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Abstract: Analyzing the impact of El Nilo Southern Oscillation (ENSO) on the number of tourists
is essential in realizing the sustainable development of natural scenic spots. From the current
research results, research on the effects of ENSO on tourism focuses on the impact of the formation
of the natural environment. However, there is a lack of ENSO-related research on the number
of people arriving at natural attractions. This paper considers the adjustment effects of personal
disposable income, per capita GDP, and population size and constructs a new framework of ENSO’s
influence on tourism. This paper builds a system GMM (Gaussian Mixture Model) and analyzes
the impact of ENSO on tourist flow by using Google Trend data (big data technology) to obtain
annual passenger flow data of 48 natural scenic spots in the United States (mainly national parks
and national forests). The empirical results show that the increase in ENSO has led to a significant
decrease in visitors to natural attractions in the United States. Moreover, the increase in personal
disposable income, per capita GDP, and population size can weaken the relationship between ENSO
and the number of tourists. This research expands and enriches the theoretical perspective of ENSO
and outdoor tourism.

Keywords: climate change; ENSO index; disposable personal income; population; per capita GDP

1. Introduction

The tourism industry is exceptionally dependent on climatic conditions [1]. Therefore,
climate change can influence tourists’ participation in various tourist destination activities
through promotion and suppression [2]. Climate change has many manifestations, such as
the North Atlantic Oscillation (NAO), Pacific Interdecadal Oscillation (PDO), North Atlantic
Interdecadal Oscillation (AMO), El Nino-Southern Oscillation (ENSO), etc., among which
ENSO is the most important mode of interannual changes in global climate. In addition,
it is a sea-atmosphere coupling phenomenon that changes the weather by influencing
temperature and rainfall patterns [3–5].

ENSO will also have an impact on the tourism industry [6]. The specific impact models
are as follows: (1) Pulling factors: When the weather conditions related to ENSO show
suitable temperature and good rainfall patterns, it can make the desired destination have
pleasant weather conditions, and thus to an increase in the number of visitors to attractions.
(2) Driving factors: When the weather conditions related to ENSO show excessively high
(low) temperature and extreme rainfall patterns, it may cause tourists to change their
travel decisions. This can be seen that when a tourist who prefers a suitable climate type
has travel needs, the overall weather performance of the scenic spot will have driving or
pulling effect.
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The primary purpose of this paper is to study the impact of ENSO on the number
of people arriving at natural attractions, taking into account per capita GDP, per capita
disposable income, and population adjustment. Academia generally believes that ENSO
has a negative impact on the tourism industry of natural attractions. For example, the
enhancement of ENSO in the Central Pacific affects the shape of the headland (Bay Beach),
and ENSO in different regions has different coastal erosion potential [7]. Under the
influence of El Nino, the sea level at the beaches of Southern California Bay has rised faster,
which makes beach retention face major challenges [8]. However, the research does not
intuitively reflect the impact of ENSO on the tourism industry of natural attractions and
the quantitative indicator—the number of tourists who can arrive. As far as we know, no
studies have provided direct evidence to prove that ENSO has a negative impact on the
number of visitors to natural attractions. This paper aims to fill this research gap.

ENSO is a climate factor that accumulates all year round. Therefore, before arriving
at a natural scenic spot, tourists will carefully consider the comprehensive adaptability of
temperature, rainfall, and other weather factors caused by ENSO. Furthermore, as natural
scenic spots are the most critical objects in tourism activities, the impact of long-term ENSO
phenomena and events on the natural scenic spots should be considered. Moreover, a series
of feasible measures should be formulated to improve the expressive power of natural
scenic spots under long-term ENSO changes. This is of great significance in the strategy of
sustainable development of natural attractions.

Tourism researchers usually incorporate economic factors and social demographic
factors into tourism demand framework models. Their research describes economic or
social demographic factors as the key determinants of tourism demand [9–11]. There is
a direct linear relationship between per capita GDP, personal disposable income, popu-
lation and other factors, and tourism demand from the previous research literature. In
other words, regions with better economic development (high personal income or larger
population) are more capable of removing barriers on tourism activities. However, faced
with the frequent occurrence of ENSO phenomena and incidents, can the per capita GDP
and personal disposable income help them to escape from the effects of a bad climate?
Can the host population increase the demand for tourism or the number of arrivals? The
existing literature has not yet solved this problem.

First, we collected data on the relative search volume of natural attractions on Google
Trends in the United States. Then, we built a panel data model based on the relative search
volume (number of visitor arrivals) of 48 natural attractions from 2004 to 2019. Our data
includes information on the number of tourist arrivals, ENSO index, economic factors, and
socio-demographic factors. In addition, we use the system GMM (SYS-GMM) model to
study the impact of ENSO on the number of visitors to natural attractions.

We found that ENSO has a significant negative impact on the number of people
arriving at natural attractions. This result suggests that the relevant government manage-
ment agencies need more innovation in the operation of attractions and entertainment
facilities, making tourism companies launch more tourism product portfolios to increase
profits. At the same time, it is found that personal disposable income and population can
positively adjust the impact of ENSO on the number of visitors to natural attractions, and
per capita GDP can negatively adjust the impact of ENSO on the number of visitors to
natural attractions.

This research makes several contributions. First of all, the existing literature lacks
research on the impact of ENSO on the number of visitors to natural attractions. Therefore,
based on quantitative analysis, we considered the same direction of climate change trend
on the number of natural attractions. We found that ENSO has a negative impact on the
number of visitors to natural attractions. Quantitative evidence expands the scope of
literature research in related fields. Second, compared with other associated literature that
directly use economic and social demographic factors to affect the number of tourists, we
consider the positive adjustment role of personal disposable income and population in this
relationship, and per capita GDP is in this relationship. The negative moderating effect
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of this research is to solve the gap in this research. Third, the use of Google Trends (a big
data method) to evaluate the number of annual visitors to natural attractions provides new
ideas for future research in related fields.

2. Literature Review
2.1. The Impact of ENSO on Natural Tourism

Climate change is one of the issues of most concern in the world. In the face of the
tourism industry’s high vulnerability and low resilience, the tourism industry and the
overall economy of different countries are far more vulnerable to climate change than
their resistance to climate change [12]. In some research literature examining the impact
of climate variables on the tourism industry [13–17], the most commonly used climate
proxy variables are meteorological variables such as average temperature, rainfall, relative
humidity, and wind speed. However, most of these variables are highly correlated [18].
Including two or more meteorological variables in a linear regression model may cause the
estimation results to be biased due to multicollinearity. Therefore, it is essential to find a
climate index that covers most of the meteorological variables.

The climate phenomenon called the large-scale ocean of climatic shocks—atmospheric
circulation will repeatedly cause climate variability. El Nile Southern Oscillation (ENSO) is
the world’s strongest interannual climate change model and is the subject of research on
the effects of climate on agriculture, energy, and health regionally or worldwide [19–22].
However, ENSO is rarely discussed in the field of tourism. Part of the research focuses on
the impact of climate cycle patterns on tourism demand and believes that the ENSO impacts
tourism demand. For example, Oduber and Ridderstaat found that ENSO significantly
affects tourism demand in the United States and the Netherlands [23]. Vivienne and
Marra found that during 1994–2011, the climate cycle pattern of the source country was an
essential determinant of tourism demand in the Philippines [24]. In recent years, studies
have analyzed the Pearson correlation coefficient and linear regression model of ENSO on
natural landscapes and found that changes in ENSO will affect the scale of snowfall and
wetland ecosystems [25,26].

Moreover, there are also studies on national parks. For example, Lovelock and
Feller [27] believe that the increase in ENSO will negatively impact Mangrove Bay in
Cape Ridge National Park in Western Australia. Although ENSO is an essential factor
affecting tourism, the research literature on this topic is still minimal. as far as we know,
the published studies have focused on the formation of natural landscapes, ignoring the
research and analysis of the impact of ENSO on the number of visitors to natural attrac-
tions. This research is mainly to fill this gap. Based on the above analysis, the following
hypothesis is proposed:

Hypothesis 1 (H1). The increase in ENSO will reduce the number of people arriving at
natural attractions.

2.2. The Moderating Effect of Economic Factors (Personal Disposable Income and per Capita GDP)

Many documents have studied the relationship between tourism activities and eco-
nomic factors [28–31]. Generally speaking, the development of the tourism industry is
related to the macroeconomic environment, the disposable income of tourists, and their
leisure time [32]. Economic factors and the length of leisure time are the barriers that re-
strict tourism activities. On the one hand, with the hypothesis of growth-oriented tourism
(GLT) proposed [31], it can be found that gross domestic product (GDP) can drive the
development of tourism. On the other hand, transportation, accommodation, and leisure
time will play a decisive role in specific tourist activities. Considering that tourism is a
symbolic consumption, it is usually given a certain social status [33]. Therefore, compared
to disposable income (DI), personal disposable income (DPI) can better analyze tourism
needs or the number of tourists arriving.
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It can be seen that at the regional level, the level of economic development and
personal disposable income are the key factors for local tourism demand or the number of
people arriving. GDP per capita can increase the attractiveness to tourists by increasing
recreational facilities in natural scenic spots, thereby adjusting the impact of ENSO on
the arrival of natural scenic spots. At the same time, personal disposable income can
reduce ENSO’s impact on natural scenic spots by breaking the barriers of tourism activities.
Therefore, the effect of the number of people arriving, compared with areas with lower per
capita GDP and personal disposable income, travel decisions of people with higher per
capita GDP and personal disposable income are less affected by ENSO. Based on the above
analysis, this article proposes the following hypotheses:

Hypothesis 2 (H2). The level of per capita GDP has a negative regulating effect on the relationship
between ENSO and the number of people arriving at natural attractions. When the level of per
capita GDP is high, the impact of ENSO on the number of people coming to natural attractions
is weakened.

Hypothesis 3 (H3). The level of disposable income negatively affects the relationship between
ENSO and the arrival of natural attractions; that is, when the level of disposable income is high, the
impact of ENSO on the arrival of natural attractions is weakened.

2.3. Moderating Effect of Population Size

In 2005, Faulkner proposed an overall conceptual model of the factors affecting the
arrival of tourists to tourist destinations. It was demonstrated that population is an essential
factor affecting travel tendency [34]. Therefore, the population size is one of the important
foundations for the rapid development of the tourism industry. The larger the population
size, the larger the tourism industry’s market scale and potential market scale. The research
of Eugenio-Martin and Cazorla-Artiles [35] supports this conclusion.

At the regional level, for areas with large populations, population size has a significant
role in promoting tourism demand or the number of people arriving. Therefore, the size
of the population can adjust the impact of ENSO on the number of people arriving at
natural attractions. Compared with areas with relatively small populations, areas with high
populations are less affected by external factors like ENSO. Based on the above analysis,
the following hypothesis is proposed:

Hypothesis 4 (H4). The population size moderating the relationship between ENSO and the
number of people arriving at natural attractions; the larger the population size, the more negative
the relationship between ENSO and the number of people arriving at natural attractions will
be weakened.

3. Methods
3.1. Data and Variables
3.1.1. Dependent Variable: The Number of Tourists

In the Internet age, search engines have become our main travel tool. The data collected
can break the barriers of traditional data collection methods and meet the requirements
of data scope, accuracy, flexibility, and update speed. Taking Swiss tourism, U.S. national
parks, and Babacas as examples, it was discovered that Google Trends data could be
highly accurate as of the myopia value of tourist arrivals. [36,37]. On this basis, we use
Google Trends data as a proxy variable for annual visitor arrivals. Google Trends data
normalizes absolute search volume to relative search volume in the range of 0–100 in a
certain “normalized” way. However, the relative search volume data of Google Trends
does not affect the validity of the research conclusions, which will be explained in the
“robustness” section below.

We use the annual traffic of 48 natural attractions in the United States from 2004 to
2019 from the official website of Google Trends. Considering the representativeness and
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completeness of the data, we choose the travel data of the United States as the explained
variable. Considering that some natural attractions have a small number of visitors, the
relative search volume is 0 after the “standardization” operation of Google trend data,
which will interfere with the estimation results of the model. Therefore, we discarded these
attractions when selecting samples. To fit the model requirements, we convert monthly
data to annual data. In addition, a logarithmic transformation of the Google trend data is
performed to reduce the possible impact of heteroscedasticity.

3.1.2. Independent Variable: ENSO Index

The climate index is a characterization of climate phenomena. Researchers have
developed, improved, and used many indexes to study the natural oscillation phenomenon
related to El Nilo. For example, the Southern Oscillation Index (SOI), Niño3, Niño4,
Niño3.4 and Niño1.2, etc. For example, the Niño1.2 area (0N-10S, 90W-80W) corresponds
to the coastal regions of South America and the coast of Ecuador. It affects the sea surface
temperature (SST), which affects the global sea surface temperature [38].

Although the sea area of Niño1.2 area is relatively small, the annual and interannual
changes in sea surface temperature are apparent. Some studies have shown that the
Niño1.2 index has an excellent characterizing role in measuring the periodic fluctuations
of precipitation [38]. Therefore, this study uses the Niño1.2 index as a proxy variable
for climate change. The data comes from the monthly data of the National Oceanic and
Atmospheric Administration (NOAA) Niño1.2 index. Taking into account the model
requirements, the monthly data is converted into annual data for fitting.

3.1.3. Control Variables

Since the search areas corresponding to the keywords on the Google Trends website
are derived from the states where the natural attractions are located, this study uses each
state’s GDP, personal disposable income, and population data—considering the economic
variables GDP, DPI, and population as control variables, using the DPI data of the US states
from 2004 to 2019 released by the Bureau of Economic Analysis (BEA), corresponding to
the selected 48 states of natural attractions. The variable description, correlation matrix,
and descriptive statistics of each variable are shown in Tables 1–3, respectively.

Table 1. Variable description.

Variable Describe

LnALLi,t In year t, the logarithm of the number of people searched for natural attraction i on Google Trends
NINO12i,t In year t, the proxy variable of climate index of natural scenic spot i

lnDPIi,t In year t, the personal disposable income of the state where natural attraction i is located
lnGDPi.t In year t, the GDP of the state where the natural attraction i is located

lnpopulationi,t In year t, the population of the state where the natural attraction i is located

Table 2. Correlation analysis of variables.

Variables lnALL NINO12 lnDPI lnpopulation lnGDP

lnALL 1.000
NINA12 0.105 *** 1.000

lnDPI −0.245 *** 0.042 1.000
lnpopulation −0.292 *** 0.011 0.991 *** 1.000

lnGDP −0.273 *** 0.016 0.995 *** 0.992 *** 1.000
*** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 3. Descriptive statistical analysis of variables.

Variables N Mean S.D. Min Max

ALL 768 1761 884.4 100 4122
NINO12 768 −0.0841 0.556 −1.067 1.433

GDP 768 801,946 941,142 31,567 2,800,505.4
DPI 768 588,827 694,220 16,262 2,267,563.9

population 768 14,113,752.6 15,270,379.6 509,106 39,437,610

3.2. Empirical Analysis Results
3.2.1. Empirical Econometric Model

We construct the following measurement model based on the variables above:

lnALLi,t= α0+α1lnALLi,t−1+α2NINO12i,t+µi+γt+εi,t (1)

where lnALLi,t is the dependent variable, the number of visitors to the scenic spot i in
year t; NINO12i,t is the explanatory variable, the climate index of scenic spot i in year t; α0
is a constant; α1, α2 are parameters; µi is an unobservable individual fixed effect; γt is a
time fixed effect; εi,t is an error term.

Considering the adjustment effect of personal disposable income level, gross domestic
product, and population size on ENSO and tourist arrivals, the interaction terms of NINO12
index and DPI, NINO12 index, and GDP, NINO12 index, and population are introduced.
Furthermore, considering that the magnitude of DPI, GDP, and the population is much
larger than the magnitude of the NINO12 index and lnALL, we perform logarithmic
conversion of DPI, GDP, and population. As a result, the interaction terms of NINO12
index and DPI, NINO12 index and GDP, NINO12, and population are represented by
NINO12t × ln(DPIi,t), NINO12t × ln(GDPi,t) and NINO12t × ln(populationi,t), then the
model (2)–(4) can be obtained:

lnALLi,t= α0+α1lnALLi,t−1+α2NINO12i,t+α3NINO12i,t × ln(DPIi,t)+µi+γt+εi,t (2)

lnALLi,t= α0+α1lnALLi,t−1+α2NINO12i,t+α4NINO12i,t × ln(GDPi,t)+µi+γt+εi,t (3)

lnALLi,t= α0+α1lnALLi,t−1+α2NINO12i,t+α5NINO12i,t × ln
(

populationi,t

)
+µi+γt+εi,t (4)

Among them, ln(DPIi,t), ln(GDPi,t) and ln(populationi,t) are control variables, which
respectively represent the personal disposable income, GDP, and population of the state
where scenic spot i is located in year t; α3, α4, α5 are parameters; ln(ALLi,t), NINO12i,t, α0,
α1, α2, µi, γt, εi,t have the same meaning as in model (1).

Considering that the dependent variable is the number of tourist arrivals, it is expected
that this variable will change over time. In the tourism-related literature, this change is
considered a seasonal pattern [39]. For example, some regions have pleasant weather in
spring and autumn, and most people with outdoor tourism needs will choose to travel in
these two seasons. Therefore, the number of natural tourist attractions in the spring and
autumn seasons is higher than in the other two seasons. To control this fixed time effect, a
set of time dummy variables are added to model (2)–(4), and the model (5)–(7) is obtained
as follows:

lnALLi,t= α0+α1lnALLi,t−1+α2NINO12i,t+α3NINO12i,t × ln(DPIi,t)+ηPi,n+µi+γt+εi,t (5)

lnALLi,t= α0+α1lnALLi,t−1+α2NINO12i,t+α5NINO12i,t × ln
(

populationi,t

)
+ηPi,n+µi+γt+εi,t (6)

lnALLi,t= α0+α1lnALLi,t−1+α2NINO12i,t+α4NINO12i,t × ln(GDPi,t)+ηPi,n+µi+γt+εi,t (7)

Among them, P is a time dummy variable; n time periods (=1, 2, 3, 4), η is a parameter;
ln(ALLi,t), NINO12i,t, α0, α1, α2, α3, α4, α5, µi, γt have the same meaning as in the
models (1)–(4).
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3.2.2. Endogeneity

In this study, due to the tourism industry’s extensive economic growth mode and in-
tensive economic growth mode, there may be path dependence effects [40]. The path depen-
dence formed by the scale of tourist arrivals at tourist attractions may also enable relevant
management or operating institutions to strengthen system-driven management, optimize
the allocation of resource elements, and transform and upgrade to “innovation-driven”
to achieve sustainable development goals, thereby increasing employment opportunities
and raise the level of personal disposable income and GDP. This shows that the level of
personal disposable income, gross domestic product, and the number of tourists have
an endogenous problem of mutual causality. At the same time, the existence of missing
variables will also produce endogeneity. For example, the ticket price of scenic spots is a
key issue in tourism research [41]. The increase (decrease) of ticket prices may become a key
factor for tourists to choose attractions, making the number of tourists at a certain attraction
decrease (increase). If this is the case, the regression estimation coefficients obtained by the
general linear regression model may be biased [42].

Considering the above problems, we use the dynamic paneled system GMM (SYS-
GMM) model for estimation. Using ENSO and the first-order lag of the arrival of the
number of people as instrumental variables can effectively solve the endogeneity problems
caused by reverse causality and missing variables [43–45]. At the same time, considering
that in the case of a small sample, the two-step SYS-GMM of the SYS-GMM model can
significantly reduce the estimation bias, so this study chooses the two-step SYS-GMM
model to determine the relationship between ENSO and the number of tourists to perform
quantitative analysis.

4. Results and Discussion

Due to space limitations, this article does not report the estimation results of models (1)–(4),
and the estimation results of models (5)–(7) are shown in Table 4. The AR(1) and AR(2)
values of the residual series correlation test in Table 4 show that the error terms of the
SYS-GMM model all have first-order autocorrelation, but there is no second-order autocor-
relation, which proves that in both GMM models there is no problem of over-identification
of instrumental variables.

4.1. Does ENSO Affect the Number of Visitors to Natural Attractions?

The models (5)–(7) in Table 4 all show that the lagging period between the core
explanatory variable and the explained variable is significantly negative at a confidence
level of 1%, indicating that the enhancement of ENSO in the current period will shrink
in the next year. Thus, the number of natural attractions in the United States has reached
scale, supporting Hypothesis 1. In addition, on the one hand, this is related to the changes
and frequency of ENSO on temperature, rainfall, extreme weather, etc., over a long period.
On the other hand, from the perspective of the natural landscape environment, the increase
of ENSO may increase public facilities and ecological landscape. The destruction is thereby
reducing tourists’ motivation to visit and reducing the number of tourists arriving.

4.2. Does per Capita Disposable Income Have a Moderating Effect on the Relationship between
ENSO and the Number of Visitors to Natural Attractions?

Model (5) in Table 4, to test the adjustment effect of personal disposable income (DPI),
considers the crossover term of ENSO index, NINO12 and personal disposable income
(NINO12t × lnDPIi,t). The results show that the crossover term coefficient is positive
and is significant at the level of 5% confidence, indicating that the higher the personal
disposable income, the negative impact of ENSO on the arrival of natural attractions can
be effectively suppressed, supporting Hypothesis 2. People with relatively high disposable
income can pay for transportation, accommodation, shopping, and other expenses incurred
in tourism activities and make travel decisions more quickly. Compared with people with
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low personal disposable income, their willingness to travel is greater and so strong that it
reduces the negative impact brought by ENSO enhancement to a certain extent.

Table 4. Estimation results of the impact of ENSO on the number of visitors to natural attractions.

Variable
SYS-GMM

(5) (6) (7)

lnALLi,t−1 0.3250 *** 0.3240 *** 0.3260 ***
(0.0867) (0.0862) (0.0863)

NINO12t −0.5750 ** −0.7620 *** −0.5700 **
(0.2350) (0.2930) (0.2440)

NINO12t × lnDPIi,t 0.0439 **
(0.0192)

NINO12t × lnpopulationi,t 0.0468 **
(0.0190)

NINO12t × lnGDPi,t 0.0426 **
(0.0196)

Constant 4.762 ***
(0.5960)

4.782 ***
(0.5930)

4.766 ***
(0.595)

Observations 720 720 720
Time fixed effect YES YES YES

No. of firms 48 48 48
No. of instr. variables 31 31 31

Wald stat. 49,875.6000 50,128.8000 50,317.8000
Hansen test 0.0663 0.0721 0.0712

AR(1) 0.0000 0.0000 0.0000
AR(2) 0.2030 0.2030 0.2020

Standard errors in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01, whereNINO12t × lnDPIi,t,
NINO12t × lnpopulationi,t, NINO12t × lnGDPi,t means interactive item.

4.3. Does the Population Size Have a Moderating Effect on the Relationship between ENSO and
the Number of Visitors to Natural Attractions?

The model (6) in Table 4 introduces the crossover term (NINO12t × lnpopulationi,t)
between the ENSO index, NINO12 and the size of the population (population). The results
show that the regression coefficient of the crossover term NINO12t × lnpopulationi,t is
significantly positive at the 5% level, indicating that the crossover term The introduction
of ENSO weakened the influence of ENSO on the arrival of natural attractions, that is,
the increase in population size can weaken the negative impact of ENSO on the arrival of
natural attractions, supporting Hypothesis 3. On the one hand, the larger the population
size, the larger the market scale of the tourism industry; on the other hand, this paper
studies the influence of the local population size on the number of people arriving at local
natural attractions, and ENSO changes weather conditions by affecting temperature and
rainfall. As a result, the local weather conditions can be observed in real-time, so their
travel activities are more flexible, which alleviates the negative impact of ENSO on the
number of natural attractions.

4.4. Does per Capita GDP Have a Moderating Effect on the Relationship between ENSO and the
Number of Visitors to Natural Attractions?

The model (7) in Table 4 considers the cross-product (NINO12t × lnGDPi,t) between
the ENSO index, NINO12 and per capita gross domestic product (GDP). The results show
that the cross-product NINO12t × lnGDPi,t is significantly positive at the 5% level, in-
dicating that the increase in per capita GDP can weaken the negative impact of ENSO
on ENSO the number of natural attractions. This supports Hypothesis 4. The higher the
per capita GDP, the higher the economic development level of the corresponding region,
the more convenient the urban transportation, the more efficient reception of tourism
information, and the higher the level of regional economic development, the higher the
level of regional economic growth, the operation, and maintenance of the corresponding
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natural attractions by the relevant management and management agencies. More cap-
ital investment increases the attractiveness of scenic spots’ ecological environment and
recreational facilities. It slows down ENSO’s increased damage to ecological landscapes.
Therefore, a higher per capita GDP suppresses the negative impact of ENSO on the number
of visitors to natural attractions.

The above results are consistent with the conclusions of most research literature on
the impact of climate change on natural tourism, such as Liu [46]. The difference is that this
study considers the adjustment effect of economic and social demographic factors based
on the core explanatory variable NINO12 index.

4.5. Robustness Check

To ensure the reliability of the research conclusions, this research will conduct robust-
ness checks considering the following two aspects. On one hand, the independent variable
and the lagging first-order of the moderating effect term are considered for re-measurement.
On the other hand, we narrowed the sample range which from 2004 to 2015.

Columns (1)–(3) of Table 5 report the estimation results considering the lag effect.
It can be seen that the signs and significance of the coefficients of the lag phase ENSO
index and the interaction terms NINO12t × lnDPIi,t, NINO12t × lnpopulationi,t, and
NINO12t × lnGDPi,t are consistent with the benchmark regression estimation results in
Table 4. This shows that the conclusions of this study are robust.

Table 5. Robustness regression estimation results.

Variable
Consider the Lag Term Shorten the Sample Period

(1)
DPI

(2)
lnpopulation

(3)
DPI

(4)
DPI

(5)
lnpopulation

(6)
DPI

lnALLi,t−1 0.3010 *** 0.2880 *** 0.2900 *** 0.3490 *** 0.3470 *** 0.3480 ***
(0.0795) (0.0788) (0.0771) (0.1300) (0.1300) (0.1310)

NINO12t −0.6210 ** −0.8220 *** −0.6130 **
(0.2450) (0.3120) (0.2570)

NINO12t × lnDPIi,t 0.0478 **
(0.0201)

NINO12t × lnpopulationi,t 0.0507 **
(0.0202)

NINO12t × lnGDPi,t 0.0460 **
(0.0206)

NINO12t−1 −1.1780 ** −2.0210 ** −1.5710 **
(0.5300) (0.8120) (0.6260)

NINO12t−1 × L.lnDPIi,t−1 0.0949 **
(0.0433)

NINO12t−1 × L.lnpopulationi,t−1 0.1290 **
(0.0521)

NINO12t−1 × L.lnGDPi,t−1 0.1240 **
(0.0499)

Constant 4.9580 *** 5.0590 *** 5.0450 *** 4.6050 *** 4.6290 *** 4.6200 ***
(0.5620) (0.5590) (0.5480) (0.8740) (0.8740) (0.8860)

Observations 720 720 720 528 528 528
Time fixed effect YES YES YES YES YES YES

No. of firms 48 48 48 48 48 48
No. of instr. variables 31 31 31 23 23 23

Wald stat. 32,904.2000 30,459.3000 30,307.9000 43,451.9000 43,516.0000 44,078.2000
Hansen test 0.0718 0.0782 0.0839 0.0704 0.0708 0.0726

AR(1) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
AR(2) 0.4300 0.7450 0.7170 0.1420 0.1430 0.1440

Standard errors in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01, where NINO12t × lnDPIi,t, NINO12t × lnpopulationi,t, NINO12t × lnGDPi,t
means interactive item.
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Columns (4)–(6) of Table 5 show the parameter estimation results for the adjusted
sample period from 2004 to 2015. After re-regression using the SYS-GMM model, the
conclusions are drawn are the same as the conclusions in Table 4, which further improves
the reliability of the conclusions.

5. Conclusions

This research establishes a mechanism that considers the adjustment effect of personal
disposable income, population size, and per capita GDP to analyze the impact of ENSO
on the arrival of natural attractions, providing a new perspective for ENSO and tourism
research. The empirical research conducted on 48 natural attractions in the United States
not only verified that ENSO has a negative impact on tourist arrivals but also found
that different personal disposable incomes, population sizes, and per capita GDP have
negative moderating effects on ENSO’s impact on the number of tourist arrivals. In this
empirical study, the use of Google Trend data is a use of big data methods. More advanced
research provides a solid foundation. This research offers new insights for relevant natural
attractions management agencies or tourism companies to cope with climate change and
enable the sustainable development of natural attractions.

The research presented in this paper has some limitations which can be resolved in
future research. First, this study discusses the moderating effects of personal disposable
income, population, and per capita GDP in the impact of ENSO on tourism but lacks a
discussion of qualitative variables, for example, education level, culture, environment, etc.
Future research must introduce more control variables to reveal the impact of ENSO more
comprehensively. Second, since ENSO is a long-term accumulation process, this study
uses annual data for empirical analysis. Third, weekends and holidays have the same
impact every year. Future research can introduce weekends and holidays on a monthly or
quarterly level to explore the effects of ENSO to enrich the level of research on the impact
of ENSO on natural tourist attractions.
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