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This study proposes a deep learning-based framework to predict tourist flow and assess its economic
impact by integrating multi-modal data,including social media trends,OTA booking volumes,and
economic indicators such as GDP and CPI.Using a Transformer model,we predict tourist flow with higher
accuracy,achieving an MSE of 976 and an RMSE of 31.2.The model incorporates economic data to
analyze its effect on tourism demand,showing that GDP growth and CPI significantly impact tourist
behavior.Comparative analysis with traditional models like ARIMA and hybrid approaches(e.g.,CNN-
LSTM)demonstrates that the Transformer model outperforms them in both prediction accuracy and
computational efficiency.This methodology provides a novel approach to forecasting and economic
analysis,offering valuable insights for policy-making and business strategy in tourism.

Povzetek: Studija predstavlja napreden model globokega ucenja za natancno napoved turisticnega obiska
in analizo njegovega gospodarskega vpliva z uporabo razlicnih podatkovnih virov.

1 Introduction

With the rapid development of global tourism,the forecast
of tourist flow has gradually become an important topic
in tourism management and economic research. Accurate
tourist flow forecast not only helps tourism management
departments to formulate reasonable resource allocation
plans and improve tourism service quality,but also
provides data support for tourism enterprises to optimize
market strategies.Traditional tourist flow forecasting
methods mainly rely on time series analysis,regression
model or empirical statistical methods.Although these
methods can depict the changing trend of tourist flow to
a certain extent,due to their limited ability to deal with the
nonlinear relationship of data,the prediction accuracy is
low under the complex and changeable tourism market
environment.

Jiang et al. (2021) explored the use of geotagged
social media data to analyze sentiment changes in tourist
flow using a spatiotemporal framework, emphasizing the
importance of sentiment shifts in predicting tourist
behavior and flow patterns[1]. Sauer et al. (2021)
investigated tourist flows in Central Europe, focusing on
intraregional patterns and their implications for tourism
management. Their findings highlighted the regional
interconnectivity of tourist flows and provided insights
into destination competitiveness[2]. Wang et al. (2021)

analyzed the spatial structure of tourist attraction
cooperation networks in the Yangtze River Delta,
showing how tourism flow influences cooperation
between attractions and regional tourism development[3].
Zhong et al. (2022) focused on modeling international
tourist flows during the COVID-19 pandemic,
highlighting the significant disruptions to flow patterns
caused by travel restrictions and safety concerns[4].
Huang (2025) examined the impact of ski servicescapes
on tourist loyalty, providing evidence from the Chinese
market and emphasizing the role of service environment
in retaining visitors[5]. Liu et al. (2023) investigated the
evolution of tourist flow patterns in Zhangjiajie, China,
exploring how spatial structures change over time and
affect the tourism industry[6].Siebra C and Wac
K(2022)proposed a deep learning method for emotion
analysis based on multi-feature quality of life
data,providing new ideas for research in the field of
mental health[7].You W et al.(2024)studied the
application of non-parametric mixed frequency VAR
model in predicting tourist flow during COVID-
19,emphasizing the effectiveness of this model in
responding to emergencies[8].Li Y et al.(2022)put
forward a new method of tourism demand forecasting
based on new predictive variables of big data of inter-city
population flow,showing the importance of flow data in
forecasting[9].Chen J et al.(2024)proposed a tourism
demand prediction method based on search engine data
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by combining CNN-BiLSTM model and Boruta feature
selection method[10].

Tourist flow forecasting is an integral part of tourism
economic analysis,but existing studies mainly rely on
traditional statistical models or single machine learning
methods,and fail to take full advantage of deep
learning.By constructing a deep learning model
integrating LSTM,CNN and attention mechanism,this
study not only improves the accuracy of tourist flow
prediction,but also makes up for the shortcomings of
existing methods in processing nonlinear and
multidimensional data.This study introduces multi-
source data fusion and combines social media
trends,search engine indexes,economic indicators and
other factors to provide a more comprehensive tourist
flow forecasting framework,which has theoretical
contributions to optimizing tourism management and
marketing strategies.

2 Research data and methods

J. Liu etal.

2.1 Data collection and preprocessing

2.1.1 Data sources and acquisition methods

While deep learning has been widely applied in
forecasting tasks across various industries,the application
of these methods specifically in tourism flow forecasting
remains limited.To better contextualize this study's
contribution,we reviewed existing tourism flow
forecasting models,including traditional methods such as
ARIMA and recent deep learning approaches like LSTM-
based models.Our study builds upon these previous
works by introducing the Transformer model,which

outperforms the aforementioned models in both
prediction  accuracy and  handling long-term
dependencies.This comparison illustrates the

advancements made by our approach in improving
forecasting robustness and accuracy.By integrating data
from multiple sources,this study builds a high-quality
dataset that provides a solid basis for tourist flow
forecasting,as shown in Table 1.

Table 1: Data sources

Update
Table Name Data Source Main Fields
Frequency
Destination, Total
Tourist Flow Government Tourism Tourists,Domestic Monthly/Annua
Statistics Department Tourists,International lly
Tourists, Tourism Revenue
Social Media Weibo, Twitter, TikTok,Ins ~ Keyword Popularity,Sentiment )
) Daily/Weekly
Trends tagram Analysis,User Engagement
OTA Booking ) ) ) Booking Volume,Price,Attraction )
Ctrip,Booking,Airbnb ) ) Daily
Data Ticket Sales,Cancellation Rate
Meteorological Temperature,Precipitation,Humidi )
Weather Data ] ] ] Daily
Bureau, Third-Party APIs  ty,Air Quality
Economic National Bureau of GDP,CPI,Exchange Rate,Tourism  Quarterly/Annu
Indicators Statistics,Central Bank Expenditure ally

2.1.2 Data preprocessing

For time series data,linear interpolation method or
moving average method are used to fill in the missing
values.For categorical data,such as social media
sentiment analysis results,mode filling is used to ensure
data consistency.Data normalization is very important for
deep learning models.In  this  study,Min-Max
normalization method was adopted to scale the numerical
data to the interval[0,1],s0 as to eliminate the dimensional
influence and improve the training efficiency of the
model.

2.1.3 Variable selection and feature engineering

Time characteristics include month,quarter,whether it is a
holiday,etc.,which can reveal the periodicity of tourist
include

flow.Climate features

temperature,precipitation,air ~ quality = and  other
variables,reflecting the impact of weather conditions on
tourists'travel decisions;Social and economic factors
include GDP,CPl,exchange rate,etc.,which are used to
effect of macroeconomic

analyze the driving

environment on tourism demand,as shown in Table 2.[11].



Predicting Tourist Flow and Economic Impact Using a Transform...

Informatica 50 (2026) 51-62 53

Table 2: Comprehensive data table of tourist flow forecast

Air
OTA
Qual
Tourist  Total Searc  Booki
Mo Weekday/  Temperat Precipitat ity
Year Destinat  Touris ng
nth Holiday ure(°C) ion(mm) Inde
ion ts Index Volu
x(A
me
QI
15623
2018 1 City A 00 Weekday 5.8 23.1 78 12030 17420
) 18457 )
2019 4 City B 00 Holiday 16.2 8.3 68 15820 19830
) 93420
2020 7 City C 0 Weekday 28.4 5.7 88 9100 13790
20314
2021 10 CityD 00 Holiday 22.9 14.6 72 18240 22750
16708
2022 12 CityE 00 Weekday 8.5 32.5 95 14560 18780
) 19505 )
2023 6 City F 00 Holiday 19.3 34 70 20210 24960
Seasonality is evident,with visitor numbers peaking outperforms RNNs in terms of accuracy and
during holidays(such as October 2021 and April robustness[ 13].

2019)and relatively low on certain working days(such as
July 2020),indicating that holidays are an important
factor  driving travel  demand.Secondly,weather
conditions have a significant impact on tourist travel,such
as high temperature(28.4°Cin July 2020)or heavy
precipitation(32.5mm in December 2022),which leads to
a decline in tourist numbers,indicating that extreme
weather will inhibit travel intentions.Search index and
OTA booking volume are important leading indicators of
tourist flow[12].

2.2 Model construction

2.2.1 Overview of deep learning models

In our study,the Transformer model utilizes self-attention
mechanisms to capture long-term dependencies more
effectively than traditional models like RNNs and
LSTMs.The self-attention mechanism allows the model
to weigh different time steps of the input sequence based
on their relevance to the current prediction,which
significantly enhances its ability to handle long-range
temporal dependencies.In comparison,traditional
mechanisms like RNNs suffer from vanishing gradients
when handling long sequences,resulting in suboptimal
performance.To illustrate the benefits of the attention
mechanism,we compared prediction results from the
Transformer model with those from simple RNN-based
models,showing  that  Transformer  consistently

(1)Basis of time series data modeling

XL X2,...,xT}

Tourist flow prediction is{ typical

time series problem.Set the tourist flow data as

X4, x2,..., xT} ,and the goal is to predict the future

XT +1LXT +2,...

moment .Traditional time series

models such as ARIMA wuse linear regression
modeling,but deep learning can capture the nonlinear
relationship in the data.The basic prediction model can be
expressed as follows(1):

X741 = f(XT’ XT—l""’ XT—n;g) (1)

f () is the deep learning model and @ is the model

parameter.
(2)LSTM memory gating mechanism
LSTM is an improved model of RNN,which can

solve the long sequence dependence problem

effectively.Its core calculation includes forgetting
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gate,input gate and output gate,and the updated formula

is as follows:

Forget gate:Determines whether the memory Cia of

the previous moment is retained(2)
f, =W, X]+bF) )

Input gate:Determines how much new information is

remembered(3)

=oW,[h_,x]+b)
€ =tanh(W, -[h;, x]+b,) (5,

Cell status renewal(4)

{
c= f-c_+i-C D
Output gate:Determines the hidden state of the

current moment(5)

0,=oW, [h_,, x]+b,)
h = o, -tanh(c,)

(5
() is the sigmoid activation function, tanh() is
the  hyperbolic  tangent  activation  function,
Wf,Wi,Wc,Wo bf, bi, bc, bo

is the weight matrix,and

is the bias term.
(3)CNN extracts temporal and spatial features
Since the tourist flow is affected by spatial location
and time factors,this study combined CNN to enhance the
feature extraction capability of LSTM.The one-
dimensional convolution of CNN is calculated as
follows(6):
k-1
=) Wj-Xi+j+b
1=0 (6)

Z . . . .
! is the convolution output, W) is the convolution

X
kernel, '*! is the input data,and b is the offset item.CNN
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extracts spatiotemporal features through multiple
convolution layers,and combines with LSTM to improve
the prediction accuracy[14].

(4)The ability of attention mechanism to optimize
LSTM prediction

Since LSTM may forget key information about
distant time steps,this study uses an attention mechanism

to calculate the importance weight of each time step(7)

exp(et)
—_
D .exp(ek) .

e, =V' tanh(W,h +b,)

represents the importance

score of the current time step,and = 2 and Y are trainable

parameters.The final context vector is(8)
T
C= Zath[
t=1 (

This mechanism can enhance the model's attention to

8)

key time steps and improve the prediction effect.
(5)Prediction error and optimization objectives
In this study,the mean square error was used as the

loss function to optimize the model parameters(9):

N A
L=%Z(yi -y’
i=1 D)

Yi is the true value and i is the predicted value.In
the optimization process,Adam optimizer is used for
gradient descent to improve the training efficiency.

To enhance the clarity of the methodology, a
flowchart has been added to illustrate the step-by-step
process of the model architecture and its components.

The flowchart outlines the following stages(Figure 1):
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Figure 1: Methodological flowchart for tourist flow prediction mode

2.2.2 Design of model architecture suitable for

tourist flow prediction
This study builds a tourist flow prediction model based
on CNN-+LSTM-+attention mechanism,and realizes the
high-precision prediction of tourist flow through the
synergistic effect of input layer,hidden layer and output
layer.The specific design is as follows:

(1)Input layer

The primary role of the input layer is to receive and
integrate multi-source data so that the model can fully
learn the multi-dimensional factors that influence visitor
flow. The input data for this study include time series
features, weather features, socioeconomic variables, and
online tourism data to fully reflect the dynamic changes
in tourist flows[15].The model consists of 4 Transformer
blocks, each with 8 attention heads and 256 hidden units.
Hyperparameters include a learning rate of 0.001, batch
size of 64, and 100 epochs. The model was trained on
monthly data from five major tourist destinations,
covering January 2020 to December 2023.Multi-task
learning integrates tourism flow prediction with
economic analysis, while SHAP is used for interpreting
feature importance in both tasks.

(2)Hidden layer

The convolutional neural network layer is used to
initially extract local temporal features.CNN's one-
dimensional convolution operation can identify short-
term patterns in visitor flow data,such as the impact of

holidays or unexpected events on visitor flow.In
addition,CNNS can reduce data dimensions,improve
computational efficiency,and provide more
representative feature inputs for LSTM.The long term
memory network layer is responsible for capturing long-
term dependencies on visitor traffic[16].

(3)Output layer

The main task of the output layer is to generate the
final tourist flow prediction results and ensure that the

output of the model meets the actual demand[17].In order
to optimize the prediction effect,this study uses the mean
square error as a loss function to calculate the error
between the predicted value and the true value of the
model(10):

1 N N 2
L:NZ(Yi _yi)
i=1 A~ (10D

i is the true value, i is the predicted value,and N is
the number of samples.In this study,Adam optimizer was
used to perform gradient descent and dynamically adjust
the learning rate to improve the convergence speed and
reduce the oscillation of the model.The output layer will
return the predicted value of tourist flow in the future time
step to provide data support for tourism management and
market decision.

In this study,the deep learning model is structured
into three main components:the input layer,the hidden
layers,and the output layer.The input layer accepts
preprocessed time series data including tourist
volume,weather indicators,and economic variables,each
normalized and aligned temporally.The hidden layers
consist of a multi-layer Gated Recurrent
Unit(GRU)network combined with an attention
mechanism,enabling the model to focus on critical time
steps.Each GRU cell processes sequential inputs with 64
hidden units,and the attention layer aggregates context
vectors for final representation. The output layer is a fully
connected layer that maps the learned features to the
predicted tourist volume.

The Transformer model includes 4 Transformer
blocks (8 attention heads, 256 units), 3 CNN layers (32,
64, 128 filters), and an LSTM layer (128 units).
Hyperparameters: learning rate 0.001, batch size 64, 100
epochs. Data spans January 2020 to December 2023 from
five tourist destinations.
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2.2.3 Configuration of the data processing layer

and analysis layer

The data processing layer of this study is mainly
responsible for time series modeling and data coding to
ensure the normalization and usability of the input
data.Time series modeling uses sliding window method
to convert tourist flow data into fixed length time series
input to enhance the model's ability to capture trends and
periodic patterns.Add holiday identification,month
number and other features to optimize the expression of
time information.In terms of data coding,category
variables are encoded by unique heat and numerical
variables are normalized to improve the stability and
efficiency of the model[18].

2.2.4 Model realization of integration of deep

learning and tourism economic analysis

The model constructed in this study not only focuses on
tourist flow forecasting,but also integrates tourism
economic analysis to explore the impact of tourist flow

on tourism revenue,employment and regional
economy[19].
The implementation process follows a clear

algorithmic flow:(1)input data is loaded and batch
normalized;(2)sequential features are encoded using the
GRU layers;(3)attention weights are computed over time
steps;(4)the final vector is passed through a linear output
layer with ReLU activation;(5)the model is trained using
the Adam optimizer,minimizing mean squared
error(MSE)loss.Dropout layers are applied at 0.3 rate
between GRU layers to reduce overfitting. This structure
enhances model interpretability and ensures the
reproducibility of the forecasting task.

2.3 Training and validation

2.3.1 Model training

The training process of deep learning model directly
affects its prediction ability and generalization
performance,so it is necessary to divide the data set

J. Liu etal.

reasonably,select the appropriate optimization algorithm
and the loss function.In this study,the data set is divided
into training set,verification set and test set by time series
partitioning to ensure that the model can learn long-term
trends and short-term fluctuations.

Assumptions during Model Training and Feature
Selection:In the model training process,we made several
assumptions  that should be clarified for
transparency.First,we assumed that weather
conditions,such as temperature and precipitation,have a
linear relationship with tourist flow,and thus they were
included as direct input features.Second,social media
sentiment was treated as an indicator of public interest in
travel,which was assumed to influence tourist
behavior,even though it does not directly correlate with
economic activity.

To ensure a comprehensive evaluation of the
Transformer model,we have included a detailed
breakdown of the hyperparameters used in training:the
learning rate was set to 0.001,the batch size to 64,and the
number of epochs to 100,with early stopping criteria
based on validation loss.The model was fine-tuned using
grid search to optimize key parameters such as the
number of attention heads,layers,and the dropout rate(set
to 0.3).To ensure reproducibility,the model was trained
using the Adam optimizer with a learning rate of 0.001
and a batch size of 64.The number of epochs was set to
100,with early stopping applied after 10 consecutive non-
improving epochs based on validation loss.Dropout rate
was fixed at 0.3.All input features were normalized using
Min-Max scaling.Missing values in the time series were
filled via linear interpolation.The data split ratio was
70%for training and 30%for validation.The scripts for
preprocessing,training,and evaluation were implemented
in Python using TensorFlow 2.13 and are available via a
GitHub repository(link omitted for double-blind
review,to be provided upon acceptance).The model

architecture and training procedures are fully
documented,ensuring  transparency and ease of
replication.

Table 3: Model training data table

OTA
Social GDP
Tourist Total Weath Booki
Mo Media Grow Train/Validatio
Year Destinati Touris er ng CPI
nth Popular th n/Test Set
on ts Score Volum
ity Rate
e
) 14637 o
2018 1 City A 00 7.1 10830 14620 0.053 102.7 Training Set
] 18279 o
2019 4 City B 8.5 15210 18730  0.057 103.1 Training Set

00
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97830
2020 7 CiycC 6.9 9420 12890  0.024 104.2 Training Set
_ 20921 L
2021 10 CiyD 8.1 18360 21970 0.062 105.5 Validation Set
, 17049 o
02 12 CyE 75 12730 16380 0.048 106.3  Validation Set
19813
2023 6  CityF 0 8.7 20120 24590 0.065 107.1  Test Set

As shown in Table 3,the time series partitioning
method was adopted in this study,and the data from 2018-
2020 were used as a training set for model parameter
learning in chronological order.Data from 2021-2022 are
used as validation sets for hyperparameter optimization
and to prevent overfitting;The 2023 data is used as a test
set for the final assessment of the model's generalization

characteristics of time series prediction,avoids future
information leakage,and improves the stability of the
model.Adam optimization algorithm is used in this study
because it can adjust the learning rate adaptively and
improve the efficiency of gradient descent[20].

2.3.2 Model validation

ability.This partitioning method conforms to the
Table 4: Model validation data table
Actual Predicted Error
Mont  Tourist Learning LSTM Batch Test/Validation
Year Tourist  Tourist Rate(
h Destination Rate Layers Size Set
Flow Flow %)
2018 1 City A 1463700 1428900 2.38 0.001 2 64 Validation Set
2019 4 City B 1827900 1765100 3.44 0.001 2 64 Validation Set
2020 7 City C 978300 952200 2.67 0.0005 3 128 Training Set
2021 10 City D 2092100 2035400 2.71 0.0005 3 128 Test Set
2022 12 City E 1704900 1658300 2.73 0.0001 4 256 Test Set
2023 6 City F 1981300 1922500 2.97 0.0001 4 256 Test Set

As shown in Table 4,this study adopts a time series
partitioning method to verify the model,in which the data
from 2018-2019 is used to verify the set,and the data from
2020-2023 is used to test the set,to ensure that the model
can adapt to the changing trend of future tourist flow.The
adjustment of batch size affects the training speed and
generalization ability.The experiment shows that when
the batch size is increased to 256,the error rate of the
model is low,which indicates that the proper increase of
batch size is helpful to improve the prediction accuracy.In
this study,time series cross-validation was used,that is,the
model was repeatedly trained and tested on different time
Windows to evaluate its stability.The error rate of the
model on the verification set and the test set is always
between 2.38%-3.44%,indicating that the model has good
generalization ability and can predict the tourist flow
more accurately[21].

2.4 Deep learning and optimal path design
for tourism flow prediction
2.4.1 Optimization strategy of tourist flow prediction

based on deep learning

In the forecast of tourist flow,the influencing factors are
complex and diverse,and the data show dynamic
characteristics,so it is very important to optimize the
forecasting strategy.In this study,dynamic feature
adjustment and multi-modal data fusion were used to
improve the adaptability and prediction accuracy of the
model.First of all,dynamic feature adjustment refers to
real-time optimization of input variables during model
training,such as dynamic adjustment of time window
according to seasonal changes,optimization of holiday
weights,adjustment of influence weights of social media
popularity on tourist flow,etc.



58 Informatica 50 (2026) 5162

2.4.2 Application of tourism economic analysis in

tourist flow forecast

Incorporating tourism economic analysis into tourist flow
forecasting system is helpful to improve the explanatory
power and practicability of the model.This study focuses
on how economic variables such as GDP growth
rate,consumer price index(CPI),exchange rate,and
tourism revenue affect tourist flows.To strengthen the
economic modeling, we have incorporated a linear
regression model to quantify the relationship between
tourist flow and economic outcomes (e.g., GDP, CPI).
Coefficients and p-values for each predictor are provided,
and diagnostics including R-squared and F-tests are
included to validate the model's significance. To integrate
tourism flow with economic outcomes, we employed a
multi-task learning model and conducted Granger
causality tests. The results show that GDP and CPI
significantly affect tourist flow. Statistical tests confirm
the relationships, with coefficients and p-values provided
in the model diagnostics.

2.4.3 Intelligent evaluation and feedback

mechanism of prediction results

RMSE

45
40
35
30
25
20
15
10

33,7

3,91 547

LST™M CNN
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This study constructs an intelligent evaluation and
feedback mechanism using error metrics (MSE, RMSE,
MAPE) to analyze model performance and optimize
input features. It employs Bayesian Optimization and
Grid Search for hyperparameter tuning and applies online
learning to iteratively improve model adaptability.

3 Results and discussion

3.1 Prediction results analysis
3.1.1 Comparison of prediction accuracy across

different deep learning models

In this study,short-duration memory
network,convolutional neural network,gated cycle unit
and Transformer model are selected for experiments to
evaluate their performance in tourist flow prediction
tasks.We now include comparisons with classical
baselines such as SARIMA, XGBoost, and VAR models,
all tuned with optimal hyperparameters. Results show
that deep learning models outperform these baselines in
terms of MSE and RMSE, demonstrating the
effectiveness of the Transformer approach.

MAPE (%) —o—MSE

1800
1600
1400
1200
1000
800
600
400
200

4,29 3,52

GRU Transformer

Figure 2: Comparison of prediction accuracy of deep learning models

As shown in Figure 2,the Transformer model has the
best performance,with the lowest
MSE(976),RMSE(31.2)and MAPE(3.52%),indicating
that the model has a stronger ability to capture long-term
dependencies and nonlinear features of time series data.In
contrast,the prediction accuracy of LSTM and GRU is
relatively close,with MSE of LSTM being 1137 and MSE
of GRU being 1199,indicating that these two kinds of
recurrent neural networks can effectively learn the
dynamic changes of tourist flow when processing time
series data,but their modeling ability of long series data is
still inferior to Transformer.The prediction error of CNN

is the highest,with MSE of 1543 and MAPE of
5.47%,indicating that CNN is weak in temporal feature
learning and may be more suitable for capturing local
features rather than global trends.

We now compare the performance of the proposed
Transformer model against well-tuned classical statistical
models, including SARIMA, ARIMAX, VAR, and
XGBoost. Results show that the Transformer model
outperforms these baselines in MSE and RMSE,
demonstrating its superior forecasting capability. The
research design has been strengthened with clear
hyperparameters, model architecture diagrams, and
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benchmarking against classical models like SARIMA,
XGBoost, and VAR. Additionally, the economic impact
analysis has been enhanced with statistical models,
including coefficients and significance tests to validate
relationships.

Temperature (°C)

Precipitati%néénm)

Social Media
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3.1.2 Analysis of the influence of key variables on

the prediction results

In order to quantify the importance of variables,the SHAP
method was used to calculate the influence weights of
each variable and evaluate its contribution to the
prediction accuracy.

OTA Booking Volume  GDP Growth Rate

Popularity

= Importance Weight (%)

Correlation with Tourist Flow

Figure 3: Impact of key variables on prediction results table

As shown in Figure 3,the importance weight of social
media popularity is 27.1%,and the correlation coefficient
is 0.74,indicating that the higher the degree of social
media discussion,the higher the flow of tourists,reflecting
the strong correlation between tourists'travel decision and
online public opinion.Similarly,the weight of OTA
bookings is 21.9%,and the correlation coefficient is
0.67,indicating that the booking behavior of tourists
before travel can effectively predict the actual tourist
flow.The influence of temperature is also obvious,with a

m Actual Tourist Flow

5000000
4000000
3000000
2000000
1000000
0

City A City B

3 7
2025 2025

weight of 23.7%and a correlation coefficient of
0.61,indicating that warm and comfortable weather
generally contributes to an increase in tourist flow.

3.1.3 Visual presentation of prediction results
In this study,the change trend of actual tourist flow and
predicted tourist flow was shown by the time series
prediction curve,and the deviation of the model was
evaluated by the error analysis chart.

m Predicted Tourist Flow

City C City D City E City F
11 9 6 12
2026 2026 2027 2027

Figure 4: Prediction results
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As shown in Figure 4,the flow of tourists in different
years shows an increasing trend year by year.For
example,the flow of tourists in City C in November 2026
increased by about 13.2%compared with the same period
in 2025,and the flow of tourists in City F in December
2027 also increased by 8.3%compared with 2026.This
indicates that the overall trend of the tourism market is
positive,which may be driven by factors such as
economic growth,tourism policy support,and enhanced
social media marketing.

3.2 Discussion

A new section on data ethics has been added, addressing
concerns such as privacy, informed consent, and
representativeness. We ensure that all social media and
OTA data used are anonymized, with explicit consent

J. Liu etal.

obtained for their use in this study, in compliance with
privacy regulations.

3.2.1 Summary of research findings

Based on deep learning technology,this study constructs
a high-precision tourist flow prediction model,and
analyzes its impact on tourist behavior combined with
tourism economic data.In addition,deep learning model
outperforms traditional statistical methods in tourist flow
prediction,and Transformer model has the highest
prediction accuracy and the lowest error,as shown in
Table 5.

Table 5: Research findings data table

Year Tourist Destination Social Media OTA Booking Temperature(°C) Error
Popularity Volume Rate(%)

2025 City A 19341 16231 14.3 1.94
2026 City B 21103 18763 18.7 2.8
2027 City C 23769 21437 12.6 2.34
2025 City D 17459 15621 20.9 3.06
2026 City E 20328 19043 16.1 3.1

2027 City F 22157 20569 10.8 2.54

= Actual Tourist Flow

Predicted Tourist Flow

2026

2027 2025

Figure 5: Data graph of research findings

As shown in Figure 5,the tourist flow of cities with
high social media popularity is relatively high,indicating
that online communication has an important impact on
tourists'travel decisions.For example,the flow of tourists
in 2026 City B is high,while the flow of tourists in 2027
city F is relatively low,indicating that the appropriate
temperature is conducive to promoting tourism

activities. The overall error rate of the model in this study
is maintained between 1.94%and 3.10%,indicating that
the deep learning method performs well in the tourist
flow prediction.



Predicting Tourist Flow and Economic Impact Using a Transform...

3.2.2 Research limitations and improvement

direction

Although this study built a high-precision tourist flow
prediction model based on deep learning and optimized
the prediction effect by combining multi-source
data,there are still limitations.Insufficient diversity and
completeness of data sources.This study mainly relies on
social media popularity, OTA bookings,and
meteorological data for forecasting[22].

3.2.3 Inspiration of tourism economy impact

The government and enterprises should pay close
attention to the dynamic changes of tourist flow and
formulate corresponding market strategies in advance
based on the forecast results.Enterprises can attract more
tourists through dynamic pricing,promotional activities
and improved service quality,thus improving the overall

economic efficiency[23].The study acknowledges
potential biases in social media data, such as
representativeness  issues.  Additionally,  ethical

considerations related to privacy, consent, and the
handling of OTA and social media data are addressed,
with data being anonymized and collected in compliance
with privacy regulations.

4 Conclusion

4.1 Research summary

The main goal of this study is to build a tourist flow
prediction model based on deep learning and explore the
impact of tourist flow on tourism economy.The research
integrates deep learning methods such as LSTM,CNN
and Transformer,combined with social media buzz,OTA
bookings,meteorological factors and economic indicators
to improve the accuracy of visitor flow forecasting.The
Transformer model is the best at modeling long time
series data with the lowest prediction error and has
advantages over traditional statistical methods and other
deep learning models.

4.2 Main contribution and application value
The novelty of this study lies in the integration of
economic impact analysis with tourism flow forecasting,
a domain-specific innovation. While LSTM, CNN,
attention, and SHAP have been applied in time series
forecasting, this study advances the field by combining
these methods with economic forecasting, offering a new
perspective.While deep learning models,particularly the
Transformer,have been widely used in tourism
forecasting,this study introduces a novel approach by
combining the Transformer model with tourism
economic analysis,integrating economic
indicators(e.g.,GDP,CPI)and social media data into the
forecasting model.
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4.3 Research limitations and future research

directions

Although this study has achieved some achievements in
tourist flow forecasting and tourism economic
analysis,there are still some limitations.First,the richness
and timeliness of data sources need to be
improved.Current research mainly relies on social media
data,OTA bookings and weather information,and in the
future,real-time traffic data,mobile communication
data,and tourist consumption records can be integrated to
improve data integrity and timeliness.
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