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With the rapid development of tourism, tourism revenue, as one of the important indicators to measure the development of the
tourism economy, has high research value. 'e quasi-prediction of tourism revenue can drive the development of a series of
related industries and accelerate the development of the domestic economy. When forecasting tourism income, it is necessary to
examine the causal relationship between tourism income and local economic development. 'e traditional cointegration analysis
method is to extract the promotion characteristics of tourism income to the local economy and construct a tourism income
prediction model, but it cannot accurately describe the causal relationship between tourism income and local economic de-
velopment and cannot accurately predict tourism income.We propose an optimized forecasting method of tourism revenue based
on time series. 'is method first conducts a cointegration test on the time series data of the relationship between tourism income
and local economic development, constructs a two-variable autoregressive model of tourism income and local economy, and uses
the swarm intelligence method to test the causal relationship and the relationship between tourism income and local economic
development, calculate the proportion of tourism industry, define the calculation result as the direct influence factor of tourism
industry on the local economy, calculate the relevant effect of local tourism development and economic income, and construct
tourism income optimization forecast model. 'e simulation results show that the model used can accurately predict
tourism revenue.

1. Introduction

Tourism economic forecasting [1–3] serves tourism eco-
nomic decision-making and planning management. It is the
premise of scientific decision-making and planning man-
agement and directly affects the accuracy and reliability of
tourism economic decision-making [4, 5] and planning
management [6, 7]. It is impossible to make an optimized
tourism decision and planning without a tourism economic
forecast that conforms to the objective reality. Tourism
economic forecast participates in tourism economic deci-
sion-making and planning management and affects deci-
sion-making and planning. 'is important role is mainly
reflected in the following aspects: first, through forecasting,
reveal the changing trend of tourism economic development
in the future [8], for the purpose of formulating tourism
economic development. 'e strategy provides a reliable

basis. 'e formulation of a tourism economic development
strategy is the most important tourism economic decision,
and every link and every factor that constitutes a tourism
economic development strategy, including development
goals [9], implementation steps [10], and measures, cannot
be separated from the prediction of future trends. To for-
mulate a tourism economic development strategy, first of all,
it is necessary to predict and make reasonable predictions
about a series of unknowns, such as the overall development
of the national economy [11, 12], changes in economic
structure, changes in national policies, and changes in
population quantity and quality, in order to grasp the
possibility of the development of the tourism economy of
the country and propose feasible development goals; sec-
ondly, it is necessary to predict the changes in the market
within a certain period of time, the changes in the industrial
structure of the tourism economy, the changes in the
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product structure, and the changes in reception capacity.
Only by making scientific predictions on the status and level
of tourism economic development can we accurately divide
the development stages and strategic steps [13] and deter-
mine the approximate execution sequence and time range
for related work; again, the flow direction and flow of the
future tourism market [14] and the tourism economy [15]
must be determined. Only by predicting the changing trends
of the quality and abundance of regional resources can we
reasonably formulate the strategic layout of tourism eco-
nomic development and complete the optimal spatial
configuration of tourism productivity [16, 17]. Obviously,
leaving the basis of tourism economic forecasting, the entire
tourism economic development strategy has become a castle
in the sky. Second, through forecasting, reveal the various
situations that may occur in the development of the tourism
economy: mainstream and tributary [18], favorable and
unfavorable factors [19], opportunities and risks [20], and
achievements and problems [21], so as to be confident and
avoid blindness and one-sidedness in decision-making
[22–24]. For example, in 1982, Hong Kong’s tourism in-
dustry still maintained a momentum of development despite
the global economic downturn, and all walks of life were
deeply affected. One of the important reasons is that the
Hong Kong tourism authority [25] predicted the trend of the
world economic downturn and made corresponding
preparations in advance. 'ird, predicting the economic
benefits of a number of alternative tourism development
programs can provide a practical basis for choosing the best
program. In other words, the tourism economy forecast not
only proposes a variety of ways and plans for the devel-
opment of the tourism economy but also analyzes and
analyzes the possible losses and benefits of each plan and the
possible consequences and impacts of each proposed
tourism policy. Demonstration is to make a decision on the
premise of comprehensively weighing the pros and cons.
Fourth, the role of forecasting not only is limited to spec-
ulating on the economic process specified by tourism
economic decision-making and planning management but
also includes foreseeing the changes and prospects of the
external environment related to it. Planning management
provides more ambitious information in order to make
tourism economic decision-making and planning man-
agement more comprehensive. 'e external environment
mentioned here mainly refers to various external noneco-
nomic factors that may have an impact on the development
of the tourism economy, such as the trend of global climate
warming, the peaceful trend of the international political
environment, and the negative impact of the SARS epi-
demic. Forecasting the changes and prospects of the external
environment of tourism is particularly important for macro
decision-making.

In order to effectively play the role of tourism economic
forecasting, machine learning algorithms [26] have played a
big role. 'e application of machine learning in the eco-
nomic fieldmainly includes helping scholars obtain data that
was difficult to obtain in the past, exploring the correlation
between variables and making predictions, predicting
counterfactuals, and then identifying cause and effect. From

the perspective of predictive ability, machine learning is a
predictive method with strong applicability, good accuracy,
and high efficiency. First of all, machine learning [27] is not
limited to “interpretability”; it can flexibly choose functional
forms to fit data, study highly nonlinear, unexplainable
models, and make out-of-sample predictions. Its predictive
power surpasses traditional econometric methods [28].
Although mainstream empirical methods mostly use
econometric models based on causality, these models have
strict application conditions. Even with the support of the
correct economic theory, they are often unusable in research,
or even though they can be used, they end up in failure.
Secondly, machine learning can make full use of the value of
big data, directly mining the relationship between data and
“discovering nontrivial knowledge that is of interest to
specific users from the database.” Finally, when the machine
classifies, almost no human judgment is added, so the
objectivity is high.

'e contribution of this paper is to study the effec-
tiveness of machine learning methods, promote the ap-
plication of machine learning methods in financial
forecasting, and provide ideas and references for the
intelligent and digital transformation of tourism eco-
nomic forecasting. 'e research results of this article
prove that machine learning is an accurate, simple, and
objective forecasting tool suitable for listed companies in
my country, and different models have their own strengths
in tourism economic forecasting. As a forecasting tool
that “advances with the times,” machine learning can be
self-optimized with the continuous enrichment of future
tourism economic data so that the forecasting method can
be constructed “once and forever” and “excellent” in
terms of results. 'erefore, machine learning can help
companies discover financial problems in time to take
remedial measures; provide investors, corporate partners,
and other stakeholders with more financial information to
optimize investment decisions; and provide effective
methods for regulators to reduce human and material
costs and improve market supervision.

2. Related Works

Machine learning methods have improved the economics
research paradigm [29], and the academic results of applying
them to financial forecasting have become increasingly
abundant. Scholars at home and abroad have done more
research on financial distress forecasting, but there are few
results involving performance explosions. On the whole,
machine learning provides ideas and methods for the pre-
vention and discovery of financial problems of listed
companies [30], and the predictive model trained by it
provides an effective practical reference for the stakeholders
of listed companies [31]. Chen et al. [32] used data from
listed companies in Taiwan and found that the closer to the
time point of financial distress, the higher the prediction
accuracy of the prediction data and the accuracy of the
neural network model is higher than that of the machine
learning (clustering) model. Sun et al. [33] used Chinese ST
companies as samples and used regression trees (CART)
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[34], support vector machines (SVM) [35], K-nearest
neighbors (KNN) [36], multiple discriminant analysis
(MDA) [37], logistic regression [38], and other methods to
make predictions.'e results showed the prediction effect of
the CART model. Sun et al. [33] also used Chinese ST
companies as cases of financial distress, single-factor testing
(SAT) [39], and decision trees as weak learners, and used the
AdaBoost method [40] to integrate weak learners to predict
the company’s financial distress situation; combined with
separate decision tree models, SVM is compared; and it is
found that the AdaBoost method, which uses SATas a weak
learner, has the highest prediction accuracy. Sun and Lie [33]
took Chinese listed companies as a sample and defined fi-
nancial distress as two consecutive years of loss or the loss of
the most recent year exceeding the registered capital, con-
structed a dynamic financial distress prediction model, and
used minority oversampling technology (SMOTE) to solve
the problem of sample imbalance. Financial fraud forecasts:
there are also many research results in this area. Given the
limited resources, it is unlikely to find all financial frauds,
and the possibility of exploring causality is limited. 'e use
of machine learning to predict is practical. Nasir et al. [41]
used the support vector machine model to detect the fi-
nancial fraud of listed companies. After adding a specific
“core” to the model, the model worked well. Al-Hashedi
et al. [42] summarized and compared the technologies and
methods of financial fraud detection and found that there are
applicable technologies and methods for different types of
fraud.

In terms of predictors, scientific and complete data are
necessary conditions for the success of machine learning
models. 'e data of listed companies is relatively rich, and
there are many variables that can be collected. 'erefore, the
selection of predictors has become a research topic. Lien-
gaard et al. [43] believed that there are generally two
methods for selecting predictor variables: one is to select
variables based on financial accounting theory and the other
is to select variables based onmachine learning.'ey studied
the financial distress prediction problem [44, 45] of listed
companies in mainland China (using STas the standard) and
found that the selection of predictive variables based on data
mining models has the same effect as the selection based on
expert financial accounting knowledge, and ROA is the best
predictor variables.

3. Methodology

In the process of forecasting tourism income, first, calculate
the regional tourism income and tourism income growth
rate indicators, obtain the promotion characteristics of
tourism income to the local economy, describe the law of
change between tourism income and economic growth, and
build a tourism income prediction model. 'e specific steps
are described in detail as follows: assuming that Np rep-
resents the tourism output value, Ccs represents the con-
nection between the tourism industry and other industries,
and DW represents the elastic value of tourism income, then
use equations (1) and (2) to calculate regional tourism in-
come and tourism income growth rate:

QJP �
DDS × w

Ccs

× TES × NpDW, (1)

W
∗

�
DDS × w

Ccs

×
TES × NpQJP

DW
. (2)

Here, Np represents the added value of tourism, w’’
represents the final demand for tourism in the place, and
TES represents the income effect of the tourism economy.

Assuming that Χ represents the degree of dependence of
tourism on other industries, formula (3) is used to obtain the
promotion characteristics of tourism income to the local
economy:

ϕ‴ � QJP × W
∗

  ×
φ × κ

(H · χ)
× ς. (3)

In the formula, φ represents the balanced relationship
between tourism income and tourism growth, κ represents
the income effect of tourism, Η represents the factors
influencing the development of tourism, χ represents the
comprehensive employment coefficient of tourism to other
industries, and W∗ represents tourism income and the lag
structure between the two variables of economic growth.'e
tourism income forecast model is shown in the following:

NA �
]c × ϕ‴

W
∗ ⊗QJP · DW. (4)

In the formula, VR represents the law of change between
the two variables of tourism income and economic growth.
However, traditional methods cannot accurately describe
the causal relationship between tourism revenue and local
economic development and cannot accurately predict
tourism revenue. 'is paper proposes an optimized fore-
casting method of tourism income based on time series.

In the process of modeling and modeling of tourism
revenue optimization forecast, obtain time-series data of
tourism revenue and local economic growth, conduct
cointegration test on tourism revenue and economic de-
velopment time-series data, and build a vector autore-
gressive model of tourism revenue and economic
development variables. To test the causal relationship be-
tween the models, the specific steps are described in detail as
follows: Before the cointegration test on tourism income and
economic development time-series data, the stability of
tourism income and economic development time series data
should be tested, respectively. Its function is to avoid false
regressions with high R2 values between tourism income
and economic development time series variables. Assuming
that B represents the criterion for judging regional eco-
nomic growth, use equation (5) to calculate the economic
growth level of a tourist area:

pα(X, A) �
B ·Ω
μn · R2

×
ςc

· Un

M
∄ . (5)

In the formula, Ω represents the total tourism income,
μn represents the dynamic impact of random disturbances
on the variable system, ςc represents the impact of economic
lagging variable in the economic region on the current
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variables, Un represents the availability of variable data, and
M∄ represents the tourism order of the time series of income
and economic growth.

Assuming that the tourism income time series repre-
sented by ξ is a first-order single integer and l represents the
second-order difference sequence of the economic growth
data series, then use equation (6) to obtain stable tourism
income and economic development time series variable data:

p
c

η1
  �

ξ 
k
i�1 η1i 

Γ η1i( 
c η1i − 1( . (6)

In the formula, n1i represents the cointegration rela-
tionship between tourism income and regional GDP, Γ
represents the random disturbance term, Υ represents the
n-dimensional endogenous variable, and k represents the
lag period of economic growth:

P
L

�
μ1n − μjn

tES × P c/η1( 
· P∝(X, A). (7)

'e income effect of tourism is defined as the impact of
tourism on domestic per capita income. Since the expenses
spent by tourists on tourism in tourist destinations will directly
become the income of local enterprises, tourism income will
gradually be based on the correlation of its related industries.
Infiltrate the local economic system, thereby driving the im-
provement of the overall local economy.'e tourism effect of a
place can be expressed as the direct and indirect impact of the
tourism industry on the local economy. Obtain the causal
relationship between local tourism revenue and economic
growth as a basis, calculate the proportion of tourism industry,
define the result of the calculation as the direct influence factor
of tourism on the local economy, integrate the related effects of
the local tourism industry, and establish the model of tourism
revenue optimization forecast.

4. Experiment and Results

In order to prove the effectiveness of the proposed time-
series-based tourism revenue optimization forecasting
modeling method, an experiment is needed. 'e experiment

takes Yan’n from 2009 to 2019 as an example to empirically
demonstrate the relationship between tourism income and
economic growth in Xi’an. 'e simulation tool for the ex-
periment is python.

In view of the complexity of the tourism system, there are
two internal and external systems for its impact factors.
Taking into account the availability and quantification of
data, an indicator system is constructed from the internal
system of domestic tourism revenue impact factors. Table 1
shows the selected indicators.

According to the method proposed in the third part,
Table 2 shows the prediction results of this method, in-
cluding the original value, predicted value, error, relative
error, and level error.

It can be seen from Figure 1 that the average relative
error is 0.073923, the average grade ratio deviation is 0.1148,
both are less than 0.2, and the posterior difference ratio C
value is 0.021 less than 0.35, which means that the model
accuracy meets the requirements. 'e combined effect is
good, and the model can be used for prediction.

In order to reflect the superiority of our algorithm, we
use the algorithm of this paper, SVM, and Naive Bayes
algorithm to construct tourism revenue optimization fore-
casting models and compare different algorithm models to
optimize tourism revenue forecast accuracy. 'e compari-
son results are shown in Figure 2.

It can be seen from Figure 2 that the accuracy of using
the algorithm model in this paper for different algorithm
models to optimize tourism revenue is better than the ac-
curacy of the SVM algorithm model for time series testing.
'is is mainly because the algorithm is used to establish the
model first.'e time-series data of tourism income and local
economy are tested for cointegration, which guarantees the
accuracy of the algorithm in this paper to optimize the
forecast of tourism income by using different algorithm
models.

'e algorithm of this paper, SVM algorithm, and Naive
Bayes algorithm is used to construct tourism revenue op-
timization forecasting model, and the error rate (%), stability
(%), and time efficiency (%) of tourism revenue optimization
forecasting models of three different algorithms are

Table 1: Index system of influencing factors of tourism income.

Explained variable First level indicator Secondary indicators

Domestic tourism income

Socioeconomic factors Added-value of tertiary industry
Regional per capita production value

Residents’ living standards
Per capita disposable income of urban residents

Per capita consumption expenditure of urban residents
'e total retail sales of social consumer goods

Traffic convenience
Passenger turnover
Passenger volume

Kilometers, railway density

Tourism resources and services
Number of star-rated hotels
Number of travel agencies

Number of A-level and above sceneries

Environmental quality factors Green area rate of built-up area
Harmless treatment rate of domestic garbage

Regional demographic factors Permanent population at the end of the year
Number of students in the university
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compared. 'e results of the comparison measure the
comprehensive effectiveness of the two different algorithms
to establish the tourism revenue optimization forecast
model.'e results of the comparison are shown in Figures 3,
4, and 5.

From the analysis in Figures 3–5, it can be concluded
that the comprehensive effectiveness of the establishment of
the tourism revenue optimization forecast model established
by the algorithm of this paper is better than the effectiveness
of the SVM algorithm and the Naive Bayesian model. 'is is
because when using the algorithm in this paper to establish a

tourism revenue optimization forecast accuracy model, a
vector autoregressive model based on tourism revenue and
local economy two variables is constructed, and the rela-
tionship between the two variables is tested by the Granger
method, and the proportion of tourism industry is calcu-
lated. On this basis, the correlation effect of local tourism
income is calculated, and a tourism income optimization
forecast accuracy model is established.

Table 2: 'e predicted value of our proposed method.

Year Original value Predictive value Error Relative error Step ratio deviation
2009 53.1 53.1 0 0 53.1
2010 67.3 51.177 16.123 0.23957 67.3
2011 83.81 75.115 8.695 0.10375 83.81
2012 103.39 100.532 2.858 0.02764 103.39
2013 126.55 127.521 −0.971 −0.0077 126.55
2014 141.56 156.179 −14.619 −0.1033 141.56
2015 160.01 186.609 −26.599 −0.1662 160.01
2016 207.33 218.919 −11.589 −0.0559 207.33
2017 275.22 253.288 21.932 0.07969 275.22
2018 291.9 289.658 2.242 0.00768 291.9
2019 335.56 328.34 7.22 0.02152 335.56
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Figure 1: Comparison of predicted value with the original value.
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Figure 2: Comparison of prediction accuracy of three algorithms.
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5. Conclusion

'e development of modern tourism is closely related to the
development of modern transportation. Transportation
construction is an important condition for the development
of tourism resources and the construction of tourist desti-
nations. Related research shows that areas with obvious ad-
vantages in transportation accessibility have a relatively high
level of regional tourism economic development. It is nec-
essary to grasp the geographical position of the northwestern
region to the east, seize the opportunity of the “Belt and Road”
and the construction of the economic belt along the Yellow
River, improve transportation services, speed up the con-
struction of transportation networks, and continuously im-
prove transportation accessibility. 'e development and
construction of tourism resources are very important to the
development of the tourism economy. In the development
process, we must pay attention to the investigation of the
tourist attraction radius of the scenic spot and the excavation
of the characteristics of the scenic spot, avoid the appearance
of homogeneous scenic spots, and establish a unique tourism
brand image system. Furthermore, due to the low location
and environmental carrying capacity of arid and semiarid
areas, the stereotype that tourism is equal to a “smoke-free
industry” must be changed, and the coupled and coordinated
development of the environment and tourism must be em-
phasized to create a good environment for cultural tourism
and natural tourism. 'e tourism service industry is a related
industry generated by tourism activities. 'e more mature it
is, the more prosperous the tourism economy will be. In order
to promote the maturity of the tourism service industry, it is
first necessary to establish a multichannel financing mecha-
nism, increase capital investment in the tourism industry, and
improve supporting service facilities; secondly, it is necessary
to regulate the order of the tourismmarket and strengthen the
supervision of the quality of tourism services; and finally, it is
necessary to transform tourism services. 'e business phi-
losophy is to establish a professional team of talents, pay
attention to feedback from tourists, and advocate “refined”
and “individualized” services.

Data Availability

'e experimental data used to support the findings of this
study are available from the author upon request.
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