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A B S T R A C T

The paper aims to investigate the relationship between tourism seasonality, online user ratings and the de-
terminants of hotel prices based on the hedonic price model using the online dataset of hotels in Sanya, China.
The empirical results of ordinary least squares (OLS) and quantile regressions both show that hotel prices are
highly related to tourism seasonality. Compared to the low season, hotel prices increase by 23.1% in the high
season and by 159.9% during Chinese New Year. Online user ratings demonstrate heterogeneous impacts on
both location and time dimensions in hotel pricing. The quantile regressions further indicate that hotels with
higher prices are less sensitive to seasonality and that the online user rating plays a more important role for mid-
and low-priced hotels by mitigating the negative seasonal effects on hotel prices. Our findings provide new
evidence supporting the current literature and offer useful implications for hospitality management.

1. Introduction

Tourism is a major industry in many cities, and the hotel industry
usually contributes the most to tourism revenue (Hung et al., 2010).
Hotel prices fluctuate greatly with seasonality (Juaneda et al., 2011),
especially during peak periods such as holidays and major events
(Herrmann and Herrmann, 2014). Seasonality is a problematic aspect
for many tourist destinations (Jang, 2004) and usually refers to a
temporal imbalance in demand that may be expressed in terms of the
number of tourists, their expenditure, and the number of nights booked
at a hotel (Butler, 2001). Since in tourist destinations, hotel pricing
varies with tourism demand, analyzing the changes in hotel prices
provides a useful approach to examine tourism seasonality. The pro-
ducts and services provided by a hotel are heterogeneous, and thus
hotel prices are influenced by many factors. The hedonic price model
assumes that heterogeneous products comprise inherent characteristics,
and the model is widely applied to studies on pricing determinants
(Lancaster, 1966; Rosen, 1974; Thrane, 2007; Alegre et al., 2013). This
paper investigates the influence of factors related to the inherent
characteristics on hotel prices in different periods to reflect the effects
of seasonality based on the hedonic price model.

With the rapid development of social media and technological
platforms, online booking is prevalent in the hospitality sector. Tourists

are increasingly relying on online ratings to make accommodation
purchase decisions (Gavilan et al., 2018), and the role of online re-
putation is becoming more and more important in hotel pricing
(Anderson, 2009; Schamel, 2012; Serra and Salvi, 2014). Some scholars
have noticed the impact of online user ratings on hotel prices
(O’Connor, 2010; Casaló et al., 2015) and have analyzed its moderating
effect between locational characteristics and hotel prices (Yang et al.,
2016). However, online user ratings may also demonstrate hetero-
geneous impacts on the time dimension when considering the season-
ality of tourism. On the one hand, demand for a hotel is extremely high
during peak seasons, such that many tourists must book hotels in ad-
vance. Online booking is convenient, and increasing numbers of tourists
are inclined to book hotels via the internet (Blomberg-Nygard and
Anderson, 2015). If online booking in advance is the choice of most
tourists during the high season, then online user ratings will have
greater impacts on hotel premiums. On the one hand, previous studies
have shown that hotels with good reputations, such as those belonging
to a branded chain, are less affected by tourism seasonality (Espinet
et al., 2012). Online user rating is also a reflection of the hotel’s re-
putation, and whether it has a similar heterogeneous effect needs to be
further discussed. However, the possible heterogeneous impacts caused
by online user ratings have been overlooked in most of the relevant
literature.
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To fill this research gap, our paper employs a hedonic price model to
identify the determinants of hotel prices and their impacts during dif-
ferent periods and further investigates the heterogeneous impacts of
online user ratings on time dimensions based on a dataset from Sanya,
China. Sanya, located in Hainan Province, is one of the largest sun-and-
sand holiday resorts in China. Since China is the world’s most populous
country, research based on the Chinese tourist market will provide
important implications for tourism and hospitality management.
Additionally, most studies based on the hedonic price model are con-
ducted using ordinary least squares (OLS) regressions, which do not
reflect the changes in variables in different quantiles. We introduce
quantile regressions into our analysis of hotel prices to solve this pro-
blem, and empirical studies employ both OLS and quantile regressions.
In general, our paper makes the following contributions. First, we dis-
cuss the seasonality of tourism through the changes in hotel prices and
provide a complete description of the determinants of hotel prices in
different periods using quantile regressions. Second, this paper in-
vestigates the heterogeneous impacts of online user ratings, including
the moderating effect on the hotel’s locational characteristics and the
heterogeneity of tourism seasonality, which is rarely mentioned in the
existing literature. Third, this is one of the first attempts to introduce
the hedonic price model into tourism and hospitality research in China,
and the extraordinary peak seasons formed by the tremendous Chinese
tourist market will provide new evidence for the current research. The
remainder of this paper is organized as follows. Section 2 provides a
brief review of previous relevant studies. Section 3 outlines the fra-
mework of our study. Section 4 presents our empirical study and its
main findings. Section 5 is the conclusion.

2. Literature review

Hedonic price theory was created and developed over decades to
identify the implicit prices embedded in heterogeneous products. There
are two main approaches that have contributed to the theoretical work
on hedonic prices (Chau and Chin, 2003): one approach is derived from
Lancaster’s (1966) consumer theory, and the other approach comes
from the model put forward by Rosen (1974). Both approaches em-
phasize that heterogeneous products comprise a myriad of inherent
attributes. Consumer demand for goods is not based on the products
themselves but rather on the characteristics/attributes contained in the
products; the combination of these attributes affects the utility of con-
sumers and thus influences consumers’ willingness-to-pay (Lancaster,
1966; Rosen, 1974). Since the characteristics/attributes of hetero-
geneous products have implicit prices that cannot be directly observed,
the hedonic price model provides a method of calculating those implicit
prices and is widely used in many fields related to the pricing of pro-
ducts, especially in the study of urban real estate prices and the as-
sessment of nonmarket or public goods components (Goodman, 1978;
Malpezzi, 2002; Sirmans et al., 2005).

The hedonic price model has been applied in tourism and hospitality
research as well. Scholars have employed the hedonic price model to
analyze the pricing of package tours (Thrane, 2005, 2007; Rigallitorrent
and Fluvià, 2011; Alegre et al., 2013), ski-lift ticket prices (Falk, 2008),
and hotel room prices (Espinet et al., 2003; Monty and Skidmore, 2003;
Lee and Jang, 2011; Juaneda et al., 2011). The implicit prices estimated
by the hedonic price model reflect real consumer willingness-to-pay,
which offers a relatively objective way to analyze the determinants of
hotel prices. Previous studies based on the hedonic price model have
focused on many aspects of hotel characteristics (Callan, 1998; Israeli,
2002; Zhang et al., 2011; Lee and Jang, 2012; Alegre et al., 2013; Yang
et al., 2016). Generally, the attributes related to hotel prices could be
categorized into internal and external factors (Chen and Rothschild,
2010). Internal factors contain the facilities and services provided by
the hotel, and the relevant attributes include but are not limited to, the
following factors: franchising/chain (Wu, 1999; White and Mulligan,
2002); star rating (Thrane, 2007; Israeli, 2002); hotel age (Hung et al.,

2010); scale (White and Mulligan, 2002; Alegre et al., 2013); hotel
amenities, such as a swimming pool (Rigallitorrent and Fluvià, 2011;
Yang et al., 2016), parking lot (Espinet et al., 2003) and fitness center
(Andersson, 2010; Chen and Rothschild, 2010); and internet accessi-
bility (Schamel, 2012). External factors refer to the location char-
acteristics of the hotel, such as the distance from the airport (Lee and
Jang, 2011), the distance to the center of the tourist resort (Alegre
et al., 2013) and the hotel’s surroundings (Rigallitorrent and Fluvià,
2011).

In addition to internal and external factors, seasonality and online
user ratings are very much related to hotel room prices and have been
discussed in relevant literature (O’Connor, 2010; Espinet et al., 2012;
Yang et al., 2016). The impact of seasonality on hotel prices is obvious
and has been verified by many studies (Juaneda et al., 2011;
Rigallitorrent and Fluvià, 2011). Some studies have further explored
the relationship between seasonality and pricing strategies for different
hotels and shown more interesting findings. For example, scholars have
noted that hotels with higher star rating or hotels that belong to a
branded chain usually offered fewer discounts in the off-season, in-
dicating smaller seasonal price variations, even in sun-and-beach des-
tinations (Espinet et al., 2012; Becerra et al., 2013), whereas lower-
quality hotels would offer more frequent discounts in the low season
(Lee and Jang, 2013). However, tourism seasonality is not the focus of
most hotel pricing research, and relevant studies either avoid the sea-
sonality effect by using data from a single, specific period (Andersson,
2010; Schamel, 2012) or control for the time effects but do not delve
into the interaction between seasonality and the hotel’s characteristics
(Masiero et al., 2015). In addition, the study of the seasonality caused
by peak periods, such as holidays and major events, has been over-
looked to some extent. Herrmann and Herrmann (2014) studied the
changes in the price of rooms during Oktoberfest in Munich and found
that the event affected the daily price level as well as price differentials
among hotels and that prices differ across hotels mainly due to the star
category and the proximity to the event. However, discussions of
tourism seasonality and hotel prices remain limited and must be further
explored.

On the other hand, online user ratings and reviews are becoming
increasingly important in tourism and hospitality research, as is the
popularity of online booking in the hospitality industry. Online user
ratings can significantly affect customers’ attitude toward a hotel as
well as their purchasing decisions (Vermeulen and Seegers, 2009;
Sparks and Browning, 2011; Chan et al., 2017; Gavilan et al., 2018) and
is very much related to hotel room price (Anderson, 2012; Zhang et al.,
2011; Phillips et al., 2017). As a kind of quality signal, online user
ratings reflect the reputation of a hotel, and thus a higher online user
rating would generate a higher premium (Zhang et al., 2011; Yacouel
and Fleischer, 2011; Phillips et al., 2017). The aforementioned studies
also pointed out that the impact of online user rating on hotel room
price was heterogeneous, that it would be stronger for a midscale
property than for a luxury hotel (Anderson, 2012). Online user ratings
would also show moderating effects on locational characteristics. For
example, Yang et al. (2016) found that low market accessibility leads to
lower hotel prices, but this influence could be mitigated by a positive
reputation as represented by online user ratings. However, their study
did not investigate the heterogeneity of online user ratings while con-
sidering the time dimension. The possible heterogeneous impacts of
online user ratings on hotel prices during different periods are over-
looked in most studies, and there is no in-depth discussion of the re-
lationship between online user ratings and tourism seasonality.

Additionally, current research based on the hedonic price model is
mostly conducted using ordinary least squares (OLS) regressions. This
approach can only provide an incomplete description of a conditional
distribution (Mosteller and Tukey, 1977) and cannot obtain the coef-
ficients of the independent variables for the entire regression as a
function of the change in hotel prices. The quantile regression proposed
by Koenker and Bassett (1978) can somewhat address this problem.
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Compared to the OLS method, quantile regression is less sensitive to
outliers and more efficient when the error term is non-normal
(Buchinsky, 1998). For the study of hotel prices, quantile regression
provides a more flexible and complete characterization of the de-
terminants of hotel prices at the higher and lower tail of the distribution
(Hung et al., 2010; Masiero et al., 2015). Huang et al. (2010) applied
the quantile regression approach to investigate the major determinants
of hotel room pricing strategies and reported some detailed findings;
specifically, that factors such as hotel age and market conditions were
the only significant determinants in the high-price category. Thus, to
provide a complete description of the determinants of hotel prices in
different periods, it is necessary to conduct the hedonic price model
using quantile regressions.

In summary, research on the determinants of hotel prices is rich, but
tourism seasonality is one of the least concerned aspects, especially
involving the study of peak periods. Online user ratings have significant
impacts on hotel prices, whereas their heterogeneous impacts, espe-
cially those on the time dimension, are rarely mentioned in most stu-
dies. On this basis, our research focuses on the following questions yet
to be explored: i) how does tourism seasonality, especially the season-
ality caused by holidays and major events, affect hotel prices? and ii)
what is the role of online user ratings in hotel pricing? Are there any
heterogeneous impacts, especially the heterogeneous impacts on the
time dimension, when considering tourism seasonality? The hedonic
model provides an appropriate approach to address these issues.
Moreover, applying quantile regressions to the hedonic price model can
further reveal the differentiated effects of seasonality and online user
rating along the distribution of hotel prices. Thus, our study employs
the hedonic price model with quantile regressions to analyze the re-
lationship among tourism seasonality, online user ratings and the de-
terminants of hotel prices.

3. Research design and data collection

We use the dataset of hotels in Sanya, China, to conduct this study.
Sanya, located in the southernmost part of Hainan Province, is the most
important island tourist destination in China. Sanya is a tropical marine
monsoon climate zone, with an average annual temperature of 25.7 °C.
There are some famous bays in Sanya, including Sanya Bay, Coral Bay,
Yalong Bay, Yazhou Bay, Dadonghai Beach, Haitang Bay, Sunny Bay
and others. Sanya welcomes a large number of tourists each year and is
known as the “Chinese Hawaii.” The main tourist market for Sanya is
China, and 96% of overnight visitors were from China in 2017, ac-
cording to the statistical data of the Sanya Statistics Bureau. However,
because of the climate, tourism in Sanya reveals the effects of season-
ality. Fig. 1 demonstrates the number of overnight visitors and the
average hotel occupancy rate for each month in 2017. The peak season
continues from November through April of the following year. During
these months, most cities in China are relatively cold and tourists prefer
to go on vacations in Sanya. During Chinese New Year, Sanya is usually
the first choice for most family vacations, forming the highest peak of
tourism in Sanya. However, from May to October the number of tourists
and the average hotel occupancy rate in Sanya both decrease to some
extent due to its hot weather. Thus, Sanya is a typical case study of
tourism seasonality and tourist markets in China.

There are more than 3000 hotels in Sanya, but most hotels have no
star rating. To follow a unified evaluation standard, we chose three-star,
four-star and five-star hotels in Sanya as our samples. We obtained a list
of 346 hotels from an online travel agency in China using the website
www.ctrip.com, including 122 three-star hotels, 93 four-star hotels and
131 five-star hotels. To measure the dependent variable, hotel price, we
used the average daily room price for one week to reduce the random
fluctuation that occurs in a single day. Considering that the hotel
booking price fluctuates with time and that different rooms have dif-
ferent prices, we searched on Ctrip.com for the one-week advance-
booking price and collected the lowest price for double occupancy as

the daily room price. We used these data to calculate the average room
price for one week. To reflect tourism seasonality in Sanya, we selected
three different one-week stays: 25–31 January 2018 (high season),
15–21 February 2018 (Chinese New Year) and 7–13 May 2018 (low
season). For the 346 selected hotels, we obtained their room prices
during the above three periods, yielding a set of 1033 observations after
removing the missing values.1

The independent variables used in the hedonic price model can be
classified into internal and external attributes. The external attributes
refer to the hotel location and the tourist resources surrounding the
hotel, as suggested in previous studies (Espinet et al., 2003; Lee and
Jang, 2011; Rigallitorrent and Fluvià, 2011; Alegre et al., 2013). We
therefore assess the following three external factors:

Distance from the airport. The distance between the hotel and the
airport reflects the accessibility of the hotel. As the distance increases,
hotel prices should decrease, according to the studies of Lee and Jang
(2011) and Alegre et al. (2013). This variable is measured by the
straight-line distance between the hotel and the airport on the map in
kilometers.

Distance to the center of the tourist resort. Hotel rates around the core
tourist resort are usually higher (Alegre et al., 2013). Sanya, as a tourist
destination, has numerous tourist resorts. Among them, Yalong Bay is
the most famous and attracts the majority of the tourists in Sanya. We
measure the straight-line distance between the hotel and Yalong Bay on
the map in kilometers as the proxy variable.

Beach. The number of beaches around the hotel has a positive effect
on prices (Espinet et al., 2003; Rigallitorrent and Fluvià, 2011; Alegre
et al., 2013). Since the famous beaches in Sanya are scattered, we use a
dummy variable representing whether there is a beach near the hotel as
the measure. Specifically, beach= 1 means that within 2 km of the
hotel there is at least one of the well-known beaches in Sanya, including
Sanya Bay, Yalong Bay, Dadonghai Beach, Haitang Bay, and Wuzhizhou
Island; otherwise, beach=0.

The internal attributes refer to the star rating, the affiliation with
hotel chains, hotel age, the number of rooms, hotel amenities and other
factors (White and Mulligan, 2002; Espinet et al., 2003; Thrane, 2007;
Hung et al., 2010; Chen and Rothschild, 2010; Yang et al., 2016). Star
rating, as a universal rating system, is correlated with hotel attributes,
such as the hotel’s size, facilities, services, and room prices. As a result,
there is a multicollinearity between the star rating and the internal
attributes of the hotel (Thrane, 2005). Thus, the star rating is not used
as an independent variable in our paper. The selected internal attributes
are as follows:

Chain: A dummy variable representing whether the particular hotel
belongs to a chain. If the hotel is a chain affiliation, then the dummy
variable is chain= 1; otherwise, chain=0. According to the study
conducted by Yang et al. (2016), we define a hotel as a chain if the
parent company holds more than 30 individual hotels.

Hotel age: A variable measuring the years during which the hotel has
been operational (Hung et al., 2010).

No. of rooms: A variable showing the total number of rooms avail-
able in the hotel (White and Mulligan, 2002; Alegre et al., 2013).

Room size: A variable referring to the area of the double occupancy
room, measured using square meters (Heo and Hyun, 2015).

Breakfast: A dummy variable indicating the availability of a free
breakfast (Chen and Rothschild, 2010; Lee and Jang, 2011); break-
fast = 1 indicates the availability of a free breakfast, and breakfast= 0
indicates no free breakfast.

Pool: A dummy variable indicating the presence of a swimming pool
in the hotel (Andersson, 2010; Chen and Rothschild, 2010;
Rigallitorrent and Fluvià, 2011; Yang et al., 2016); if there is a

1 Three hotel price data points during the 15-21 February period and two
hotel price data points during the 7-13 May period are missing; as a result, there
are five missing values in total.
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swimming pool on-site, then pool= 1; otherwise, pool=0.
Spa: A dummy variable indicating the presence of a spa at the hotel.

If there is a spa on-site, then Spa=1; otherwise Spa=0.
Fitness: A dummy variable indicating whether there is a fitness

center in the hotel (Andersson, 2010; Chen and Rothschild, 2010); fit-
ness= 1 indicates that the hotel has a fitness center, and fitness= 0
indicates that no fitness center is available.

Children: A dummy variable indicating whether there are facilities
for children in the hotel; children = 1 indicates the presence of facilities
for children, and children = 0 indicates that there are no such facilities.

Parking: A dummy variable indicating the presence of a parking lot
(Chen and Rothschild, 2010). If there is a parking lot on site, then
parking= 1; otherwise, parking=0.

In addition to the internal and external attributes, our study mainly
focuses on the impacts of tourism seasonality and online user ratings.
Tourism seasonality can be measured during the selected periods. Here,
Period is a nominal variable showing the week associated with the room
price (Rigallitorrent and Fluvià, 2011; Yang et al., 2016), namely:
period= 1 for the week of January 25–31, 2018, representing the high
season of tourism in Sanya; period= 2 for the week of February 15–21,
2018, when Chinese New Year occurs; period= 3 for the week of May
7–13, 2018, reflecting the comparatively low season for tourism in
Sanya.

Online user ratings are indicative of the word-of-mouth effect and
reputation (O’Connor, 2010; Yang et al., 2016). The data from the
hotel’s online user ratings can be obtained from customer reviews at the
website Ctrip.com, and the scale for the reviews ranges from 1.0 to 5.0,
continuously. However, the ratings on Ctrip.com are highly clustered,
with most hotels falling within the range of 4.0 and 4.8. Thus, it is
better to normalize the initial online user rating data. We use the z-
score method, and the normalization process is shown in Eq. (3.1).
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where, ai is the initial online user rating collected from Ctrip.com, zi is
the normalized online user rating, and ā and s represent the arithmetic
mean and standard deviation, respectively.

On this basis, a semilogarithmic specification of the hedonic price
model can be established in Eq. (3.2). The model is:

= + + + …+ +Ln y α β x β x β x μ( ) ,i i i k ki i1 1 2 2 (3.2)

where yi represents the average daily room price in the selected period.
We employ a semilogarithmic model to build a stable linear relation-
ship, while the natural logarithm form of hotel price (lnPi) is used in the
estimations. Independent variables are represented by xki, in which the
continuous variables, such as the distance from the airport (Lnairport),
the distance to the center of the tourist resort (Lnresort), and the room

size (Lnsize), are used in the natural logarithm forms as well. The
coefficients of xki are represented by βk.

We further examine the detailed relationship between hotel price
and selected variables based on the quantile regressions. The quantile
regression is used to estimate the conditional median function, which is
obtained by minimizing the sum of absolute residual instead of the
squared residual as performed by the OLS method (Hallock and
Koenker, 2001). Thus, the basic quantile regression can be written as
follows:

∑ ∑

∑ ∑

= − +

+ − − +
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θ Ln y α β θ x

( | ) ( ) ( )
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where ∈θ (0,1) is the estimated conditional quantile, Q y x( | )θ i ik re-
presents the θth conditional quantile of yi given xik. β θ( )k represents the
vector of parameters to be estimated.

A summary of the selected variables and their descriptive statistics
are listed in Table 1. The descriptive statistics reveal some basic in-
formation about the samples. For example, only 18.3% of the hotels are
affiliated with a hotel chain in the sample, and 70% have at least one
beach nearby. Additionally, 18.9% of the hotels offer free breakfast to
the customer, and 72.9% have a swimming pool. A fitness center can be
found in 62.8% of hotels, and a spa is available in 57% of hotels. Fa-
cilities for children are offered by 43% of hotels, and 81.8% of hotels
have a parking lot. The average online user rating is 4.524, reflecting a
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Fig. 1. The number of overnight visitors and the average hotel occupancy rate for each month in 2017.
Source: The data were obtained from the Sanya Statistics Bureau.

Table 1
Descriptive statistics of variables.

Variable Description Mean Std. Dev.

LnPi The logarithm of the average daily room price
in one week

6.558 0.849

Lnairport The logarithm of the distance from the airport 2.537 0.852
Lnresort The logarithm of the distance to the center of

the tourist resort (Yalong Bay)
2.605 0.960

beach Whether there is a beach near the hotel 0.700 0.460
chain Whether the hotel belongs to a chain 0.183 0.387
age The years that the hotel has been operating 5.733 4.960
LnNOR The logarithm of the number of rooms

available
4.830 1.071

Lnsize The logarithm of room size 3.754 0.589
breakfast Whether the price includes a free breakfast 0.189 0.392
pool Whether the hotel has a pool 0.729 0.451
Spa Whether the hotel has a spa 0.570 0.501
fitness Whether the hotel has a fitness center 0.628 0.484
children Whether the hotel has children facilities 0.430 0.495
parking Whether the hotel has a parking lot 0.818 0.386
rating The online user rating of the hotel 4.524 0.363
z_rating The normalized online user rating of the hotel −0.0026 1.0006
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relatively high customer satisfaction with the hotels in Sanya.

4. Empirical findings

We first examine the hotel’s hedonic price in the three different
periods with OLS regressions. Models 1–3 are conducted based on the
data in January, February and May, respectively, and the regression
results are shown in Table 2. Models 1–3 are employed with all the
independent variables selected in Section 3. Some variables, including
Lnairport, age, LnNOR and pool are not significant in these models, and
their results are not listed in Table 2. The adjusted R2 of Models 1–3 are
0.671, 0.655, and 0.571, respectively. We also tested the variance in-
flation factor (VIF) of each variable. The values of centered VIF are
much smaller than 10, which suggests that the problem of multi-
collinearity is not serious, and the correlations between variables would
be acceptable in our study.

In general, the regression results indicate that the distance to Yalong
Bay and the accessibility to beaches can significantly influence hotel
price. The variable Lnresort, which is measured by the distance to
Yalong Bay, is significant at a 1% level, with the coefficients of -0.177,
-0.177 and -0.122 in the different periods, indicating that with a 1%
decrease in the distance to Yalong Bay, the hotel price will increase by
0.177% in January and February and by 0.122% in May. Accessibility
to the beach can also significantly increase hotel rates, given that cus-
tomers are willing to pay more for a hotel with a beach nearby.
Additionally, the variable representing the distance from the airport is
not significant, which is probably because most of the hotels in the
samples provide pick-up service and customers are less sensitive to the
distance from the airport.

Regarding the internal attributes, chain, room size, breakfast and spa
all have significant impacts on hotel rates in all three periods. Fitness
center, facilities for children and parking lot also have significant impacts

during either one or two periods. According to the results, the room
price of a chain hotel is approximately 16.7% higher than that of an
unaffiliated hotel; for every 1% increase in room size, the hotel price
increases between 0.490% and 0.552% during various periods. If the
hotel provides a free breakfast, hotel rates will increase by approxi-
mately 25%. Additionally, the amenities, such as the spa, fitness center,
facilities for children and parking lot, will also raise the hotel rates to
some extent. The normalized online user ratings are significant at the
1% level, and the coefficients in Models 1–3 are 0.142, 0.182 and
0.066, respectively, which means an increase in the normalized rating
results in a hotel price increase of 14.2% in January, 18.2% in February
and 6.6% in May. This finding indicates that online user ratings have a
positive impact on hotel prices, and the extent of this impact may vary
in different periods.

Model 4 is conducted using all the samples in the three periods, in
which the low period (period= 3) is the reference group and the other
two periods are set as independent variables (period= 1 and period=
2). The results are also shown in Table 2. The adjusted R2 is 0.777,
showing a better fitting model. In Model 4, the variables in period= 1
and in period= 2 are both significant at the 1% level. The coefficient of
period= 1 is 0.231, indicating that hotel prices would be 23.1% higher
in the high season (January) than in the low season (May). The coef-
ficient of period= 2 is 1.599, showing that during Chinese New Year,
hotel prices increased by 159.9%, more than twice the cost in the low
season (May). The results illustrate the seasonality of Sanya's hotel
prices. On the one hand, the hotel rates in the off-season are lower
compared to the peak season; on the other hand, hotel prices increase
sharply during Chinese New Year. The estimation results of the other
variables are very similar to those of Models 1–3, Lnresort, beach, room
size and z_rating, and the other hotel amenities all have significant im-
pacts on hotel rates.

We further employ the interactive models to assess the hetero-
geneous impacts of online user ratings on both location and time di-
mensions. We establish four interaction terms between online user
rating and other variables, namely: 1) rating×January, representing
z_rating multiplied by period= 1; 2) rating×February, representing
z_rating multiplied by period= 2, to reflect the heterogeneous effect on
tourism seasonality; 3) rating×resort, representing z_rating multiplied
by Lnresort; and 4) rating×beach, representing z_rating multiplied by
beach, to measure the moderating effect on locational characteristics.
Models 5–8 are conducted using the four interaction terms, respec-
tively. The results are shown in Table 3.

The interaction term rating×January in Model 5 is significantly
positive at the 1% level, and the coefficient is 0.007, which indicates
that if the online user rating of a hotel increases by 1%, the hotel room
price will increase by an additional 0.7% in the high season. The
coefficient of rating×February is 0.089 in Model 6, showing that if the
online user rating of a hotel increases by 1%, the hotel room price will
increase by an additional 8.9% during Chinese New Year. In other
words, the hotel with a higher online user rating will raise its room
price even more during peak seasons. This increase may be because
tourists usually choose to book hotels on the internet in advance during
peak seasons, and the impact of online user ratings will be greater. The
coefficient of rating×resort is 0.058, while the coefficient of Lnresort is
-0.163 in Model 7, indicating that a higher online user rating would
mitigate the negative effect of Lnresort. Specifically, if a hotel’s online
user rating increases by 1%, the negative impact of the distance from
Yalong Bay on hotel prices will be weakened by 5.8%. This result means
that a well-established online reputation can mitigate the negative
impact of a hotel’s location to some extent, which is consistent with the
findings of Yang et al. (2016). The interaction term rating×beach is not
significant in Model 8, meaning that the level of the online user rating
cannot influence the beach’s impact on hotel rates.

The hedonic price models with quantile regressions are further
conducted with the entire dataset. We use the 10th, 25th, 50th, 75th, and
90th quantiles to provide a relatively complete characterization of the

Table 2
The estimation results of the hedonic price models with OLS [LnPi= dependent
variable].

Variable Model 1:
January

Model 2:
February

Model 3: May Model 4: all
samples

Coefficient
(t-value)

Coefficient
(t-value)

Coefficient
(t-value)

Coefficient
(t-value)

Lnresort −0.177***
(-7.581)

−0.177***
(-7.233)

−0.122**
(-5.095)

−0.159***
(-11.461)

beach 0.122**
(2.396)

0.201***
(3.792)

0.112**
(2.337)

0.148***
(4.926)

chain 0.167***
(2.957)

0.166***
(2.772)

0.168***
(2.899)

0.167***
(4.964)

Lnsize 0.545***
(13.563)

0.552***
(13.158)

0.490***
(11.924)

0.529***
(22.248)

breakfast 0.259***
(4.436)

0.259***
(4.261)

0.250***
(4.176)

0.256***
(7.410)

Spa 0.157***
(2.989)

0.187***
(3.409)

0.146***
(2.708)

0.163***
(5.249)

fitness 0.101*
(1.673)

0.153**
(2.438)

0.045
(0.733)

0.100**
(2.796)

children 0.206***
(3.622)

0.062
(1.050)

0.118**
(2.035)

0.129***
(3.832)

parking 0.056
(0.867)

0.019
(0.279)

0.151**
(2.287)

0.075*
(1.965)

z_rating 0.142***
(5.586)

0.182***
(6.890)

0.066**
(2.532)

0.130***
(8.656)

Period=1 0.231***
(2.902)

Period=2 1.599***
(35.082)

Constant 4.052***
(21.417)

5.169***
(26.206)

4.043***
(20.949)

4.092***
(36.144)

Adjust R2 0.671 0.655 0.655 0.777
N 346 343 344 1033

Notes: T-statistics are shown in the brackets. ***, ** and * denote significance at
the 1, 5, and 10% level, respectively.

X. Wang et al. International Journal of Hospitality Management 79 (2019) 140–147

144



determinants of the hotel prices. According to our samples, the 10th,
25th, 50th, 75th, and 90th quantiles of the average hotel room prices
represent 40USD, 60USD, 100USD, 180USD and 350USD, respectively.
The results at the different quantiles are shown in Table 4. The coeffi-
cients of Lnairport and age are not significant in all conditional quantiles
and not listed in the table.

The results of quantile regressions are consistent with the OLS re-
gressions in general but also have different effects in some respects. The
positive impact of period= 1 does not emerge when the quantile re-
gression is evaluated at the 90th quantile, showing that hotels with
higher prices are less sensitive to seasonality. Meanwhile, period= 2 is
significantly positive in all conditional quantiles, indicating that all
hotels would sharply raise room prices during Chinese New Year. The
coefficient gradually decreases with an increase in hotel prices, showing
that the increase in the hotel rates during Chinese New Year is even
greater for low-priced hotels.

Regarding the internal attributes, the impacts of chain, room size,
breakfast and spa are larger in the high-priced hotels than in the mid-
and low-priced hotels, which reveals that the higher the price of the
hotel, the higher the revenue generated by its chain and the hotel
amenities. Although the impact of pool is not significant when con-
ducting OLS regressions, this variable shows a positive impact on hotel
prices in quantile regressions. The impact of pool becomes increasingly
significant with a decrease in hotel rates, indicating that for the low-
priced hotels, providing a swimming pool in the hotel would generate a
more marginal effect on hotel rates. The number of rooms also shows
significantly positive effects in low-priced hotels, mostly because the

number of rooms is related to the hotel scale, and an increase in hotel
scale would drive up room rates to some extent for low-priced hotels.

The impacts of online user ratings are significantly positive; thus, a
well-established online reputation brings a greater premium to all ho-
tels. The interaction term rating×January only has a significant positive
effect on mid- and low-priced hotels, indicating that online user ratings
are more important for these hotels in coping with seasonality. The
interaction term rating×February shows the significant impact on hotel
rates in all quantiles, and its coefficient increases with the quantiles.
This result means that during Chinese New Year, the impacts of the
online user rating on room rates would be greater for high-priced ho-
tels. The impacts of rating×resort are significantly positive in all con-
ditional quantiles. The coefficient first increases with the rise in hotel
prices, and then decreases to 0.011 after the quantile regression is
evaluated at the 75th quantile hotel. This result means that the online
user rating can mitigate the negative impact of the distance from
Yalong Bay on hotel prices, and these moderating effects are greater for
mid-priced hotels. From the above results, it can be inferred that a well-
established online reputation is much more important for mid- and low-
priced hotels. High-priced hotels can release quality signals through
star ratings and brands, and thus the impact of online user ratings is
limited.

5. Conclusions

This paper discusses the relationship between tourism seasonality,
online user ratings and the determinants of hotel prices in Sanya using a

Table 3
The estimation results with interaction terms [LnPi= dependent variable].

Variable Model 5:
rating×January

Model 6:
rating×February

Model 7:
rating×resort

Model 8:
rating×beach

Coefficient
(t-value)

Coefficient
(t-value)

Coefficient
(t-value)

Coefficient
(t-value)

Period=1 0.233***
(2.899)

0.233***
(2.989)

0.233***
(2.955)

0.232***
(2.895)

Period=2 1.558***
(35.786)

1.559***
(34.477)

1.562***
(35.807)

1.559***
(35.253)

Lnresort −0.153***
(−10.439)

−0.152***
(−10.846)

−0.163***
(−10.044)

−0.160***
(−11.463)

beach 0.153***
(4.997)

0.156***
(5.078)

0.158***
(5.321)

0.142***
(4.786)

chain 0.167***
(5.019)

0.166***
(4.951)

0.164***
(4.947)

0.167***
(4.965)

Lnsize 0.526***
(22.252)

0.525***
(22.401)

0.524***
(22.314)

0.528***
(22.248)

breakfast 0.256***
(7.411)

0.257***
(7.536)

0.258***
(7.569)

0.256***
(7.467)

Spa 0.164***
(5.318)

0.165***
(5.432)

0.166***
(5.410)

0.163***
(5.307)

fitness 0.099***
(2.797)

0.099***
(2.796)

0.098***
(2.787)

0.100**
(2.768)

children 0.130***
(3.902)

0.131***
(3.971)

0.132***
(3.982)

0.128***
(3.827)

parking 0.074**
(1.949)

0.075**
(1.973)

0.075**
(1.975)

0.075*
(1.965)

z_rating 0.308***
(6.739)

0.298***
(7.183)

0.310***
(6.497)

0.165***
(7.367)

rating×January 0.007*
(1.871)

rating×February 0.089***
(3.100)

rating×resort 0.058***
(5.048)

rating×beach 0.001
(0.050)

Constant 4.121***
(36.732)

4.099***
(34.878)

4.027***
(35.890)

4.090***
(36.057)

Adjust R2 0.778 0.782 0.784 0.777
N 1033 1033 1033 1033

Notes: T-statistics are shown in the brackets. ***, ** and * denote significance at the 1, 5, and 10% level, respectively.
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quantitative approach based on the hedonic price model. The empirical
findings show that in the external attributes, the distance to the tourist
resort has a negative effect on hotel price, while the accessibility to
beaches has a positive impact. The internal attributes, including chain,
room size, free breakfast, and the presence of a spa, a fitness center,
facilities for children and a parking lot would increase hotel prices at
different levels. Hotel prices highly correlated with the seasonality of
tourism. The results of OLS regressions show that hotel prices increased
by 23.1% in the high season and 159.9% during Chinese New Year,
compared to the low season in May. Online user ratings have significant
positive impacts on hotel prices during all the periods. Meanwhile, the
interactive models show that a hotel with a higher online user rating
would raise its room price even more during peak seasons. The results
also show the moderating effect of online user ratings on locational
characteristics and indicate that a well-established online reputation
can mitigate the negative impact of a hotel’s location to some extent.

Quantile regressions were conducted to investigate the differ-
entiated effects of the hotel’s characteristics. Findings suggest that the
impacts of the internal attributes, including chain, room size, free
breakfast and the presence of a spa, are larger in high-priced hotels than
in mid- and low-priced hotels, while the implicit price of a swimming
pool is higher in mid- and low-priced hotels. All hotel prices rise sharply
during Chinese New Year, and the extent of the increase is even greater
in low-priced hotels. Meanwhile, the room prices of high-priced hotels
barely fluctuate in the off-season, demonstrating that hotels with higher
prices are less sensitive to seasonality. The results of the interaction

terms show that a higher online user rating would generate more pre-
miums for the high-priced hotels during Chinese New Year but would
not generate significant impacts in other periods. However, for mid-
and low-priced hotels, online user ratings can mitigate the negative
impacts of both the hotel’s location and the off-season on hotel prices;
thus, a well-established online reputation is much more important to
mid- and low-priced hotels, especially during the low tourism season.

Our findings provide new evidence supporting the existing litera-
ture. First, we studied the seasonality of tourism, which is one of the
least understood aspects of tourism, from the perspective of changes in
hotel pricing, and discussed the determinants of hotel prices during
Chinese New Year, specifically by providing empirical evidence re-
garding tourist destinations in China. Second, the paper focused on the
role of online user ratings in different periods and investigated the in-
teraction between online user ratings and tourism seasonality for the
first time. Empirical findings show the moderating impacts of online
user ratings on both locational and temporal dimensions, which pro-
vides preliminary evidence of the heterogeneous effects of the hotel
price determinants and offers avenues for future study. Third, we in-
troduced the hedonic price model together with quantile regressions
into our study of hotel pricing. This approach provides a complete
description of the differentiated effects of a hotel’s characteristics along
the distribution of hotel prices, which is another contribution to current
research. However, there remain some limitations. The three selected
periods can largely reflect the seasonal effects of tourism, but cannot
fully represent tourism seasonality or describe all of the seasonal

Table 4
The results of the hedonic price models with quantile regressions [LnPi= dependent variable].

Variable 10th quantile 25th quantile 50th quantile 75th quantile 90th quantile

Period=1 0.153*
(1.898)

0.259**
(2.577)

0.221***
(2.752)

0.116***
(2.770)

0.053
(0.832)

Period=2 1.478***
(41.038)

1.639***
(32.166)

1.543***
(27.658)

1.317***
(27.911)

1.201***
(21.339)

Lnresort −0.157***
(−10.630)

−0.139***
(−7.410)

−0.125***
(−5.160)

−0.137***
(−6.540)

−0.118***
(−4.260)

beach 0.184***
(5.690)

0.147***
(4.530)

0.164***
(3.610)

0.111**
(1.990)

0.081
(0.970)

chain 0.160**
(2.252)

0.227***
(5.340)

0.182***
(3.640)

0.201***
(5.100)

0.256***
(3.140)

LnNOR 0.101***
(3.740)

0.099**
(2.140)

0.102
(1.370)

0.089
(0.611)

0.097
(0.340)

Lnsize 0.351***
(5.770)

0.446***
(11.930)

0.499***
(19.050)

0.572***
(12.790)

0.607***
(13.490)

breakfast 0.188***
(3.670)

0.178***
(4.580)

0.207***
(5.630)

0.267***
(4.210)

0.342***
(3.210)

pool 0.145***
(3.050)

0.064*
(1.920)

0.083*
(1.960)

0.042**
(2.060)

0.130
(1.530)

Spa 0.092**
(2.410)

0.071*
(1.800)

0.102**
(2.080)

0.158***
(2.660)

0.226***
(2.900)

fitness 0.054
(1.230)

0.105**
(2.500)

0.051
(1.170)

0.092
(1.180)

0.105
(1.630)

children 0.122**
(2.340)

0.126***
(2.990)

0.189***
(4.830)

0.126**
(2.020)

0.119**
(2.450)

parking 0.080*
(1.750)

0.116**
(2.510)

0.121**
(2.490)

0.117
(1.640)

−0.005
(-0.050)

z_rating 0.176*
(1.930)

0.196***
(2.680)

0.193**
(2.600)

0.209***
(3.550)

0.198***
(3.700)

rating×January 0.018**
(2.047)

0.037**
(2.562)

0.032***
(3.056)

0.013
(1.325)

0.009
(1.043)

rating×February 0.032*
(1.983)

0.069**
(2.420)

0.078*
(1.840)

0.061*
(1.870)

0.125***
(3.160)

rating×resort 0.020*
(1.823)

0.037*
(1.850)

0.048***
(2.750)

0.080***
(3.950)

0.011***
(3.226)

rating×beach 0.006
(0.271)

0.054
(1.310)

0.052
(1.410)

0.027
(0.830)

−0.062
(0.317)

Constant 4.182***
(14.930)

4.057***
(27.540)

4.048***
(29.950)

4.116***
(23.340)

4.129***
(21.920)

pseudo R2 0.482 0.545 0.577 0.584 0.588
N 1033 1033 1033 1033 1033

Notes: T-statistics are shown in the brackets. ***, ** and * denote significance at the 1, 5, and 10% level, respectively.
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changes in hotel prices. Thus, further studies should be carried out in
this regard.

The findings provide some scientific implications for policymaking
and hospitality management. On the one hand, tourism operators
should notice the significant impact of tourism seasonality and develop
marketing plans based on that seasonality. Local governments should
take precautions and improve public services to cope with the numbers
of tourists during the peak season. On the other hand, it is important for
hotel managers to understand what attributes matter most to hotel
prices. Our findings show that the determinants of hotel prices at the
higher and lower ends of the distribution are different. For high-priced
hotels, an upgrade of hotel amenities may result in a higher premium,
and customers are inclined to pay more for these internal attributes. For
mid- and low-range hotels, the online user rating is very important, as
these hotels can hardly release quality signals through star ratings and
brands. Thus, online reputation is an important way for these hotels of
obtaining premiums and competitive advantages, and the management
of these hotels should focus on improving hotel services and increasing
customer satisfaction. Furthermore, mid- and low-range hotels should
pay more attention to the risk of low occupancy when tourism de-
creases.
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