 0.52 1.00 0.68

to a decision tree and support vector machine; therefore,
the results were not presented here. It is shown that AKMC
had the highest accuracy, precision, and F1-score. We could
deduce that the other three methods tend to classify all
consumers as the “enthusiastic consumers,” so they offered
high recall and low precision, resulting in a low F1-score.
Although the recall of AKMC was lower than other methods,
we could still conclude that the AKMC strategy proposed
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in this study showed the best performance in identifying the
potential buyers of vacation homes. It is also worth not-
ing that the decision tree provided higher accuracy, recall,
and precision than the other two methods (i.e., support vec-
tor machine and k-nearest neighbor). This suggested that
the decision tree performed better than the support vector
machine and k-nearest neighbor in dealing with imbalanced
data.
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V. DISCUSSION

Based on the previous research in consumer behavior, our
study examined the antecedents of tourists’ purchase inten-
tions using the case study of vacation homes. Both direct and
indirect effects of tourists’ destination familiarity and endur-
ing involvement on place attachment and purchase intentions
of vacation homes were examined. Based on the enduring
involvement theory [17], the place attachment theory [12],
and the destination familiarity theory [18], [20], a theoretical
model was designed in Section III-A-(2).

Despite the increase in demand for vacation homes in
both developed and developing countries, there is still a lack
of understanding of the determinants and associated mech-
anisms of the decision-making process of buying a vaca-
tion home. As such, this study explored the relationships
between enduring involvement, destination familiarity, and
place attachment, as well as their roles as the antecedents
of the vacation home purchase intentions in tourist destina-
tions. First, we identified the indirect effect of the tourists’
destination familiarity on enduring involvement and place
attachment when it came to the durable luxury products of
vacation homes. In addition, our findings confirmed that
the air quality index positively moderated the relationship
between enduring involvement and place attachment. Finally,
this study contributes to the literature by examining the mod-
erating effect of destination familiarity on the relationship
between enduring involvement and place attachment, and
further identified the mediating effect of place attachment
between enduring involvement and purchase intention.

Considering the importance of vacation homes to firms
and economies, the findings of this study could contribute
to the development of innovative and practical understand-
ings of tourist behaviors. Our findings also provide several
managerial implications for the sustainable development of
travel destinations. In addition, our findings provide refer-
ences for policymakers to develop appropriate schemes to
attract potential buyers. For example, we found that the extent
of enduring involvement could significantly enhance place
preferences. Holding cultural events could induce a high
level of enduring involvement and further enhance the tourist
intention of vacation home purchase.

The proposed AKMC can identify potential buyers with
a high willingness-to-buy from a number of indifferent con-
sumers. Hence, advertisements can be sent to these correctly
identified potential buyers to reduce the potential problems of
advertisement fatigue. In summary, the empirical study can
provide explainable results of the driving factors behind the
purchase intention and the machine learning-based method
can provide a practical tool to identify potential buyers.
This study, compared to methods simply using the empir-
ical study results or the machine learning-based methods,
provides a more systematic way to investigate consumer
behaviors.

The management of negative perceptions represents one
of the major challenges for tourism planners and marketers
in a destination affected by disasters (e.g. hurricanes, floods,
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snowstorms) or pandemics (e.g. COVID-19 pandemic). Pre-
vious studies attempt to identify the relationship between
pandemics and panic consumption [50]-[52]). For example,
Prentice ef al. [50] report that panic consumption is identified
as one major ‘“‘side effect” of timed intervention in pandemics
by the government. In the context of tourism, ownership of
vacation homes influences the way tourists respond to the
post-COVID-19 pandemic in travel and tourism worldwide.
Tourists’ risk perception significantly influences their travel
decisions [52]. Moreover, Tourists’ past travel experiences,
specifically, their travel frequency, destination familiarity,
and personal affiliations to the destination, positively influ-
ence their revisit intention [53]. In particular, place attach-
ment enables tourists to reduce risks and enhance familiarity
with tourism destinations [13]. The holders of vacation homes
are much more likely to have higher visiting frequency, desti-
nation familiarity, and place attachment than those without a
vacation home at the destination. Thus, holders tend to have a
stronger sense of security and trust to the destinations of their
vacation home and may have a higher tendency to revisit the
destination post-COVID-19 pandemic. Accordingly, main-
taining contact with holders of vacation homes is a vital
way for destination marketing authorities to encourage visits
following an epidemic. Moreover, with more explanation
and patient persuasion, tourists from areas severely stricken
by pandemics may be attracted to purchase vacation homes
at sheltered destinations. Destination marketing authorities
need to recognize the demographic differences in response
to pandemic-related safety procedures when serving their
customers for a safe and enjoyable traveling experience.

VI. CONCLUSION

There is a growing trend in purchasing vacation homes in
China. To assess the potential impacts of the vacation homes
as a crucial tourism destination attraction, and to contribute
to the development of local tourism, this study develops
an integrated purchase intention model based on destina-
tion familiarity, enduring involvement, and place attachment.
In addition, a machine learning method AKMC is proposed
to help identify potential buyers.

This study makes three main contributions. First, the study
shows the relationships between destination familiarity,
enduring involvement, place attachment, and purchase inten-
tion of vacation homes. In addition, destination familiarity
and air quality are suggested to serve as the moderators
between enduring involvement and place attachment. Sec-
ond, an integrated method is developed for identifying the
potential buyers of vacation homes. The proposed method
effectively handles the imbalanced data and achieves a high
accuracy of identifying potential buyers. Lastly, an integrated
purchase intention model is generated. This study can serve as
areference to policymakers in developing cross-city or cross-
region tourism.

A few limitations should be taken into consideration
when applying the findings of the study to practical cases.
First, the small sample size might potentially affect the

212391



IEEE Access

F. Li et al.: Autoencoder-Enabled Potential Buyer Identification and Purchase Intention Model

TABLE 6. Sample Characteristics (n = 309).

Variable Frequency (%) Variable Frequency (%)
Gender Household structure

Male 115 (37.2) Single 121 (39.2)
Female 194 (62.8) Married with children 123 (39.8)
Age Married without children 25(8.1)
18-29 138 (44.7) Travel arrangement

30-39 115 (37.2) Package tour 33 (10.7)
40-49 35(11.3) Non-package tour 276 (89.3)
50-59 16 (5.2) Travel companion

60 or above 6(1.9) Friend 140 (45.3)
Education Family 242 (78.3)
Junior high school 18 (5.8) Colleague 34 (11)
Senior high school 14 (4.5) Solo 21(6.8)
College 50 (16.2) Previous trips to the destination

University 178 (57.6) 1 124 (40.1)
Master or above 49 (15.9) 2 87 (28.2)
Monthly disposable income (RMB) 3 42 (13.6)
Less than 5000 76 (24.6) 4 20 (6.5)
5001-8000 85(27.5) 5 14 (4.5)
8001-10000 45 (14.6) 6 or more 22 (7.1)
10001-15000 48 (15.5) Holding vacation homes

15001-20000 19 (6.1) Yes 121 (39.2)
20001-30000 22 (7.1) No 188 (60.8)
30001-50000 8(2.6) Purpose of holding vacation homes

above 50001 6(1.9) Relax 188(60.8)
Residency of seaside Invest 167(54)
Yes 101(33.3) Preretiment 186(60.2)
No 208(66.7) Retirement 106(34.6)

generalizability of the model. In addition, data in this study
was collected using questionnaires, which might lack quali-
tative support. Future studies can adopt user-generated media
data to further analyse consumers’ behaviour. Another limi-
tation of the study is that the data was only collected in the
context of vacation homes. Despite the limitations, the theo-
retical framework in this study can be applied in future studies
to investigate the effects of purchasing other products, such
as entertainment activities, tea, cuisine, and alcohol.

APPENDIX A
See Table 6.

APPENDIX B

SUPPLEMENTARY QUESTIONNAIRE

A. PLACE ATTACHMENT MEASUREMENT

1) PLACE DEPENDENCE

PA1 I do not find any other destination capable of
serving my needs better than the travel destination
(Hainan/Xiamen/Beihai/ Fangchengguang).

L iREER R ER (e R/EI/ALE/ )

212392

PA2 The settings and facilities provided by the travel desti-
nation are beyond compare

LR AR BMIR e KAt T T LR

PA3 1 enjoy the environment of the travel destination more
than in any other destination

BERERIL MR

2) PLACE IDENTITY

PA4 The travel destination (e.g. Hainan) seems to be a part
of me

L (tegn: &m) (HEERHN—D

PAS Visiting the travel destination enriches meaning of my
life

AR BN EX

PA6 1 identify with the image represented by the travel

destination
RIS E AR EHG

3) AFFECTIVE ATTACHMENT
PA7 T miss the travel destination (e.g. Hainan) a lot when
I am leaving it
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TABLE 7. Descriptive Statistics.

Variables Mean SD Variables Mean SD

PAl 521 2.15 SEl 461 278
PA2 4.89 235 SE2 464 291
PA3 5.32 2.64 SE3 461  3.08
PA4 4.69 2.67 SE4 445 318
PAS 5.01 2.48 SES 443 3.06
PA6 5.37 225 DF1 462 248
PA7 5.40 224 DF2 451 298
PAS 5.16 2.50 DF3 444 3.09
PA9 5.37 2.17 FI1 466 250
HEDI 5.33 2.26 FI2 458 283
HED2 5.05 2.56 FI3 454 3.00
HED3 5.03 2.59 PII 569 212
HED4 4.93 2.98 P12 512 269
HED5 527 245 P13 449 353

Temperature  12.15 68.97 AQID 36.67 1051.21

Notes: SD = standard deviation

LREFEN, RRETUS (ten: &)

PA8 T am emotionally attached to the travel destination
PR XD

PA9 I am passionate about visiting the travel destination
BB T BVE

B. ENDURING INVOLVEMENT MEASUREMENT

1) HEDONIC COMPONENTS

HED1 I am interested in purchasing vacation homes

B X ERERNE

HED2 Purchasing vacation home is fun

LEBRFERREBNES

HED3 Purchasing vacation home is fascinating

LEREFB—HREANEERNEE

HED4 Ifeel exciting when thinking about owning a vacation
home

1B LERBRELL Y

HEDS5 Purchasing vacation home is appealing

ERENHEKGEIRERIN

2) SELF-EXPRESSION COMPONENTS

SE1 Vacation home can portray an image of me to others
EREREMN AR EBRNER

SE2 Vacation home is part of my self-image
BrEeaRERN—EY

SE3 I can use vacation home tells others about me
TBEE~EE CRASL A

SE4 Others can use my vacation home to judge me
HABATT DUBIS 3 B AR 5 ST 3,

VOLUME 8, 2020

SE5 Vacation home tells me about a person
BEEBEANEZET B A

3) DESTINATION FAMILIARITY MEASUREMENT

DF1 I am more familiar with the destination (e.g. Hainan)
than other tourists

BICHMFEE T BIZE /MM (ki &F)

DF2 I am more familiar with the travel destination than my
friends

BEBRABARAE T Bz mRiE B Aot

DF3 Tam more familiar with the destination than those who

travel frequently
HEEMELE ZHAET BiZE Mt

4) FUTURE INTENTION MEASUREMENT

F11 T will visit the travel destination (e.g. Hainan) within
two years

BSE 2EMABRIZREE MM (b &8)

F12 1 will recommend the travel destination to others

B E AR B At F LN A

F13 I will post positive word-of -mouth to others about the

destination
Kok m—EiZikEENMNEENERAEMA

5) PURCHASE INTENTION MEASUREMENT

P11 T would like to purchase vacation home at the travel
destination

BREIZARE B L ERE.

P12 To purchase vacation home at the destination, I actively
obtain multiple information

AT FEZHRE B R TERE, BRIRRAIRIES.

P13 Tan viewing house at the destination

BEZREBNBET RS EREEE.

APPENDIX C
See Table 7.
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