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Abstract: Novel coronavirus (COVID-19) has had a huge impact on the global tourism industry over
the past couple of years. Most previous studies investigated tourism crises after the pandemic period.
Hence, to minimize the research gap, the present study investigates the impact of COVID-19 on
tourism during the pandemic period. By assessing this impact, this paper proposes a D (big data) I
(impact module) S (strategy module) E (evaluation module) model to cope with the crisis in order
to bring about feasible implications for tourism practitioners and governments. This paper is to
provide real-time destination management adjustments. This model is based on a crisis management
framework and governance theory through retrieving big data from China Unicom and major travel
information delivery sources. The major finding shows that the detailed time points of pandemic
information release in the early stage of crisis. In conclusion, through proposing a DISE model, the
present study assesses the impact of the major emergency public health crisis, assists destination
managers in adjusting tourism-related policy and reflects the priority of recovering tourism after the
crisis for effective tourist destination management.

Keywords: impact; COVID-19; tourism; crisis management; DISE model; big data

1. Introduction

Tourism is easily affected by various types of crises, such as natural disasters, terrorist
attacks, political instability, and infectious diseases [1,2]. According to Law [1], infectious
diseases are perceived to be the most important factor affecting tourism. Infectious diseases,
such as foot-and-mouth disease (FMD), severe acute respiratory syndrome (SARS), and
H1N1 influenza adversely hit the tourism industry. For instance, tourism sectors in the
UK reported a 60% decline in hotel bookings because of FMD in the middle of 2001 [3].
The recent coronavirus disease 2019 (COVID-19) affected both domestic tourism and
international tourism in China. During the early stage of the COVID-19 pandemic period,
domestic travel was strictly prohibited, and the whole country’s economy was severely
affected. International travel was also gradually stopped due to the global outbreak of
COVID-19 [4].

The aforementioned infectious diseases have previously and currently had a severe
effect on the tourism industry worldwide. Their devastating impacts are reflected in the
large drop of the number of tourists, decrease in retail sales, low hotel occupancy rate, and
the economy of the country. The prolonged pandemic of COVID-19 has thrown the tourism
industry in financial crisis, forecasting a loss in terms of occupancy rate and unemployment
more than in the 2001 recession and the 11 September attacks [4,5]. To recover the tourism
industry and reduce its losses, there is an urgent need for governments and tourism-related
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organizations to make decisions and take corresponding governance measures. Some
academic researchers have already carried out some studies to assist the government and
tourism organizations in making decisions, such as investigating the general perception of
type of risk, building a model to forecast future tourist arrivals, and exploring the effects of
infectious diseases on the economic downturn in tourism [6]. Nevertheless, the details of
the effects of infectious diseases on tourism, such as comparison of the number of tourist
arrivals before and during the pandemic period, was largely ignored by previous studies,
although this type of information can provide real-time and valuable information for
tourism practitioners to form accurate and corresponding decisions for immediate actions.

Recently, artificial intelligence technologies, such as big data and cloud computing,
and other technologies in the global science and technology field have brought a lot of
industrial innovation and improvement, including rapid policy response and rational
decision-making for agile governance [7,8]. The concept of digital governance is considered
a new public management theory paradigm spawned by the combination of governance
theory and internet technology. Digital governance is also considered to be an important
foundation for the application prospects of agile theory, as it can assist government and
tourism practitioners in providing practical solutions to tourism crises [9]. Although previ-
ous studies have examined the effects of infectious diseases on tourism after the disease
pandemic period, very few prior studies, if any, have tracked the changes before and during
the disease pandemic period to provide a real-time, dynamic, and comprehensive overview
of the effects of infectious diseases on tourism. Thus, to bridge the aforementioned gap,
the present study proposes a crisis management framework based on digital governance
theory, which is conducive to comprehensive and objective scientific assessment of the
impact of the crisis on the tourism industry and the restoration of the tourism industry [7,8].
As a result, the present study first advocates the DISE model based on crisis management
framework and governance theory, and then applies the model to the case of COVID-19 in
China.

The main objective of the present study is to propose a model of tourism crisis man-
agement in the context of big data and then apply the model to specific crises. In summary,
the present study investigates the impact of COVID-19 on tourism before and during the
pandemic period and proposes a theoretical model and research framework based on
big data that is suitable for impact assessment and policy generation of major emergency
public health crises. After that, based on the crisis management framework and proposed
theoretical model, this study evaluates the impact of crisis on tourism by identifying the
changes in COVID-19-related travel information release and the number of international
and domestic tourist arrivals before and during the COVID-19 pandemic period. As a
result, on the basis of the proposed DISE Model, this study provides a valuable reference
for impact evaluation for tourism practitioners worldwide to take immediate measures or
actions if similar circumstances occur in the future.

2. Literature Review
2.1. Crisis Management Framework

Tourism is vulnerable because of its susceptibility to human-induced crises, natural
disasters, and infectious diseases. In the context of COVID-19 and the progressively crisis-
prone world, developing a crisis management framework is of great importance for any
place, particularly tourism destinations [10,11]. Although studies of crisis management
frameworks started to receive attention more than two decades ago [12], this area has
further research potential due to COVID-19 [13]. Faulkner stated that research should
focus more on tourism crises or disaster phenomena [12], the impact of such events on
the tourism industry and related organizations and the response of the tourism industry
to such events is of great necessary. In addition, the research content mainly includes the
impact of the crisis on the tourism industry [14,15], the restoration of disaster-stricken
tourist destinations [16,17], and crisis management strategy [18]. In the aforementioned
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research context, a recurring theme in the literature is the different impacts of crises and
disasters on tourism organizations and destinations.

From the perspective of the impact and evaluation of crisis, most academic researchers
have focused on evaluating the impact of the crisis on tourism demand and, consequently,
tourism receipts, such as internal and domestic tourist arrivals [19,20]. From the perspec-
tive of recovery and related strategies in crisis management, several studies developed
disaster management strategies and actions within the hospitality and tourism context [11].
To improve the current state of crisis planning and preparedness, Wang and Ritchie [21]
developed an onion model for strategic crisis planning, which consists of the onion system,
the key influencing factors, and strategic crisis management. Additionally, researchers con-
ducted research from the stage of disaster occurrence and put forward relevant strategies.
Faulkner proposed a disaster management model based on the stages of the crisis evolu-
tion, including pre-event, prodromal, emergency, intermediate, long term (recovery), and
resolution [12]. Other academic researchers have proposed some strategies and approaches
to crisis management that starts with proactive pre-crisis planning, which goes through
strategy implementation and ends with evaluation and feedback [22].

Similarly, there are three stages in the most commonly adopted and recognized ef-
fective crisis management framework in addressing natural disasters: pre-crisis, crisis,
and post-crisis [23,24]. Crisis management strategies and actions are of great importance,
as they place the nature of the disaster into consideration [25]. In contrast with natural
disasters, where the durations and strengths of the after-effects cannot be clearly known
or predicted, infectious diseases can be controlled and the intensity of their spread can be
largely minimized if immediate actions are taken. Ritchie [22] proposed the importance of
the pre-crisis period for natural disasters. Before a crisis occurs, attention should be paid
to the issue of resilience to disasters. However, the investigation of the pre-crisis stage of
infectious diseases has been ignored largely by previous studies, which prohibits taking
immediate action to control their spread intensity. Although there have been relevant
studies relating to the crisis management framework, there is a growing demand for a
crisis management framework for COVID-19, as most existing frameworks do not take
health-related crisis into consideration, particularly when emerging technologies such as
big data are developing rapidly, which can provide important references for the recovery of
the tourism industry [11]. In addition, the prolonged pandemic which is currently affecting
global tourism is characterized by high levels of uncertainty, repeatability, and unpre-
dictability [26,27]. Thus, the present study proposes a crisis management framework based
on the comprehensive evaluation of the impact of crisis before and during the COVID-19
pandemic period. The proposed crisis management framework is the DISE model, in which
D refers to big data, I refers to impact module, S refers to strategy module, and E refers to
evaluation module.

2.2. Big Data-Assisted Decision-Making

Recently, advanced data processing technologies such as big data and cloud comput-
ing, which are gradually emerging, have strengthened the development of collaborative
public services in the digital age and continuously enrich the “toolbox” of public manage-
ment systems in the public sector for effective tourism decision-making [28]. As a result, big
data-assisted decision-making not only saves a lot of manpower and material resources, but
also improves the accuracy of the target and improves the efficiency of national and social
governance [29]. For example, Zhang et al. [30] proposed a big data-assisted social media
analytics for business (BD-SMAB) model, which mainly includes four steps: the informa-
tion, conceptual design, development, and implementation phases. Weerasinghe et al. [31]
used big data to analyze and explore consumer’s views on the aspects of New Zealand’s
health care sector, which includes policy making, planning, funding and clinical care,
and provides recommendations for policies and practices, such as precision medicine and
big data-assisted clinical decision-making. Additionally, some academic researchers have
proposed a dataset to analyze spatiotemporal patterns of tourism in Europe. That is, they
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combined emerging big data sources with official statistical data to break the limitations of
potential analysis and application related to tourism management and policies in order to
be more conducive to the integration of tourism resources [32].

Nevertheless, the aforementioned studies largely ignore the impact of tourism crisis
emergencies on tourist destinations, and do not take advantage of the potential role of big
data to assist decision-making in overcoming crisis events. In the current situation, where
the world is still facing COVID-19, it is of great necessity to explore the role of big data in
assisting decision-making, particularly in the application of tourism crisis management
by taking advantage of big data technology. Hence, in order to deal with tourism crisis
management by making full use of big data-assisted and decision-making, the present
study proposes a crisis management framework based on the supporting foundation of big
data (D), which is the basis to respond to the public health crisis, COVID-19. As a result, the
present study focuses on tracking the effects of COVID-19 on tourism in the pre-crisis stage
of COVID-19 and during the pandemic period to assist the decision-making of tourism
practitioners when faced with crisis.

2.3. Impact of Infectious Diseases on Tourism

Previous studies have indicated that infectious diseases have considerable impact
on society, economy, and tourism [33,34]. Law [1] investigated the perception of three
different types of risks (i.e., infectious diseases, terrorist attacks, and natural disasters) of
Asian and Western visitors and found that compared with terrorist attacks and natural
disasters, Asian tourists perceive infectious diseases to be the biggest threat. Mou et al. [35]
further illustrated that the outbreak of COVID-19 hit the global tourism industry from both
supply and demand perspectives. From the supply perspective, Yeoman, Lennon, and
Yeoman, et al. [36] stated that foot-and-mouth disease (FMD) severely affected Scottish
tourism and the country stopped receiving tourists, which in turn caused huge losses for
the tourism economy [37]. According to Hoque, Shikha, Hasanat, Arif, and Hamid [4],
COVID-19 is expected to have a long-term impact on the tourism industry. From the
demand perspective, travel may increase the risk of infection [38] and affect the psychology
and behavior of tourists. The psychological shadow caused by the COVID-19 pandemic
may reduce the real-time on-site emotional experience of tourists [39]. In terms of consumer
behavior, Li et al. [40] pointed out that the COVID-19 pandemic has greatly changed tourists’
destination preferences, and tourists prefer to go to destinations with fewer infections and
those closer to where they live. In summary, infectious diseases are perceived to be the
biggest threat to tourism, and changes in supply and demand will lead to major changes in
the tourism field in post-COVID-19 era.

2.4. Agile Governance and Digital Governance

Government plays a vital role when crisis occurs, as it administers the country or
region and manages politics. Currently, the development and application of modern
information technology have made information collection, processing, and dissemination
more convenient. It has also increased the amount of information and knowledge owned
by citizens and society, and has provided new concept of political science, including “meta
governance”, “sound governance”, “effective governance” and “good governance” [41].

Compared with governance, agile governance means a set of actions or methods
that is flexible, fluid, or adaptable. It is also an adaptive, people-oriented, inclusive and
sustainable decision-making process [7]. The concept of agile governance aims to change
the way in which policies are generated, reviewed, formulated, and implemented in the
information age. Agile governance has the following characteristics: Firstly, from the per-
spective of extensive participation, policy development using the agile governance model
is no longer limited to the government. It also establishes mechanisms to continuously
monitor and upgrade policies and maintain checks and balances for all parties to ensure
long-term sustainability [42]. Secondly, from the perspective of time sensitivity, the core
difference between traditional plan-based decision-making methods and the concept of
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agile governance lies in time sensitivity. Agile governance requires continuous preparation
for changes in rapid development, actively or passively accepting changes and learning
from changes, while contributing to actual or perceivable end-user value [43]. Thirdly, from
the perspective of the scientific degree of decision-making, the governance body combines
an iterative and cumulative learning process to promote the transformation from planning
and control experimentation and implementation strategies. By providing stakeholders
with opportunities to continuously share concerns and changing needs, it provides a timely
and dynamic evaluation process for new regulations. Digital governance is a new public
management theory paradigm spawned by the combination of governance theory and
internet digital technology, as Williamson [44] explained the theory of digital governance
from the perspective of the decline of the new public management movement and the rise
of governance in the digital age. Big data and national governance have gradually entered
the research horizon of experts and academic researchers. From the semantic logic to clarify
the research horizon, the development of its movement can be divided into two regulatory
dimensions: big data governance and the promotion of national governance with big data.
The former refers to the big data governance as an important part of national governance,
such as the formulation of big data-related quality standards and data monetization; the
latter refers to the use of big data and its technological application which can optimize
government functions.

In summary, the concept of agile governance sets the direction for the transforma-
tion of government governance. In the process of digital governance, “agile” methods
are embedded in the governance workflow to form more effective governance methods
and effects [45]. Agile governance and digital governance play an important role in the
government’s governance capabilities, decision-making, and policy implementation and
evaluation. Hence, based on the model of “governance-monitoring-feedback-upgrade”
dynamic evaluation of agile governance, the present study makes full use of the big data
database in digital governance as the underlying database of the DISE model, and applies
the DISE model to support government decision-making and form a feedback mechanism
to generate policies.

3. Methodology
3.1. The Process of Proposing a DISE Model

By retrieving relevant literature, the results showed that the construction of crisis
management frameworks is mostly carried out from three aspects: impact, strategy, and
evaluation. In addition, based on crisis management frameworks and governance theory,
the DISE model (Figure 1) was proposed. The model introduces the wisdom and rapid
variables emphasized by agile governance and modern governance, abstracts environ-
mental variables into big data systems based on digitization and public opinions, further
clarifies the input and output system, and adds a feedback mechanism to form an up-down
policy generation model. The DISE model includes the big data support foundation (D), the
impact (input) module (I), the strategy (output) system (S), and the evaluation (feedback)
system (E).

The environmental system is the supporting foundation of big data (D), which is
the basis to respond to the public health crisis. With the support of big data, the entire
industrial policy formulation framework can obtain data sources from multiple related
entities, make scientific judgments quickly, and provide rapid supervision to respond to
the implementation of the entire policy. Ultimately, feedback of the implementation of the
policy can be added to the database to increase knowledge to form a data-based industrial
policy generation.
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Figure 1. Proposed DISE model of tourism crisis. Source: based on the data retrieved.

The input system is the impact module (I), which is the pre-process of crisis industry
policy formulation. It fully analyzes the status quo through hybrid research methods, rely-
ing on big data description, quantitative analysis of public opinion, and qualitative analysis
of opinions in expert think tank platforms. Specifically, this module uses quantitative
analysis of the big data forecasting system and public opinion platforms and the qualitative
analysis of the expert think tank system to predict the trend of crisis damage. On the other
hand, this module conducts comprehensive loss assessment through the empirical analysis
of case databases.

The output system is the strategy module (S), which mainly focuses on three types of
driving force, pulling force, and catalysis. In addition, the system selects policy measures
from the analysis database based on different time periods (short term, medium term, and
long term), different affected areas, and different affected industries, then uses the big data
policy implementation monitoring system to monitor policy trends at any time and make
real-time dynamic adjustments.

The feedback system is the evaluation module (E), which collects industrial data,
economic data, and public and stakeholder opinions through the big data system, and then
compares the efficiency, effectiveness, and adequacy of policy implementation. After that,
comprehensive feedback is given on the implementation process of the policy in order to
provide a basis for decision-making for the next policy formulation.

3.2. Data Collection

Data were retrieved from two sources. The first source is the China Unicom big
data, which contain information on tourist arrivals from January to March 2020, through
retrieving the mobile signals of tourists. To distinguish from residents and tourists, this
study defines residents as people who stay in a certain city for a consecutive six months.
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The definition of tourists in this study are people who move from one city to another, as
each city has its boundary. Once tourists enter the boundary, their arrivals will be counted.

The second source is from the major travel and COVID-19-related information delivery
sources in February 2020. The main sources of travel- and COVID-19-related information
delivery include WeChat, Weibo, APP, webpages, and other information distribution
channels. In order to ensure the representativeness of the samples, this paper retrieved
data from multiple information channels. The samples follow two principles: one principle
is that the travel information should be as comprehensive as possible, and the other is
that redundant information should be avoided. After sifting through the data, the present
study found that during this period, COVID-19-related travel information reached 391 and
362 items on WeChat and Weibo, respectively, followed by APP and Web pages, which
contained 294 and 237 pieces of information, respectively. Forums, newspapers, and videos
also served as travel and COVID-19 information distribution channels and had nine pieces
of information. Taking information retrieved on 7 February 2020 as an example, the top
three COVID-19-related travel information distribution channels were WeChat, APP, and
webpages, which had 68, 56, and 50 pieces of information, respectively. Data were then
analyzed.

To further verify the information obtained from the aforementioned two sources, in-
depth interviews were conducted among tourism and hospitality managers and academic
researchers. In the initial stage, invitations were sent to tourism and hospitality managers
and academic researchers via email. A total of 20 tourism and hospitality managers and
academic researchers in Beijing agreed to participate in in-depth interviews. Specifically, the
components of 20 interviewees include five tourism academic researchers, and five tourism
practitioners, five hospitality academic researchers, and five hospitality practitioners. After
verification from tourism and hospitality managers and academic researchers for the
aforementioned sources, a data processing system was subsequently established.

3.3. Establish a Data Processing System

A data processing system was designed with a hybrid research method combining
quantitative analysis and qualitative analysis. Based on the DISE model and information
retrieval from big data, a set of mixed multi-source big data was formed and the digital
system construction was carried out through the process of hybrid big data collection,
big data cleaning, qualitative and quantitative big data operation, and big data auxiliary
decision-making. Qualitative analysis refers to the analysis of tourism expert opinions.

4. Findings
4.1. Evaluation of Public Opinion of COVID-19-Related Travel Information Release

Based on the obtained data, the findings of this study indicated that compared with
other cities in China, Beijing published the most COVID-19-related travel information,
followed by Hainan, Anhui, Sichuan, Guangdong, Shanghai, Zhejiang, and Jilin. Among
the aforementioned provinces that released travel information, Beijing is the capital city,
whereas Hainan, Sichuan, and Guangzhou are recognized as main tourist destinations.
Shanghai and Zhejiang are two locations in developed areas in the eastern part of China.
Other cities in China, however, did not release much coronavirus-related travel informa-
tion. The findings indicated that the capital of China (Beijing) paid the most attention to
coronavirus-related travel information, followed by destinations that depend mainly on
their tourism industry and destinations in developed areas.

Among all the obtained COVID-19-related travel information, the top three hot terms
identified were “novel coronavirus”, “COVID-19”, “tourism”, and “culture”, with a fre-
quency of 128, 94, and 84, respectively (Figure 2). News containing the keywords travel
and novel coronavirus/COVID-19 were retrieved from 10 January 2020 to 9 February 2020
and showed that the quantity of the news relating to novel coronavirus/COVID-19 and
travel can be categorized into three laddering stages. The first stage was from 10 January
2020 to 20 January 2020. During this stage, the number of pieces of information was less
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than 100, and the quantity of COVID-19-related travel news received limited attention
from the media and the general public. In the second stage (20 January 2020 to 4 February
2020), the number of pieces of information was around 813,000 before 26 January 2020.
After 26 January 2020, the amount of COVID-19-related travel information reached almost
2,000,000 pieces when the campus academician Nanshan Zhong delivered information to
the public that COVID-19 could be spread through person-to-person transmission. During
this stage, the quantity of news and information relating to coronavirus and travel increased
drastically. In the third stage (4 to 8 February 2020), the quantity of information reached
more than 2,000,000 pieces on 5 February 2020, and the quantity of news and information
related to novel coronavirus/COVID-19 travel reached its highest point between 4 February
and 5 February 2020. In the future, the quantity of novel coronavirus/COVID-19 and travel
information is expected to decrease. In summary, the findings reflected that COVID-19-
related travel information/news has been increasing since it entered the public view. In
addition, once people found that the virus can affect people and spread easily, attention
increased drastically and reached its peak.
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Figure 2. Quantity of news (coronavirus-related travel information).

4.2. Flow Change Assessment of the Impact of COVID-19 on the Number of International Tourist
Arrivals

Figure 3 shows the number of international tourist arrivals in China from 1 January
2020 to 8 February 2020 based on the data retrieved from China Unicom. During the first sev-
eral days, that is, from 1 January 2020 to 3 January 2020, the number of international tourist
arrivals in China increased steadily. On 4 January 2020, when the Chinese government
activated the “serious response level” regarding infectious diseases (i.e., coronavirus) [46],
the first evident change in the number of tourist arrivals was observed. Specifically, the
number of international tourist arrivals dropped to 9414 and 39,777 on 4 and 5 January 2020,
respectively. The second evident change in the number of international tourist arrivals
was observed on 11 and 12 January 2020, when the number of international tourist arrivals
dropped to 20,653 and 35,844, respectively. Although the number of international tourist
arrivals experienced a slight increase over the next 10 days following 12 January 2020, after
Secretary General Tedros Adhanom of the WHO announced that the WHO required more
information to decide whether the “2019 novel coronavirus/COVID-19” will be considered
“PHEIC” in a news conference [47], the number of international tourist arrivals dropped
continually, although the number of international tourist arrival increased occasionally
during this period, such as on 4 February 2020. In sum, international tourist arrivals
dropped constantly after 4 January 2020 during this period.
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Figure 3. International tourist arrivals to China (1 January 2020–8 February 2020).

4.3. Flow Change Assessment of the Impact of COVID-19 on the Number of Domestic Tourist
Arrivals

The number of domestic tourist arrivals was also affected severely by COVID-19
because Lunar Chinese New Year is always the peak season for travel among Chinese
people [10]. During the Lunar Chinese New Year of 2019, the number of domestic trav-
elers reached 400 million [48]. Figure 4 shows that before the city of Wuhan experienced
lockdown on 23 January 2020, the number of domestic tourist arrivals continued to in-
crease because the Lunar Chinese New Year’s Eve was approaching (i.e., 24 January 2020).
From 23 to 25 January 2020, a trend was observed, indicating a slow-paced increase in the
rate of domestic tourist arrivals. After 25 January 2020, the number of domestic tourist
arrivals indicated an evident drop. On 30 January 2020, when WHO announced that the
“2019 novel coronavirus” was considered “PHEIC” and two days later, on 1 February 2020,
the number of domestic tourists decreased by 22.61 million compared with the numbers on
1 January 2020.
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Figure 4. Number of domestic tourist arrivals (1 January 2020–8 February 2020).

Cities in China are categorized further into two types (Type A: Figure 5 and Type B:
Figure 6) based on the tourist flow (i.e., domestic tourist arrivals) from 1 to 15 January and
from 16 to 30 January 2020. Type A refers to cities where tourist flow was heavily affected
by COVID-19, whereas Type B denotes the cities where tourist flow was less affected by
COVID-19. For example, tourist flow in Beijing (a Type A city) was affected by COVID-19
the most among the 10 selected cities. In normal cases, these 10 cities have always had a
large number of tourists over the past few decades [49,50]. In contrast, for Type B cities,
even when the issue of COVID-19 appeared, tourist flow still increased and reached the
highest on 24 January 2020 (i.e., Lunar Chinese New Year’s eve). After that, along with
the ongoing seriousness of the pandemic, tourist flow continued to drop. Hence, findings
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indicated that compared with small cities such as Dazhou and Zhumadian, changes in the
tourist flow in big cities such as Beijing and Shanghai were more obvious.
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Figure 5. Change in tourist flow in main cities in China (Type A).
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Figure 6. Change in tourist flow in cities in China (Type B).

4.4. An Establishment of Data Processing System

Figure 7 illustrates the whole process of the data system establishment based on the
DISE model and the findings of the present study proves its applicability, which includes
database establishment, database processing, and the three practice processes of impact
analysis, strategy analysis, and evaluation. In other words, the system first obtained
various data from the big database, such as GPS data, public opinion data, and mobile
phone signaling data. The data were then preprocessed. After that, the rules were found
from the data through text analysis, cluster analysis and other methods. Finally, the
impact of the crisis was predicted, crisis management strategies were formulated, and
post-crisis assessments were conducted. Firstly, the bottom layer of the data system was
multi-source and multi-dimensional big data from government and data companies. After
data collection and cleaning, data analysis and correlation, a series of policy databases for
decision-making were formed, including a key industry database, a regional economic
database, an expert think tank database, an experience policy database, etc. Secondly,
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different big data algorithms were used to carry out text analysis, content clustering and
trend prediction based on the basic database. At the same time, various research methods
were included in the data, such as big data analysis, in-depth interviews, and text analysis
to improve the scientific decision-making ability of the model.
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Thirdly, using this data system, a comprehensive and rapid assessment was conducted
for a series of key industries and regional economic impacts, such as economic trends, and
loss accounting caused by public crises. Finally, according to the digital analysis of the
impact and the recommendation of the policy database and the evaluation of the expert
policy smart database, a series of policy opinions were put forward for the development
of key industries and regions. During the implementation of the policy, comprehensive
data evaluation and public opinion monitoring are to be carried out on the policy. After
the policy is terminated, the policy is to be comprehensively evaluated through the data
system, and the evaluation results to be given back to the experience database of the
decision-making system to provide important decision-making references for the next
decision.

4.5. Tourism Expert Evaluation

By analyzing the information from the expert database in the system and the industry
experts database on assessing the impact of the new coronavirus on tourism, the findings
showed that the content mainly includes three parts, namely the loss assessment of the
tourism industry during the pandemic, the prediction of the development trend of the
tourism industry after COVID-19, and the strategy to alleviate the impact of the epidemic
on the tourism industry.



Sustainability 2022, 14, 11009 12 of 16

In terms of the loss assessment of the tourism industry during COVID-19, although it
occurred during a period of repeated tourism climaxes and the development of the tourism
industry and the coexistence of risks are normal, tourism and related industries suffered
huge losses. A study by Gong et al. [51] showed that the overall tourism economy has
been greatly affected by COVID-19 pandemic. One aspect of this is that the domestic
tourism market and the inbound tourism market were basically stopped, and the outbound
tourism market also suffered from heavy losses. Another aspect is the impact on the
traditional tourism industry structure, especially in the industry chain of the tourism
industry. Although state-owned enterprises such as large scenic spots and airlines have
relatively strong anti-risk capabilities and are less affected, many of the travel agencies
and hotels which are private enterprises were hit harder. Many travel agencies, hotels,
and homestays have suspended operations. In addition, other experts also conducted loss
assessments from the perspective of tourism industry sensitivity and industry recovery [52].

From the perspective of the development trend of tourism after the pandemic, the
development of the tourism industry that has been hit hard by COVID-19 will be more
difficult over the next year, but the tourism market will rebound greatly after the pandemic
period. In addition, Tan et al. [53] made a more detailed prediction of the tourism market.
This study believed that the recovery time of the tourism industry will generally take from
13 to 15 months. Domestic tourism, especially short-distance tourism, will recover first,
followed by outbound tourism, and then inbound tourism.

In terms of the strategy to alleviate the impact of the pandemic on the tourism industry,
the tourism industry is very fragile and its ability to deal with risks or crises is not strong.
Thus, in addition to the active self-recovery of the enterprises themselves, the policy
support of the state and the government is indispensable [54]. In addition, it is encouraged
that the international community cooperates with each other and countries introduce
and share various emergency systems [55]. Specifically, the focus should not be put on
notifying travel agencies and other related companies to deal with refund. Instead, more
attention should be paid to the detailed guidance on the losses of travel agencies in order
to effectively perform the planning and development of the tourism industry after the
pandemic. During this process, many academic researchers have pointed out that making
full use of advanced technologies such as big data to effectively perform digital governance
will play an important role in the recovery of the tourism industry, which suffered from
emergencies such as COVID-19.

5. Discussion and Implications

The findings showed that coronavirus-related travel information can be categorized
into three stages. In the initial stage, when information about COVID-19 was initially
released, coronavirus-related travel information release was limited. After transmission
information was delivered by an authoritative person, its popularity reached the highest in
a one-week period. In other words, releasing pandemic-related travel information within
one week can help reassure local residents and tourists who are travelling in a certain
destination.

During the pandemic period, by comparing the number of international tourist arrivals
before and during the pandemic period, findings showed that in the initial stage, the
number of international tourist arrivals continued to increase. Nevertheless, when the
Chinese government activated a “serious response level” on infectious diseases, the number
of international tourist arrivals started to drop continuously. These results provide useful
information for tourism practitioners about the timing of the change in the number of
international tourist arrivals. Specifically, the point at which the sudden change in tourist
arrivals occurred was when the government released its “serious response level” to the
infectious disease. Being informed of the time point of the sudden change in tourist arrivals
can assist destination managers in delivering pandemic information to local residents to
avoid unnecessary travel, making real-time adjustments to travel policies for the reference
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of tourists from other countries and regions, and coordinating with relevant parties to
prepare for the post-crisis tourism recovery of the destination.

Furthermore, regarding the changes in the number of domestic tourists affected by
COVID-19, many destinations, particularly the capital city, were affected the most by
COVID-19, followed by tourism cities, and then cities in developed areas. Second-tier cities
were less affected by COVID-19. Thus, knowing the size of the effects of COVID-19 on
the number of tourist arrivals in different types of cities can assist tourism practitioners
in taking different actions to recover tourism in the destination based on priority. The
recovery priority for destination managers to consider is the capital city, followed by the
tourism cities, and then developed areas. For example, destination managers can consider
putting more effort into the capital city than tourism cities and developed areas in terms of
tourism recovery after the pandemic. In other words, recovering tourism in the capital city
should be considered as a priority.

The most significant theoretical contribution of this paper is that it puts forward a
DISE model based on the data retrieved, as most previous studies focused on the three-
stage crisis management framework instead of investigating the effects of the infectious
disease on tourism after the disease’s pandemic period. Hence, this study contributes to the
evaluation of the effects of infectious disease on tourism before and during the pandemic
period. Based on the crisis management framework and governance theory, the findings
of the present study extend this model by applying the crisis management theory and
agile governance by using travel information and the changes in the number of tourists
before and during the pandemic period. Additionally, the present study constructed a data
processing system for policy making based on big data by applying the proposed DISE
model. Finally, a data processing system was proposed and verified using mixed research
methods, including big data analysis and content analysis.

Practically, this study provides references to governments for tourism governance and
crisis management. One of the core functions of the proposed model and data processing
system is to detect crises in time and prevent crises in advance. For governments, it can
pool wisdom from various sources and use big data to better govern the tourism industry
and manage the crisis.

6. Conclusions

In conclusion, the present study proposes a DISE model and then constructs a data
processing system based on the proposed DISE model to assess the impact of major emer-
gency public health crises, assist destination managers in adjusting tourism-related policy,
and determining the recovery priority of the affected regions.

Specifically, the findings are expected to provide real-time and immediate actions/
decisions/measures for tourism practitioners, particularly destination managers and policy
makers. As the major findings indicated that the announcement from an authoritative
person and WHO can largely increase the quantity of COVID-19-related travel information
and affect the number of international and domestic tourist arrivals, determining the time
to release pandemic-related information to residents and tourists should be considered by
destination managers.

In conclusion, the findings of the present study are beneficial for tourism practitioners
for effective decision-making, real-time destination management, and post-pandemic
tourist destination recovery preparation when local residents and tourists are facing major
emergent public health crises. The findings can also enrich the research on tourism crisis
management and the impact of COVID-19 on tourism. In addition, the present study
contributes to the latest literature in proposing a DISE model to assess the impact of COVID-
19 on tourism and assisting destination managers in making immediate reactions relating
to destination management and post-crisis destination recovery preparation. Thus, closely
tracking the effects of COVID-19 on tourism can serve as a reference for the immediate and
accurate measures that should be taken to control infectious disease and help the tourism
industry recover.
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Although there are important discoveries revealed by this study, one limitation is that
the COVID-19 pandemic is a dynamic process. As such, the model should be tested on
tourism crisis management to enhance its general applicability. Another limitation is that
this study focuses on the case of China. Further studies are needed to investigate how the
model responds to the tourism crisis in different countries. Future studies can also adopt
quantitative research methods, such as by proposing hypotheses to empirically test the
relationship between various variables.
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