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Abstract: Amid the impact of COVID-19, the public’s willingness to travel has changed, which has 
had a fundamental impact on the ridership of urban public transport. Usually, travel willingness is 
mainly analyzed by questionnaire survey, but it needs to reflect the accurate psychological perception 
of the public entirely. Based on Weibo text data, this paper used natural language processing 
technology to quantify the public’s willingness to travel in the post-COVID-19 era. First, web crawler 
technology was used to collect microblog text data, which will discuss COVID-19 and travel at the 
same time. Then, based on the Naive Bayes classification algorithm, travel sentiment analysis was 
carried out on the data, and the relationship between public travel willingness and urban public 
transport ridership was analyzed by Spearman correlation analysis. Finally, the LDA topic model was 
used to conduct content topic research on microblog text data during and after COVID-19. The results 
showed that the mean values of compelling travel emotion were -0.8197 and -0.0640 during and after 
COVID-19, respectively. The willingness of the public to travel directly affects the ridership of urban 
public transport. Compared with the COVID-19 period, the public’s fear of travel infection in the post-
COVID-19 era has significantly improved, but it still exists. The public pays more attention to the level 
of COVID-19 prevention and control and the length of travel time on public transport. 
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1. Introduction  

COVID-19 has severely impacted transport, with public transport passenger traffic in 36 central 
cities nationwide standing at 44.15 billion in 2020, down 33.7% year-on-year, according to the Ministry 
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of Transport of the People’s Republic of China. With COVID-19 under effective control in China, the 
national COVID-19 prevention and control have entered a normalized phase since April 29th, 2020 [1], 
i.e., it has entered the post-COVID-19 era [2]. However, the rebound of COVID-19 in local areas has 
caused ups and downs in the public’s willingness to travel, resulting in fluctuations in the recovery of 
urban public transport. Therefore, studying the public’s willingness to travel in the post-COVID-19 
era provides data support for grasping public travel choices and responding to public health 
emergencies, and providing a reference for the development of urban public transportation in the post-
COVID-19 era. 

COVID-19 has devastated the entire world, and people’s lifestyles, work styles, and travel 
behaviors are bound to change significantly. Travel willingness is an antecedent variable of travel 
behavior, which will have a significant effect on the final travel behavior, and therefore travel 
willingness is related to urban public transportation ridership [3–5]. Some studies have shown that the 
public’s willingness to travel and public transport ridership dropped significantly during the 
COVID-19 outbreak [6–8]. Because the main disadvantage of public transportation is the small 
physical distance, some travelers who usually commute and shop by public transit are shifting their 
trips to private cars or micro-trips [9,10]. Additional studies have shown that if the development of 
COVID-19 gradually stabilizes and the safety and hygiene of the general public traveling can be 
ensured, the willingness of individuals to travel will rise, and public transportation ridership will 
rebound but still less willing to travel than before the outbreak [11]. 

Most existing studies have used questionnaire methods [12–18]to obtain data, and the same is 
valid for studies addressing travel willingness s in the post-COVID-19 era [19–24]. However, the high 
reliance on the questionnaire method may lead to several limitations, such as relatively low response 
rates, random bias in the data, and cumbersome data collection and processing [25]. 

In the wake of the COVID-19, social media platforms represented by Weibo have become the 
main channel for the public to exchange views and express opinions, promoting the social spread of 
personal concerns and emotions. As one of China’s most influential social media platforms, Weibo is 
an effective and reliable data source with a wide range of users, many texts, and high timeliness of the 
content. The use of social text mining techniques to obtain information of interest or usefulness from 
Weibo data has been applied in the research on COVID-19. Cao et al. [26] explored the pattern of 
sentiment evolution by studying public sentiment in online discussions on Sina Weibo during the Wuhan 
city closure in January 2020. Hou et al. [27] conducted a public attention analysis based on Weibo texts 
during COVID-19 to understand public sentiment comprehensively. Viviani et al. [28] assessed the 
potential psychological vulnerability of residents during COVID-19 by analyzing the content of Weibo. 
Shao et al. [29] studied the relationship between public sentiment changes and agricultural price 
fluctuations during COVID-19. Ge et al. [30] used data from comments on public opinion under the 
road passenger transport policy during COVID-19 to conduct a mining analysis of residents’ travel 
demand and concerns. 

In summary, the established literature has examined the impact of the outbreak of COVID-19 on 
the public’s willingness to travel. However, changes in the outbreak and targeted prevention and 
control measures have yet to be considered. The corresponding travel willingness of the people is 
dynamic and gradually leveling off, with a gradual return to the pre-COVID-19 period [31,32]. 
Although COVID-19 is now effectively under control, the duration of the COVID-19 and the regional 
risk level are still unclear, and residents’ travel willingness and sentiments in the post-COVID-19 era 
need to be further studied. Traditional questionnaires cannot circumvent the subjectivity of researchers’ 



3690 

Electronic Research Archive  Volume 31, Issue 7, 3688–3703. 

judgments, and using big data to investigate changes in the public’s travel willingness can compensate 
for the lack of research in this area to a certain extent. Therefore, this study uses web crawler 
technology to obtain raw text data from Weibo, analyses the changing trend of public travel willingness 
in the post-COVID-19 era through text mining, and investigates the correlation between urban public 
transport ridership and general travel willingness, as well as the influencing factors of travel 
willingness. The study provides data support and directional guidance for the recovery and stimulation 
of urban public transport in the post-COVID-19 era. 

2. Data acquisition and pre-processing 

2.1. Research design 

Compared to traditional survey methods, obtaining data through social media is efficient and 
inexpensive, while social media has become a popular channel for collecting public opinion due to its 
large volume of data and accessibility features [33]. However, existing studies need more effective 
methods to extract and interpret social media data. Therefore, this study constructs a comprehensive 
framework (see Figure 1) that enables efficient extraction and analysis of public travel willingness 
from Weibo. 

 

Figure 1. Weibo data collection, processing and analysis framework. 

The primary construction process consists of four steps: 1) collecting text posted during a specific 
period of time; 2) pre-processing the text to retain text that is meaningful for subsequent analysis; 3) 
labeling the data and training a machine learning model to extract text relevant to travel sentiment from 
the original Weibo dataset; and 4) using text mining techniques and quantitative metrics to present and 
interpret the data. 

2.2. Sampling and data collection 

A total of 15,666 original tweets related to travel during the COVID-19 were collected, using 
“travel during the COVID-19”, “going out during the COVID-19”, “travel in the post-COVID-19 era” 
and “going out in the post-COVID-19 era” as keywords, from December 27th, 2019 to April 28th, 2020 
and from April 29th, 2020 to October 31th, 2021, with a total of 15,666 original Weibo, extracting 
information on user ID, Weibo body and posting time. 
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2.3. Pre-processing the raw dataset 

Data pre-processing is carried out, first removing duplicate data and retaining the first occurrence 
of the text. Then remove text data that needs to be more confusingly formatted, missing content, and 
irrelevant. Finally, the text is cleaned of meaningless information, including special symbols, usernames, 
and emoticons. Jieba in Python was used to segment the text. To accurately analyze the public’s travel 
sentiment, this study first merged the list of deactivated words from Baidu, Harbin Institute of 
Technology, and Sichuan University Machine Intelligence Laboratory, then removed some negative 
words, negative and positive feeling words, and finally kept expanding the list of non-indexed words 
based on the separation results until the word separation effect could meet the model requirements. 

3. Data analysis methods 

3.1. Naive Bayes sentiment classification algorithm 

Naive Bayes can be used for Weibo text sentiment classification, a widely used classification 
algorithm in machine learning and data mining, with the advantages of a simple algorithm, high 
classification accuracy, and fast speed [34]. It first calculates the conditional probability that the sample 
to be judged belongs to each category based on Bayes’ theorem and the assumption of conditional 
independence of attributes and then determines it as the category with the highest probability. 

3.2. Spearman relevance 

In statistics, Spearman’s correlation is used to estimate the correlation between two variables [35], 
and it is applied to the analysis of both continuous and discrete variables. Let the binary sample {(𝑋 , 𝑌 ), 1 ≤ 𝑖 ≤ 𝑛} be from the samples of the overall 𝑋 , 𝑌 , respectively, and let 𝑅(𝑥 ) , 𝑅(𝑦 ) 
denote the rank of 𝑥 , 𝑦  in {(𝑋 , 𝑌 ), 1 ≤ 𝑖 ≤ 𝑛}, respectively, then the Spearman’s rank correlation 
coefficient between 𝑋 and 𝑌 is defined as: 

 𝑟(𝑋, 𝑌) = 1 − ∑( )  (1) 

where，𝑑 = 𝑅 𝑥 − 𝑅 𝑦 , 𝑗 = 1, 2,⋯ , 𝑛. 

3.3. LDA text topic generation model 

LDA (Latent Dirichlet allocation), or latent Dirichlet allocation, was originally proposed by Blei 
et al. and is one of the most widely used probabilistic topic models [36]. It is a Bayesian probabilistic 
model that contains a three-level structure of words, topics and documents, and the main purpose of 
LDA is to identify potential topics based on the word frequency of each document. It can therefore be 
considered as an unsupervised generative topic model that uses a specified corpus to estimate the topic 
probability distribution for each document 𝜃 and the per-topic word 𝜙 probability distribution. It is 
assumed that each document is generated by the process shown in Figure 2, where K denotes the 
number of topics, D denotes the number of documents in the corpus, N denotes the number of words 
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in the documents, and the white dashed circles, white solid circles and grey solid circles represent 
hyperparameters, latent variables, and observed variables respectively. 

 

Figure 2. LDA text generation procedure. 

4. Results 

4.1. Sentiment analysis of the public’s willingness to travel 

The development of the COVID-19 situation affects the public’s willingness to travel, and the 
Weibo text reflects a certain extent, the fluctuation of the public’s willingness to travel due to the 
change in the COVID-19 situation. This paper focuses on implementing a Naive Bayes sentiment 
propensity analysis using the SnowNLP library. 

The study randomly selected and manually labeled 500 Weibo as the pre-annotated dataset. The 
pre-annotations contained four categories: 100 texts annotated as off-topic, 107 texts annotated with 
negative attitudes, 80 texts with neutral attitudes, and 113 texts expressing positive attitudes. The 
category of neutral attitudes refers to texts expressing indifferent opinions or stating objective facts. 
Table 1 shows examples of manually annotated texts in the annotated dataset. The annotated set was 
used as the training set to train the naive Bayesian classification model, and the training set was used 
to evaluate accuracy. The best-performing classifier is applied to the entire dataset by tuning the 
hyperparameters. The trained classifier was tested at 0.8275 by the model accuracy test, indicating a 
good classification result. 

The results of the Weibo text sentiment classification during the COVID-19 (D) and post-
COVID-19 era (P) are shown in Table 2, with the mean values of effective travel sentiment during the 
COVID-19 and post-COVID-19 era being -0.8197 and -0.0640 respectively. This data refers to the 
ordinary people’s sentiment toward travel during the COVID-19 and post-COVID-19 era. The mean 
value of -0.8197 during the COVID-19 period means that people’s sentiment toward travel is generally 
negative, probably due to the impact of COVID-19, which makes people reluctant to travel or feel the 
risk and inconvenience of travel. The mean value for the post-COVID-19 period is -0.0640, meaning 
that people’s sentiment toward travel has gradually recovered, probably because COVID-19 is under 
control or people have gradually adapted to the changes in their lives brought about by COVID-19. 
This data can reflect the impact of COVID-19 on people’s emotions and behavior. 
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Table 1. List of literature on research methods. 

Authors Research Subjects Research Period Research Methods 

Raymond et al. [12] 

(2021) 

The impact of COVID-19 morbidity and mortality on 

travel willingness 

During the COVID-19 Multi-Cluster Analysis 

Method 

Yang et al. [13] 

(2021) 

Influence of passenger perception of safety on 

willingness to travel by air 

During the COVID-19 Structural Equation 

Model (SEM) 

Shi et al. [14] 

(2021) 

Factors and Mechanisms of Influence of the COVID-19 

on Residents’ Willingness to Travel for Leisure 

During the COVID-19 SEM 

Liang et al. [15] 

(2022) 

Residents’ willingness to travel under the COVID-19 During the COVID-19 SEM 

Mehrbakhsh et al. 

[16] (2022) 

The influence of opinions in social media on travel 

decisions 

During the COVID-19 SEM 

Francene et al. [17] 

(2023) 

Change in travel attitudes due to the COVID-19 During the COVID-19 SEM 

Jordan et al. [18] 

(2023) 

Influence of college students’ perceived risk of the 

COVID-19 on their willingness to travel 

During the COVID-19 SEM 

Zhang et al. [19] 

(2022) 

People’s willingness to travel to urban parks Post-COVID-19 era SEM 

Zhao et al. [20] 

(2022) 

Residents’ travel mentality Post-COVID-19 era Theory of Planned 

Behavior 

Sun et al. [21] 

(2022) 

The effect of people’s trust in destination risk 

regulation on their willingness to travel 

Post-COVID-19 era SEM 

Vikram et al. [22] 

(2022) 

Impact of the COVID-19 on Commuters’ Travel 

willingness in Delhi, India 

Post-COVID-19 era SEM 

Shalini et al. [23] 

(2022) 

Influence of personality traits on willingness to travel Post-COVID-19 era Artificial Neural 

Networks 

Yao et al. [24] 

(2023) 

How to stimulate people’s willingness to travel Post-COVID-19 era SEM 

Table 2. Manually annotate the sample Weibo text. 

Off-topic: as soon as we left the house, the wind was howling and the thunderstorm was in full force. 

Tangential to the theme: wash your hands regularly, get plenty of ventilation, get vaccinated and wear a mask when you go out! 

Positive: #GuangzhouOutbreak #Get out and 

protect yourself, whether you’re in a medium-

risk area or not! ~Believe Guangzhou will 

survive the second wave of the outbreak! 

Neutral: #Foshan Nanhai District 1 site 

upgraded to medium risk #Wear a mask 

when you go out and try not to go out and 

gather together if not necessary 

Negative: #Foshan Nanhai District 1 

site upgraded to medium risk #dare 

not go out 

Figure 3 shows the general trend of the public’s change in travel sentiment during the COVID-19 
and post-COVID-19 era. During COVID-19, the public’s emotions about traveling did not fluctuate 
much. However, they were in negative emotions most of the time because the government advocated 
“home quarantine to reduce unnecessary travel”, and prolonged home stay would cause negative 
psychological reactions, such as anxiety and fear, which would affect the public’s willingness to travel. 
After the outbreak, the social media platforms represented by microblogs showed an “explosion” of 
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group communication and promoted the socialization of individual emotions, and the emotional 
experience caused by the outbreak spread to the population through mass communication. 

In the post-COVID-19 era, the public’s travel emotions fluctuated, with positive and negative 
emotions alternating, i.e., in the temporal dimension, the daily sentiment trend indicated that the public 
went through a stage of emotional turnover between fearful and nervous and smooth and confident. 
However, there is still some time in negative and negative emotions, indicating that the public’s fear 
of infection for travel still exists, although it has improved significantly. 

 

Figure 3. The changing trend of travel emotion. 

The positive emotional high-frequency words for public travel in the post-COVID-19 era are 
shown in Figure 4. The words safety, health, strict, service, and happy reflect the public’s confidence 
in preventing and controlling COVID-19, their feeling of safety in the travel environment, and their 
expectation of travel service quality in the post-COVID-19 era. People pay more attention to the safety 
and health of travel, have higher requirements for the hygiene of transportation and places, and expect 
more stringent supervision and service guarantee. Words such as happy, pleasant, and comfortable 
indicate that the public also has higher expectations for travel experiences and wants to enjoy better 
services and travel experiences. Therefore the strength of prevention and control of COVID-19 and 
the degree of implementation are essential factors affecting residents’ travel. 

The positive emotional high-frequency words of public travel in the post-COVID-19 era are 
shown in Figure 5. Words such as mask, risk, isolation, and time reflect the public’s concern about 
travel in the post-COVID-19 era, showing fear of infection, so the level of COVID-19 prevention and 
control in their area and the travel time of transportation become the public’s concern about travel in 
the post-COVID-19 era. 
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Figure 4. Cloud map of positive emotion words in the post-COVID-19 era. 

 

Figure 5. Cloud map of negative emotion words in the post-COVID-19 era. 

4.2. Analysis of the correlation between travel willingness and public transport ridership 

To analyze the correlation between the public’s willingness to travel and urban public transport 
ridership under COVID-19, this study replaced the public’s willingness to travel with the daily positive 
and negative sentiment volumes obtained in Section 4.1. It used SPSS statistical software to conduct a 
Spearman correlation data analysis. Data on urban public transport ridership were obtained from the 
Ministry of Transport, and the current study included 670 days of data, i.e., from January 1th, 2020 to 
April 28th, 2020 and from April 29th, 2020 to October 31th, 2021. 

Table 3 shows the Spearman correlation between public travel willingness and urban public 
transport ridership. The table shows that positive public sentiment is positively and significantly 
correlated with urban public transport ridership. 

Table 3. Weibo classification. 

Category Off-topic Relevant to the topic Total 

Periods D P D P D P 

Counts 1136 2081 7608 4841 8744 6922 

Percentage 12.99% 30.06% 87.01% 69.94% 100% 100% 

Category Positive Neutral Negative Total 

Periods D P D P D P D P 

Counts 516 1888 340 755 6752 2198 7608 4841 

Percentage 6.78% 39.00% 4.67% 15.60% 88.75% 45.40% 100% 100% 
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On the other hand, negative public sentiment is negatively correlated with urban public transport 
ridership, with both positive and negative sentiment having a relatively small effect on taxi ridership, 
which is related to the fact that taxis have a relatively safe riding environment and are an important 
mode of travel for the public in the COVID-19. 

And as seen in Figure 6, the trend of urban public transport ridership is almost the same as the 
trend of the public’s positive travel willingness, while it is the opposite of the trend of the public’s 
negative travel willingness. 

 

Figure 6. Public travel sentiment and the changing trend of public transport ridership. 

And it can be seen from Figure 6 that the trend of the change in urban public transportation 
passenger ridership is almost the same as the trend of the change in the public’s positive willingness 
to travel. In contrast, it is the opposite of the trend of the change in the public’s negative willingness 
to travel because there is a close correlation between the shift in public transportation passenger 
ridership and the difference in public willingness to travel. When the public’s demand for travel 
increases, public transportation passenger ridership will increase accordingly, while when the public’s 
demand for travel decreases, public transportation passenger ridership will decrease. Therefore, public 
transportation passenger ridership is almost the same as the public’s positive willingness to travel 
because the public’s positive willingness to travel will promote the increase of public transportation 
passenger ridership. On the contrary, negative public willingness to travel leads to a decrease in public 
transportation passenger ridership, so the trend of public transportation passenger ridership is precisely 
opposite to the trend of negative public willingness to travel. 
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Under the influence of COVID-19, travelers perceived a higher likelihood of being infected in 
public transportation than traveling by other means of transportation. As shown in the above study 
results, travelers who perceived a higher risk of infection in public transit were less likely to use it, and 
those who did not travel by public transportation chose private cars and cabs instead. 

4.3. Analysis of this topic in travel-related Weibo posts under the COVID-19 

When modeling LDA, the number of topics varies dynamically with the data sample, so it is 
necessary first to determine the number of topics that makes the model optimal. The optimal number 
of topics, K, is selected using a commonly used evaluation criterion in statistical language models, the 
“confusion level” [37]. In general, the smaller the perplexity value, the higher the model’s performance 
in generating documents and the better the model’s generalizability. The value of K for the optimal 
number of topics can be obtained by calculating and analyzing the perplexity by taking different values 
for K, provided that the other parameters are determined. 

COVID-19, the first phase of the theme analysis, runs from January 1th, 2020, to April 28th, 2020. 
In Figure 7(a) of the theme number confusion degree line, as the value of theme number K increases, 
the confusion degree gradually decreases, and when K is 6, there is a significant inflection point. 
Therefore, inflection point 6 is the optimal value of topic K. The number of topics generated during 
COVID-19 was also selected to be 6. To find popular topics from the six topics in Table 4, this study 
obtained the probability of each tweet belonging to a different topic based on the document-topic 
probability distribution to calculate each topic’s intensity and intensity threshold. 

 

Figure 7. Topic perplexity curve. 
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Table 4. The correlation between public travel willingness and public transport ridership. 

Variables Correlation coefficient 

The Volume of positive emotions Public transport ridership 0.848** 

Rail ridership 0.829** 

Taxi ridership 0.612** 

The Volume of negative emotions Public transport ridership -0.754** 

Rail ridership -0.765** 

Taxi ridership -0.526* 

Note: **: At the 0.01 level (two-tailed), the correlation is significant; *: At the 0.05 level (two-tailed), the correlation is significant. 

Figure 8(a) shows the distribution of intensity values for each case, with the vertical axis 
indicating the topic intensity value and the horizontal line marking the topic intensity threshold (15%). 
Themes 2, 3, and 5 have topic intensity values above the threshold, i.e., travel prevention, life 
prevention, and travel elements are the top topics in the current situation. Therefore, people pay more 
attention to personal protection and the spatial distance and time of transportation when traveling, such 
as carrying good masks, wet and dry tissues, hand-free disinfectant water, etc., and avoiding direct 
contact with equipment in the car as much as possible, as well as avoiding talking with others. 

Table 5. Weibo topic. 

Topic Topic Name LDA Keywords 

Periods D P D P 

1 Action against 

the COVID-19 

COVID-19 prevention 

policy 

Action; Ambulance; Meaning; 

Infected Area 

Mask; Region; New crown; 

Prevention and control; Vaccine; 

High risk 

2 Traveling against 

the COVID-19 

Travel Risks Prevention and control; Taxis; 

Disinfection; Personnel; Vehicles; 

Masks 

High Risk; Cases; Local Reports; 

Impact; Travel 

3 Living with the 

COVID-19 

Life’s Little Things Masks; life; hand washing; public 

good; feeling; time 

Life; time; time; video; things; 

home 

4 Webcasts Nucleic Acid Testing Video; web page; COVID-19 

prevention; links; campaign; live 

nucleic acid; people; cases; region; 

prevention control; high risk 

5 Travel Essentials Prevention and 

Control Management 

Public transport; Subway; 

Passengers; Operation; Control; 

Time 

prevention and control; people; 

measures; management; people 

6 COVID-19 

Prevention and 

Control 

Outbreak Prevention 

and Control 

Cases; Patients; Masks; 

Neighborhoods; Home; Community

Streets; Communities; 

Neighborhoods; Areas; Vehicles; 

Prevention and Control 

7 - Travel and Tourism  Development; Tourism; Enterprises; 

Services; Markets; Attractions 

8 - Travel for the Elderly  Transport; Sector; Services; elderly; 

Passenger transport; Area 
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Figure 8. Topic intensity value distribution. 

The second phase of the thematic analysis is the post-COVID-19 era: April 29th, 2020 to 
October 31th, 2021. In Figure 7(b) of the theme count-confusion line, the confusion level decreases as 
the value of theme count K increases, and there is a significant inflection point when K is 8. Therefore, 
the inflection point 8 is the optimal value for topic K. Therefore, the number of topics generated in the 
post-COVID-19 era was also selected to be 8. To find popular topics from the 8 topics in Table 4, this 
study obtained the probability of each tweet belonging to different topics based on the document-topic 
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5.1. Conclusions 
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in their area and the waiting and in-transit transport times. The public’s cheerful travel willingness is 
significantly and positively correlated with the ridership of public transport and rail transport, while 
negative travel willingness is negatively correlated with them. 

2) COVID-19 prevention policies and travel risks are popular topics of public travel discussions 
in the post-COVID-19 era, and the public’s fear of infection has significantly improved with the arrival 
of the post-COVID-19 era. 

5.2. Strengths and limitations 

As the first country to be affected by COVID-19, it is of some theoretical and practical 
significance to study public travel willingness in the post-COVID-19 era in China. Because of the 
recurring uncertainty of the COVID-19, public travel has been dramatically affected. However, due to 
the suddenness of the COVID-19, there are few studies on the factors influencing travel in the post-
COVID-19 era. Therefore, this paper analyzes the changing trend of residents’ travel willingness and 
the correlation between urban public transportation ridership and travel willingness from the 
perspective of residents’ travel willingness in the post-COVID-19 era by collecting social network data. 
This has good theoretical significance for exploring the factors of residents’ travel willingness in the 
post-COVID-19 era and its influencing mechanism. 

Previous studies have investigated the factors associated with travel willingness, such as 
individual personality traits and the morbidity and mortality rates of COVID-19 [12,23]. Compared 
with previous studies, this paper provides a long-term data analysis from the beginning of COVID-19 
to China’s entry into the post-COVID-19 era. It explores the essential factors influencing the public’s 
willingness to travel and the correlation between their willingness to travel and urban public 
transportation ridership. 

However, this study also has some limitations. Since this study uses Sina Weibo text data, it does 
not include the individual socioeconomic attributes of travelers, and in addition, the data source is 
relatively homogeneous and does not include data from Facebook and Twitter regarding travel willingness. 
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