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Spatial and temporal evolution of tourism flows
among 296 Chinese cities in the context of
COVID-19: a study based on Baidu Index
Yibo Tang1, Gangmin Weng1✉, Simeng Qin2 & Yue Pan1

COVID-19 repeated outbreaks in China have significantly impacted residents’ lives, parti-

cularly in the tourism sector. Accurately assessing the spatio-temporal evolution of tourism

flow under the disturbance of COVID-19 is essential for scientific tourism planning and

management. This study analyzes the tourism information search index of 296 cities in China

to represent tourist flow tendencies and explores the distribution characteristics and for-

mation reasons of tourism flow from both tourist source and destination perspectives. The

results are as follows. (1) The COVID-19 has severely affected Chinese tourists’ willingness to

travel, with a decline of over 50% from 2020 to 2022 compared to 2019. Although a rebound

is observed in 2023, it has not yet returned to pre-epidemic levels. (2) COVID-19 has

impacted the spatial distribution pattern without altering the essential characteristic of “high

in the East and low in the West.” The distribution of core tourist sources is “bow-shaped”,

while that of popular destinations is “U-shaped”. (3) In both tourism information inflow and

outflow, the number of “head” and “tail” cities is relatively small, with most cities situated in

the “middle” echelon. Additionally, the “Matthew effect” has emerged among tourist desti-

nation cities, which may aggravate the unbalanced nature of tourism distribution in China.

Therefore, future tourism development should be strategically planned, respecting the prin-

ciples of evolutionary patterns.
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Introduction

Tourism is often referred to as a “happiness industry” and
plays an immeasurable role in the UN Sustainable
Development Goals (World Tourism Organization 2022).

Previous studies indicate that the tourism industry has experi-
enced rapid, high-quality growth and has emerged as a critical
driving force for global economic and social development
(Danish and Wang 2018; Dogru and Bulut 2018). Recent
reports from the World Travel & Tourism Council show that,
prior to COVID-19, tourism supported approximately 10.3% of
all jobs (334 million) and 10.4% of global GDP ($10 trillion),
while directly or indirectly generating nearly 1 in 5 new jobs
worldwide. However, due to its inherent fragility and sensitivity,
tourism is particularly vulnerable to external factors, especially
the impacts of various emergencies (Bulchand-Gidumal 2022; Li
et al. 2022).

Globally, tourism flows are constantly disrupted by the cor-
onavirus pandemic (Gossling et al. 2021). According to the latest
data from the United Nations World Tourism Organization,
compared to 2019, the number of international tourists declined
by 72% in 2020 and 70% in 2021, and began recovering in 2022;
however, by 2023, it had only recovered to 88% of its original
level (United Nations World Tourism Organization 2024). In
various countries, accurately assessing temporal and spatial var-
iations in tourism flows facilitates the implementation of differ-
entiated planning and management to achieve sustainable
tourism development (Matsuura and Saito 2022).

In particular, China, which experienced the earliest and most
prolonged outbreak, has seen its tourism industry significantly
impacted (Qiang MM, 2022; Hu and Zhu 2023). According to the
latest data from the National Bureau of Statistics, compared to
2019, the number of domestic tourists in 2020, 2021 and 2022 fell
by 52, 46 and 57%, respectively; however, it is encouraging to note
that in 2023, Chinese tourism began to pick up, recovering to 81%
of its original level (National Bureau of Statistics 2024). The
year 2023 marks a full recovery for tourism. The removal of
COVID-19 control measures, such as health codes and travel
codes, is expected to significantly enhance people’s mobility,
providing a positive boost to the tourism industry (Central
People’s Government of the People’s Republic of China 2022).
However, underlying challenges remain, as the popularity of cities
depends on various factors. For instance, while Beijing and
Shanghai consistently remain popular, Zibo and Xi’an have
recently risen to prominence, whereas Lijiang, Nyingchi, and
others have surprisingly declined in popularity. Thus, assessing
the evolution of temporal and spatial characteristics from a macro
perspective is highly beneficial for facilitating the orderly recovery
of tourism.

Accordingly, this study presents the main contents and con-
tributions as follows: Grounded in a national city-level perspec-
tive, it focuses on the unique period of the COVID-19. From a
broad-scope, small-scale and long-term perspective, this study
constructs the tourism flow network among 296 cities in China
from 2019 to 2023 based on Baidu Index. Utilizing GIS spatial
analysis and other methods, this research explores the spatial
distribution and agglomeration characteristics of tourism flow
across China. Additionally, it examines both the inflow and
outflow of tourism, clarifying the dual role of cities as sources and
destinations for tourists to accurately evaluate their ability to
generate and attract visitors, thereby providing a basis for sci-
entifically formulating tourism plans. Furthermore, this study
integrates theory with practice by incorporating policy analysis
into the push-pull theory, thoroughly exploring the mechanisms
of tourism flow formation in the context of the COVID-19
pandemic. In doing so, it reveals flow patterns previously over-
looked in traditional research.

Literature review
The impact of COVID-19 on tourism flow. Tourism flow
broadly encompasses passenger, logistics, technology, and infor-
mation flows, which is an essential issue in both tourism eco-
nomics and geography (Shoval and Isaacson 2007).
Understanding and predicting the temporal and spatial char-
acteristics of tourism flows can assist managers in identifying
coordination or mismatches between supply and demand,
thereby facilitating the formulation of effective tourism planning
and management strategies (Mou et al. 2020; Chen et al. 2022;
Zheng et al. 2022). Consequently, there is a substantial body of
research on tourism flows, which is increasingly moving beyond
static models to emphasize dynamic comparative analysis (Dou
et al. 2024). Regarding research scope, the broadest perspective is
international, while the narrowest focuses on specific scenic spots
(Huang et al. 2017; Liu et al. 2022; Xu et al. 2022). From the
perspective of the research content, most studies focus on the
spatial and temporal distribution (Mou et al. 2020; Lau et al. 2016;
Wang et al. 2021), network structure (Peng et al. 2016; Wang
et al. 2021; Park et al.2022; Tian et al. 2023), influence mechanism
(Kim et al. 2016; Chen et al. 2022; Khalid et al. 2022; Li et al.
2022), and trend prediction of tourism flow (Schmöcker 2021;
Zhang et al. 2021), and also focuses on the relationship between
tourism flow and other systems, such as the regional economy
(Ruan and Zhang 2021), population (Okafor et al. 2022), trans-
portation (Alderighi and Gaggero 2019; Lin et al. 2022), and
environment (Danish and Wang 2018; Paramati et al. 2017).
From a methodological perspective, most studies primarily use
social network analysis, econometric statistics, and geographical
GIS analysis to examine tourism flows. These studies significantly
contribute to clarifying the concept of tourism flow and estab-
lishing the research direction and paradigm of tourism flow.

In addition, informatization and digitization have had a
revolutionary impact on the tourism industry, with information,
as a new production factor, further participating in the
optimization of the tourism market (Navío-Marco et al. 2018;
Zhou and Chen 2021). With the rapid development of the
Internet and big data, an increasing number of tourists are
posting their itineraries and experiences online through texts,
pictures, videos, and other formats (Kim et al. 2017). As a result,
travelers are developing a habit of using social platforms to obtain
travel information (Ho et al. 2012). To some extent, tourism
information flows reflect trends in the flow of potential tourists as
well as differences in attractiveness between destinations, serving
as a barometer for tourist flows (Zillinger 2020).

Both tourism flow and tourism information flow are highly
susceptible to external policies and crisis events (Jin et al. 2019).
Especially since COVID-19, the mobility of tourists has been
limited, resulting in the tourism information flow attracting
increasing attention from scholars (Liu et al. 2019; Lu et al. 2022).
According to the research paradigm, these studies can be
classified into two types: theoretical research and empirical
research (Yu et al. 2023). Theoretical studies are primarily
explanatory analyses that explain the causality and mechanisms
of changes in tourism flow under the influence of an epidemic
(Rather 2021; Sharma et al. 2021; Sigala 2020). Empirical studies,
on the other hand, are predominantly data-driven, and the
quality of these studies depends on their data and models (Arbulú
et al. 2021). The data sources for most of these studies are official
statistical agencies, which are authoritative but often lag behind.
In some studies, data sources are actively collected by researchers,
including extracting routes from content posted by tourists (such
as travel tips, travelogues), asking tourists to wear GPS sensors to
record their routes, or directly interviewing tourists (Lewis et al.
2021; Xu et al. 2022). This type of data collection and processing
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requires significant time and effort, limiting most of these studies
to small samples (such as a single scenic spot or city) or short
durations (like special holidays) (Mou et al. 2020; Weng and Pan
2021; Li et al. 2022; Park et al. 2022).

Research gaps analysis. Overall, most scholars have conducted a
series of studies on the spatiotemporal changes in tourism flows;
however, certain limitations remain:

First, previous scholars have devoted considerable attention to
tourism flows, but their research has often focused on small to
medium-sized regions, individual provinces or cities, or specific
scenic areas. Research on tourism flows at the national level
(broad scope), particularly at the city scale (small scale), has been
relatively scarce. This scarcity is primarily due to challenges
associated with obtaining large datasets, particularly regarding
geographic spatial information. Thus, to address the short-
comings of statistical data (time-lag) and user-generated data
(hard-earned), online big data (Baidu Index) is utilized to
represent tourist mobility trends. This approach enables the study
to observe the impact of COVID-19 on inter-city tourism flows in
China over an extended period and from a broad perspective.

Second, tourism flow refers to the flow of tourists or tourism
information between sources and destinations. Its distribution
characteristics and network structure reflect the interaction
among urban tourism industries. However, it is regrettable that
current scholars focus more on the study of tourism flow volume,
while further exploration of its direction requires enhancement.
Ignoring the dual identity of tourist sources and destinations for
each city will lead to incomplete tourism planning and
unscientific tourism management. Therefore, this study uses the
outflow of tourist information to represent the attractiveness of
cities as destinations, and the inflow of tourist information to
represent the potential of cities as sources. It analyzes the tourism
development pattern of Chinese cities from this fresh perspective.

Third, due to the influence of COVID-19, existing studies
focus, on the one hand, on tourists and their psychological and
behavioral changes, while, on the other hand, they focus on the
tourism industry, emphasizing the economic impact and counter-
measures. However, research on the changes in tourism spatial
structure under the normalization of COVID-19 is insufficient.
Investigating the new dynamics in tourism flow resulting from
the pandemic will help identify emerging hotspots in tourism
demand and shape a new tourism supply pattern. Therefore, this
study focuses on inter-city tourist mobility tendencies and
thoroughly discusses the spatial pattern of China’s tourism to
guide differentiated tourism planning across various cities.

Methodology
Data sources and processing. This study focuses on the spatial-
temporal evolution of tourism flows among all cities in China
within the context of COVID-19. In the narrow sense, tourism
flow mainly includes both tourist flow and tourist information
flow (Shoval and Isaacson 2007). Unfortunately, during the
COVID-19, many cities suspended their statistical operations,
making it difficult to obtain actual tourist flow data at the city
scale (Shao et al. 2020). However, previous studies have fully
demonstrated a high correlation between tourist information flow
and tourist flow (Sun et al. 2019; Lin et al. 2021). Therefore, this
study uses the Baidu Index as the data source and the flow of
inter-city tourism information as the entry point to analyze the
impact of COVID-19 on China’s tourism flow.

On the one hand, recent data show that China has 1.067 billion
Internet users, with Baidu maintaining a commanding market share
of 85.48% (China Internet Network Information Center 2023).
Baidu Index is based on the search behavior of Internet users in

Baidu, which scientifically calculates the weighted sum of the
frequency of each search keyword (Liu and Liao 2021). As a result,
the Baidu Index, calculated from these extensive search records, can
provide a timely and objective mapping of social hotspots (Cao et al.
2023; Yu and Jin 2022). On the other hand, Baidu is able to recognize
user addresses and filter them to specific areas. Accordingly, by
combining different keywords, we can obtain the search frequency of
Internet users in a given city for information related to other cities;
thus, it can not only characterize the flow but also indicate the
direction of the flow (Ruan and Zhang 2021).

Although the Baidu Index cannot cover all the tourist
information flow, it remains the most timely and comprehensive
database available. It is feasible and representative to use the
Baidu Index to measure tourist information flow between cities
(Huang et al. 2017; Kang et al. 2022). Therefore, we selected the
Baidu index as our primary database, to obtain a long-term (five-
year), high-resolution (daily), and large-scale (296 cities) travel
search index in bulk, enabling us to examine the impact of
COVID-19 on China’s tourism geographical pattern from a
broader perspective. The following outlines the data collection
and processing methods.

Firstly, the permanent population of Sansha City is just over
2000 people, which is too small compared to other cities, leading
to the exclusion of the Baidu Index. Therefore, we selected 296
cities at the prefecture level and above as the research focus.
Secondly, we utilized “city + tourism” as the keyword to obtain
daily data on inter-city tourism information searches from
January 1, 2019, to December 31, 2023, in bulk. Thirdly, the data
were retrieved and calculated using PyCharm software to obtain
annual and monthly averages. Finally, according to the direction
of flow, the outflow index (O) and inflow index (I) of tourism
information of a certain city were summarized. The data matrix is
presented below.
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In the above formula, Tij represents the volume of tourism
information searches from city j to city i. Oi denotes the total
outflow of tourism information from city i; that is, the sum of
tourism searches from other cities directed at city i, representing
the tourism attraction of city i as a destination. Ij denotes the total
inflow of tourism information to j city; that is, the sum of tourism
searches conducted by city j for other cities, which is used to
represent the travel potential of city j as a tourist source.

Research method
Jenks classification and Kriging interpolation. ArcGIS is the most
widely utilized geographic information system software, known
for its powerful capabilities in spatial data storage, processing, and
analysis, primarily for visualization and analysis (Zhang et al.
2019). In this study, Jenks natural breakpoint method and the
Kriging interpolation method are employed to identify the spa-
tiotemporal pattern evolution features of tourism information
flows. Jenks identifies classification intervals based on the inher-
ent characteristics of the data, maximizing the differences
between categories; thus, this study applies this method to classify
tourism information data (Bai et al. 2022). On this basis, ordinary
kriging interpolation is employed to fit the spatial relationships of
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tourism information based on variance functions, combined
with unbiased estimation and optimal estimation (Paparrizos
et al. 2018).

Rank-size law. The rank-size law is a concept within fractal theory
that accurately reveals the relationship between the scale and
order of tourism flows (Lau et al. 2016). The research approach is
as follows: rank the outflow (inflow) of tourism information from
cities in descending order, and derive the relationship between
scale and ranking. If a straight-line segment appears on the scale-
free space, it indicates that the rank-size law is satisfied, and the
slope of the line is the Zipf index (q), which describes the
structural differences within the city system (Guo et al. 2016; Xu
2022). The mathematical model for Zipf is:

lnPK ¼ lnP1 � q lnK ð2Þ

Here, Pk represents the amount of tourism information in a
city, K denotes the city’s order among all cities, P1 indicates the
tourist information of the first city under ideal conditions, and q
is the Zipf index, also known as the concentration index.

The scale distribution of tourism information can be divided
into three categories based on the value of q: (1) when q ≥ 1.2, this
is the “primacy type”, indicating that high-order cities signifi-
cantly influence tourist mobility trends, while middle-low cities
remain undeveloped, potentially leading to polarization phenom-
ena. (2) When 0.85 < q < 1.2, this is the “centralized type”, where
the ideal state occurs when q= 1, indicating that the distribution
structure of tourism information is optimal. (3) When q ≤ 0.85,
this is the “dispersed type”, depicting that the structure of cities in
each level is considerably fragmented, and cities of the “primacy
type” lack the radiation-driving ability.

Kernel density estimation. Kernel density estimation (KDE) is a
non-parametric estimation method that, unlike traditional esti-
mation techniques, does not require prior assumptions about the
distribution type or specific parameters (Zhao and Zhu 2024).
Consequently, it has lower dependence on the data and model,
demonstrating strong robustness, and is widely used in studies of

dynamic evolution (Wang et al. 2019). It utilizes probability
density functions to generate continuous curves, characterizing
the evolutionary trends of random variables through variations in
the curve’s position, shape and ductility. The calculation formula
is presented as follows:

f xð Þ ¼ 1
nh

∑
n

i¼1
K

xi � �x
h

� �
ð3Þ

Where n represents the number of cities, with n= 296. xi denotes
the logarithmic value of tourism information flow, while �x
represents the mean value across all cities. K(·) represents the
kernel density function, with common examples including the
Epanechnikov kernel and Gaussian kernel, etc. Additionally, h
refers to the bandwidth, the smaller the bandwidth, the more
accurate the estimation. However, the number of samples
involved in the calculation will also be correspondingly reduced,
leading to a less smooth curve. Therefore, to enhance the accuracy
of the statistical tests, the kernel functions and bandwidths were
automatically generated using Stata software.

Results and discussion
Analysis of tourism flow driving mechanisms under COVID-19
perturbation. The push-pull theory has a natural explanatory
adaptability to the formation of tourism flow, dividing the driving
forces of tourism inflow and outflow into two aspects: the intrinsic
push from tourism demand at the source and the extrinsic pull
from tourism supply at the destination (Lewis et al. 2021; Ayoub
and Mohamed 2024). Meanwhile, considering the frequent dis-
turbance of tourism flow caused by the COVID-19, the current
policy analysis is added to the traditional analysis of push and pull
theory, and the driving mechanism is constructed from the three
dimensions of “push-pull-resistance” (Fig. 1).

The push from the tourist source is the driving force behind
tourism flows. The population size and economic development
determine the quantity and quality of potential tourists, while the
willingness and purchasing power of tourists form the basis of
tourist flow (Liu and Liao 2021). The convenience of transporta-
tion is a necessary condition for determining whether travel can

Fig. 1 The driving mechanism of tourism flow. The figure shows the formation mechanism of tourism flows in the context of COVID-19.
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be completed, and informatization and digitization serve as
technical guarantees for the dissemination of tourism information
(Ruan and Zhang 2021; Shi et al. 2022).

The pull from the tourist destination is another driving force
behind tourism flows. The abundance of resources directly
determines the attractiveness of a destination and market awareness,
while the availability of facilities reflects the destination’s capacity to
accommodate tourists and its level of hospitality (Mou et al. 2020).
In addition, climate suitability is an essential factor influencing
tourists’ decisions to travel (Medina et al. 2022).

Resistance factors between the source and destination are the
controlling forces of tourism flows. According to distance decay
theory, both spatial and cultural distances between the source and
destination are critical factors determining the scope and
direction of tourism flow (Tan et al. 2022). Among these factors,
spatial distance primarily affects tourism decision-making under
objective conditions. This is because, as spatial distance increases,
so do transportation, accommodation, and other expenses.
However, tourists have limited affordability and leisure time.
Conversely, cultural distance primarily affects tourism decision-
making under subjective conditions. Although cultural distance
can satisfy tourists’ needs for novelty and difference, it is
important to note that as cultural distance increases, travelers’
sense of unfamiliarity with the destination intensifies. Out of a
desire to avoid risks, their motivation to travel is subsequently
weakened (Ma and Tong 2019).

Moreover, risk perception and safety assessments of non-
habitual environments significantly constrain tourism flows (Xie
et al. 2023; Park et al. 2022). These perceptions become
particularly critical during periods of frequent policy adjustments,
which can exacerbate uncertainties and influence travelers’
decision-making (Wu et al. 2023). Therefore, this study closely
integrates theory and practice by incorporating relevant policy
analysis into push-pull theory to further refine the mechanisms of
tourism flow formation. This integration not only provides a
more comprehensive understanding of the factors driving
tourism flows but also enhances the applicability of push-pull
theory in dynamic and uncertain environments.

Specifically, in December 2019, the COVID-19 pandemic emerged
in Wuhan, China. The National Health Commission of China
responded swiftly by initiating an epidemiological investigation and
announcing a “lockdown” in January 2020. Other cities soon followed
suit similar lockdown measures. In 2020, during the initial phase of
the pandemic, community lockdowns, venue closures, and traffic
disruptions were implemented, greatly restricting mobility and
gatherings, directly choking the “throat” of the tourism industry
(Hao et al. 2021). By 2021, with the nationwide mutual recognition of
health codes and the adoption of targeted, zone-based control
measures, production and daily life gradually resumed, and the
tourism industry began to make efforts toward recovery. However,
due to recurrent outbreaks and policy uncertainties, the willingness to
travel among Chinese tourists remained low during this period.
Moving into 2022, with the widespread deployment of vaccines,
China adopted a “dynamic zero-COVID” policy. Although this policy
was more flexible, rapid control measures were implemented in any
city experiencing an outbreak, significantly affecting the continuity of
tourism and hindering the full recovery of the industry (Yu et al.
2023; Fan et al. 2023). By 2023, China officially optimized its
pandemic prevention policies, downgrading COVID-19 from “Class
A, Category I” to “Class B, Category II” management. This shift
marked the beginning of a reopening phase, characterized by a
significant relaxation of various prevention measures and a
comprehensive restart of the economy and society (Dou et al.
2024). As a result, the tourism industry capitalized on this
opportunity, establishing the groundwork for a robust recovery after
years of intermittent challenges.

Meanwhile, in response to the impact of COVID-19, the Chinese
tourism industry actively implemented a series of remedial measures.
In 2020, facing widespread lockdowns and travel restrictions, the
industry sought to reduce operational costs through various
measures, such as limiting visitor numbers, requiring reservations,
and even suspending operations (Li et al. 2021). To preserve
customer goodwill and prepare for future recovery, businesses
negotiated with clients, offered refunds, and managed cancellations
(Liu et al. 2021). As the pandemic gradually came under control in
2021 and 2022, though with occasional regional resurgences, the
industry innovatively introduced “Safe Travel,” focusing on flexible
product combinations (e.g., point-to-point intercity travel), simpli-
fied transportation methods (e.g., self-driving), and robust cancella-
tion policies and pandemic insurance to alleviate travelers’ concerns
(Qiang MM 2022; Zhang et al. 2023). Concurrently, the government
increased support by issuing tourism subsidies, reducing tourism
taxes, and other measures to stimulate tourism demand and ensure
supply (Wong and Lai 2022). Despite these efforts, the recurring
nature of the pandemic led to intermittent disruptions in the
tourism sector. By 2023, with a significant relaxation of pandemic
prevention policies, both tourism enterprises and local governments
intensified their market promotion efforts. This coordinated push
led to a rapid rebound in interprovincial and intercity travel, setting
the stage for a robust recovery in the industry.

To sum up, these policy shifts, therefore, serve as crucial
intermediaries in the push-pull dynamics, shaping the balance
between tourism demand in the tourist source and tourism
supply in the tourist destination, while simultaneously moderat-
ing resistance factors that influence travel decisions. As the
epidemic draws to a close, cities are now faced with the challenge
of leveraging these dynamics to ensure tourists can access reliable
travel information, rebuild confidence in travel, and stimulate
tourism motivation. In this context, understanding the temporal
evolution and spatial distribution of tourism flows between cities
in China becomes very essential.

Temporal changes of travel information search. Since 2019, the
repeated outbreaks of COVID-19 have significantly impacted the
tourism industry, especially in China, where the pandemic began
the earliest and lasted the longest (Li et al. 2022). Figure 2 illus-
trates the daily average of tourism information searches and the

Fig. 2 The daily average of tourism information searches and the damage
rates in each year from 2019 to 2023. The figure shows that tourism
information searches declined by more than 50% in 2020–2022 and
rebounded in 2023.

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-024-04262-0 ARTICLE

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |           (2025) 12:19 | https://doi.org/10.1057/s41599-024-04262-0 5



corresponding damage rates for each year from 2019 to 2023. It is
important to note that using the tourism information search
volume in 2019 as the initial value, and the search volume from
2020 to 2023 as the current value, the damage rate can be cal-
culated as: damage rate = (initial value - current value) / initial
value * 100. This allows for an analysis of the impact of
COVID-19 on tourism flow. The data shows that before the
COVID-19 pandemic, the annual average of tourism information
searches reached as high as over 60,000. However, the initial
phase of the pandemic in 2020 led to a sharp decrease in tourism-
related searches, resulting in a decline of 57%. This demonstrates
the strong constraints imposed on tourism flows by strict control
policies. As policies were continuously optimized, the pandemic
was brought under control in 2021 and 2022, resulting in a
smaller decline in tourism information searches; however, they
remained 60 and 72% lower than the initial levels in 2019. This
suggests that the “partial silence and dynamic clearance” policy
had a positive effect, although it was insufficient to reverse the
downward trend in tourism. By 2023, with the significant
relaxation of COVID-19 prevention measures and the shift
towards reopening, there was a noticeable recovery in tourism
information searches. However, while there was a positive uptick
compared to previous years, search volumes remain at 68% of
pre-pandemic levels, reflecting the lingering effects of the pan-
demic on consumer confidence and travel behavior. Additionally,
from 2019 to 2023, the trend in China’s annual travel information
search volume is largely consistent with the trend in the number
of domestic tourists. This further indicates that, to some extent, it
is scientifically valid to use tourism information flow as a repre-
sentation of tourism flow.

In Fig. 3, the tourism information search index is calculated as
the monthly average, with the dotted line representing the average
value of tourism information flow across three time periods:
before COVID-19 (2019), during COVID-19 (2020–2022), and
after COVID-19 (2023). As demonstrated in Fig. 3, there were
three peaks in tourism information searches in China prior to
COVID-19, appearing in February, April, and July, respectively.

Due to the precursor effect of tourism information, it can be
reasonably inferred that there is clear seasonality in China’s
tourism, with peak seasons concentrated around the Spring
Festival, May Day, and Summer Vacation (Li et al. 2023).
Additionally, the months whose daily average in this month fell
below the daily average in the year were mostly concentrated
from September to December, which is the winter with cold
weather. During this period, the number of national tourist
information searches decreased significantly, indicating a close
correlation between tourism activities and climatic conditions
(Zhong and Chen 2019).

During the outbreak of COVID-19 in Wuhan from January to
March 2020, the volume of tourism information searches
dropped by half due to panic. Consequently, tourism information
in February plummeted, marking a transition from peak to
trough and entering a prolonged downturn. It resumed by
September 2020, becoming the only peak of the year, signaling the
National Day Golden Week. In 2021, two anomalous months
were observed: February and August, attributable to the
COVID-19 outbreaks in North China during January and
February and in Hunan-Jiangsu during July and August. In
2022, there was only one peak in July, attributed to the COVID-19
outbreak in Shaanxi during January and February and in
Shanghai from March to May. All of these outbreaks were
prolonged (lasting more than one month) and widespread
(spanning over ten provinces), once again underscoring the
significant negative impact of COVID-19 on tourism and
tourism information searches (Sun and Xing 2023). Additionally,
the volatility trend of the tourism information index in 2023
mirrors patterns observed prior to the epidemic, albeit with a
lower peak value. This suggests a cautious resurgence in the
willingness of Chinese tourists to travel. While the temporal
effects of COVID-19 on tourism flow have been tentatively
identified, its impact on the spatial distribution of tourism in
China remains ambiguous. Further empirical studies are
necessary to address these questions and provide a comprehen-
sive understanding of spatial implications.

Fig. 3 The daily average of tourism information searches in each month from 2019 to 2023. The figure shows that tourism information searches in China
exhibited seasonality, with a clear disruption in recent years due to the impact of the pandemic.
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Spatial distribution of tourist flow tendency. Based on the
push-pull theory, we classify city attributes into tourist source and
destination cities, analyzing the spatial patterns of tourism flows
in China amid the pandemic’s perturbations from a dual per-
spective. Additionally, three specific periods—before COVID-19,
during COVID-19, and after COVID-19—are selected to illus-
trate the temporal evolution of tourism flows in China (Figs. 4–6).

Regarding the travel potential of tourist sources (Fig. 4),
China’s tourism source market has fully developed a “bow-
shaped” spatial distribution structure prior to COVID-19.
Specifically, it is centered on three high-value agglomerations:
Beijing-Tianjin-Hebei, the Yangtze River Delta, and the Pearl
River Delta, with the coastal areas forming the arc, the Beijing-
Guangzhou link as the string, and the Yangtze River as the
arrow. Although the coverage of core tourist source areas
contracted during COVID-19, there was a recovery and
expansion after the pandemic.

The three core regions are not only the key development zones
for China’s regional economy but also the primary promotion
zones for China’s new urbanization, which have already become
the most prosperous cities in China. Consequently, these regions
can respond quickly and effectively to public health emergencies,
such as COVID-19. Most cities in these regions have relatively
high-quality economies with high levels of technologization,
informatization, and internationalization, as well as a strong
supportive capacity for the Internet economy and modern service
industry. This enables them to maintain significant tourism
potential, even during the COVID-19 pandemic, reflecting the
positive impact of a highly active economy on the tourism source
market.

Regarding the attractiveness of destinations (Fig. 5), prior to
COVID-19, China’s tourism hotspots formed a “U-shaped”
spatial distribution structure, with Beijing-Tianjin-Hebei, the
Yangtze River Delta and Chengdu-Chongqing as the core. The
attractiveness of tourism destinations in the western and north-
eastern regions is relatively insufficient, while the central region
exhibits a characteristic of “local collapse.” During and after
COVID-19, tourism destinations exhibited a Matthew effect,
where the strong became stronger while the weak became weaker.
In addition to the original popular areas, hotspots expanded
northward into Inner Mongolia and extended southward into
Hainan. Similarly, the coverage of the cold spot region in the west
and northeast has expanded, demonstrating the poor resilience
and the low risk tolerance of these less developed regions in the
face of the epidemic, which requires improvement.

The Beijing-Tianjin-Hebei region, the Jiangsu-Zhejiang-
Shanghai region and the Sichuan-Chongqing region in China
possess abundant and high-quality tourism resources, making
them popular tourism destinations (Fang et al. 2022). However,
for the western provinces and the three northeastern provinces,
tourism attention is constrained by factors such as location,
transportation, and infrastructure. These regions should concen-
trate on overcoming the challenges posed by inadequate
infrastructure and the seasonality affecting their tourism
development.

In the six central provinces, the collapse area of tourism
attraction is mainly concentrated in the north of Anhui, southeast
of Henan, and southwest of Shandong, which overlaps with the
“Yellow River Flooding Area” (Wang et al. 2020). The reason for
the overlaps is the superimposed of ecological environment
constraints, economic development dilemmas, and other unfa-
vorable factors, which also result in the weakness of the regional
tourism economy. Furthermore, coupled with the homogeniza-
tion, it further reflects the “central collapse” in tourism attention.

Given the complexity of the national tourism flow spatial
network, this study selects the core routes with the top 500 traffic

volume for visual analysis to further demonstrate the flow
characteristics of Chinese tourists (Fig. 6). The core routes of
China’s tourism are distributed in a diamond shape, with Beijing,
Shanghai, Sanya, and Chongqing at the four corners, and the
cross intersects with Xi’an. Within this diamond structure, a
secondary network has formed to connect Chengdu, Hangzhou,
Tianjin, Nanjing, Shenzhen, Zhangjiajie and other regional core
cities. This pattern was not disrupted during the pandemic;
instead, it intensified. Additionally, in 2023, Lhasa emerged as a
new destination outside the existing diamond-shaped structure of
China’s core tourism flows. This shift is attributed to the fact that,
following the high-pressure period of the pandemic, people are
increasingly seeking to alleviate stress through travel (Fan et al.
2023). With its expansive natural landscapes and rich cultural
heritage, Lhasa has become an ideal choice.

In general, regardless of the inflow and outflow of tourism
information, the overall spatial patterns closely resemble the
economic and population distribution (Zhang et al. 2023).
Specifically, a “southeast-northwest” high and low-value spatial
distribution exists, with the “Hu Huanyong Line” serving as the
boundary. This indicates that city strength remains the primary
factor driving the spatial differentiation of tourism. Additionally,
a spatial dislocation exists between tourist sources and destina-
tions, suggesting that factors such as resource abundance and
convenient transportation are also critical in affecting the spatial
differentiation of tourism. In summary, COVID-19 has impacted
the spatial patterns of city tourism in China but has not altered
the essential characteristics.

Characteristics of the structural distribution of tourist cities.
To further analyze the concentration of tourism flows, this paper
ranks the volumes of inflow and outflow of tourism information
from each city and explores the evolutionary characteristics of the
distribution structure of tourist cities during COVID-19.

Figure 7 illustrates that before COVID-19, the Zipf index for
population size (number of permanent residents) and economic
development (per capita GDP) in China’s cities was 0.6670 and
0.5023, respectively. This indicates that the economic develop-
ment and population size of cities in China remain dispersed and
that development is unbalanced and insufficient. Additionally, the
Zipf index for tourism information inflow and outflow was 0.9503
and 1.1882, respectively. This indicates that tourism information
inflow is relatively reasonable, approaching an ideal equilibrium
state. And the Zipf index for tourism information outflow is
higher than the others, indicating a primacy distribution.

Tourism motivation theory posits that the transition from
tourism willingness to behavior is influenced by various factors,
including consumption capacity, motivational preferences,
resource endowments, transportation, and climate. To maximize
the utility of tourists, tourist destinations will undoubtedly
concentrate on cities with unique resources, convenient trans-
portation, pleasant climates, and comprehensive facilities. The
highly integrative nature of tourism also facilitates spatial
agglomeration of tourism flows, which surpasses that of the
economy and population, making it possible to gap the huge
discrepancy of tourism development in different regions.

As shown in Fig. 8, the rank-size curve shifts left annually from
2019 to 2022 and shifts right for the first time in 2023. Among
these, the distance between the curves for 2020, 2021, and 2022 is
relatively narrow, reflecting a continued slower decline in tourism
popularity during the normalization period of COVID-19. In
addition, the Zipf index for tourism information inflows rose
from 0.9503 to 1.1194 before subsequently declining to 0.8736,
indicating a fluctuating trend. This suggests that the balanced
distribution of potential tourism sources was disrupted during the
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Fig. 4 Evolution of the spatial pattern of tourism information inflow. The figure shows the spatial distribution of tourism information inflow before, during
and after the COVID-19 respectively from top to bottom, reflecting the changes in China's core tourist sources.
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Fig. 5 Evolution of the spatial pattern of tourism information outflow. The figure shows the spatial distribution of tourism information outflow before,
during and after the COVID-19 respectively from top to bottom, reflecting the changes of popular destinations in China.
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pandemic, shifting towards high-level cities before returning to
normal. Meanwhile, the Zipf index of tourism information
outflows consistently fluctuated around 1.2, indicating that the
primacy of major tourism destinations remained stable.

Based on the intersection of scatter points and straight lines,
cities can be roughly classified into three types: “head,” “middle,”
and “tail.” As seen in Fig. 8, both information outflow and inflow
exhibit similar patterns. In both inflow and outflow, the “head”
cities exhibit a discrete distribution, with both quantity and
quality requiring further improvement. A large number of cities
are clustered in the middle of the curve with minimal spacing,
reflecting the weak hierarchy of cities in the “middle.” Cities at
the bottom of the ranking, such as Haidong and Shannan, are
primarily underdeveloped areas with lagging local economic and
social development. They curve downwards almost vertically,
indicating that cities in the “tail” receive low attention in tourism.

To directly reflect the distribution and differences in tourism
flows before and after COVID-19, a kernel density estimation plot
(Fig. 9) is presented. As shown in Fig. 9, first, regarding the

position of the curve, whether for the inflow or outflow of tourism
information, the main body of the kernel density curve is shifting
to the left. This further confirms that China’s urban tourism has
not yet recovered to its pre-COVID-19 state, indicating that
further efforts are needed. Second, regarding the shape of the
curve, both the inflow and outflow of tourism information exhibit
a unimodal distribution, with the peak becoming higher and
narrower. This indicates a decrease in the standard deviation
(representing the difference between data points and the mean) of
tourism information inflow and outflow intensity, suggesting that
after COVID-19, the cities in the “middle” of the chart above are
more crowded. It is essential to consider how these cities can
differentiate themselves in future competition. Finally, regarding
the ductility of curve, the starting point of the kernel density
curve of tourism information inflow moves to the right, while the
end point moves to the left, indicating a clustering trend. This
reflects a decrease in the extreme deviation (representing the
difference between the maximum and minimum values) of
tourism information inflow following COVID-19. Conversely, the
starting point of the kernel density curve of tourism information
outflow shifts to the left while the end point shifts to the right,
indicating an expansion trend. This reflects an increase in the
extreme deviation of tourism information outflow following
COVID-19. This further confirms the aforementioned Matthew
effect observed in tourist destinations, where the strong become
stronger and the weak become weaker.

Based on the above classification and analysis, a Sankey
diagram (Fig. 10) is presented to further illustrate the distribution
and flow of tourism information among the “head,” “middle,”
and “tail” cities. As illustrated in Fig. 10, after COVID-19, the
inflow ratio of tourism information increased in both the “head”
echelon and the “tail” echelon, although the change was relatively
modest, rising from 25.6% to 26.2% and from 4.7% to 5.7%,
respectively. In contrast, regarding the outflow ratio of tourism
information, only the “head” echelon experienced an increase,
rising significantly from 40.2 to 55%. This indicates that cities
with strong tourism foundations are more resilient to external
shocks.

Specific to individual cities, Fig. 11 clearly shows that, among
the 296 cities in China, few cities can combine the attributes of
both tourist source and destination. Typical examples include
Chengdu, Hangzhou, Chongqing, and Qingdao, all of which are
“new first-tier cities” with solid economic foundations and rich
cultural heritage. Therefore, these cities should maintain their

Fig. 6 Tourism flow spatial network structure. The figure shows from left to right the core travel routes of China's top 500 before, during and after the
COVID-19.

Fig. 7 2019 National population, economy, tourism information flow rank-
size. The figure shows the rank-size chart of China’s population, economy,
tourism information inflow and outflow in 2019, with Zipf index of 0.6670,
0.5023, 0.9503, and 1.1882, respectively.
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Fig. 8 Tourist information flow rank-size. The left side of the figure shows the rank-size chart of tourism information inflow from 2019 to 2023, while the
right side shows the rank-size chart of tourism information outflow from 2019 to 2023.

Fig. 9 Kernel density estimation of tourism information flow. The left side of the figure shows the estimated kernel density of tourism information inflow
before and after the COVID-19, while the right side shows the estimated kernel density of tourism information outflow before and after the COVID-19.

Fig. 10 Sankey diagram of tourism information flow. The left side of the figure shows the proportion of tourism information flow from different types of
tourist sources to destinations before the COVID-19, while the right side shows the proportion after the COVID-19.
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current status while striving for higher quality. Additionally, some
prosperous “first-tier cities” with strong single attribute, including
Beijing, Shanghai, Guangzhou and Shenzhen, exhibit a higher
tourist source attribute than destination attribute. In the future,
the advantages conferred by a prosperous economy will
significantly drive tourism development, thereby enhancing its
attractiveness to tourists. Guilin, Sanya, Zhangjiajie, and Lhasa
are cities where the tourist destination attribute is stronger than
source attribute; they are classified as “third-tier,” “fourth-tier,” or
even “fifth-tier” cities, with relatively underdeveloped economies.
Thus, the tourism industry in these cities can serve as a critical
support mechanism for economic development.

Conclusion, recommendation, limitations, and future research
In line with the fact that China conducted prevention measures
for COVID-19 considering “city” as a unit, this paper examines
296 cities in China as the research area, focusing on tourist
mobility tendencies as the subject of study, and spans the period
from 2019 to 2023 to explore the temporal and spatial evolution
characteristics and distributions of tourism information inflows
and outflows using GIS spatial analysis, rank-size law and kernel
density estimation.

Firstly, in terms of temporal characteristics, COVID-19 has
significantly decreased tourism information flows, particularly
from 2020 to 2022, during which the damage rate exceeded
50%. Although there has been a rebound in 2023, it has not yet
returned to pre-pandemic levels. Regarding spatial character-
istics, the distribution of tourism flow exhibits a clear pattern of
“high in the east and low in the west”. The distribution of
popular tourism sources is “bow-shaped”, while that of popular
tourism destinations is “U-shaped.” Additionally, there is a
significant spatial dislocation between tourism sources and
destinations.

Secondly, the results of tourism flow network structure indicate
that the distribution of tourism sources is relatively well-ordered,
while the distribution of tourism destinations tends to follows a
“primacy-type” distribution. Beijing and Shanghai attract a strong
inflow of tourism information, and Zhangjiajie and Lhasa
experience a substantial outflow of tourism information. In
contrast, Chengdu and Chongqing exhibit a relatively balanced
inflow and outflow of tourism information. Furthermore, the

“head” cities present a sporadic distribution, the “middle” cities
are crowded, and the “tail” cities have a reasonable representa-
tion. However, following the impact of COVID-19, the Matthew
effect emerged in tourist destinations in Chinese cities, indicating
that cities with strong tourism foundations are more resilient to
external shocks.

Finally, the findings of this study both align with and differ
from previous conclusions. Some scholars similarly focused on
tourism flows within Chinese cities; however, their original data
was derived from travelogues on travel websites, such as Ctrip. A
comparison revealed that actual tourism routes also follow the
distribution pattern of higher numbers in the east and lower
numbers in the west, and, to some extent, conform to the rank-
size rule. Interestingly, in their research, the Yangtze River Delta
and Chengdu-Chongqing regions are popular areas, while
Beijing-Tianjin-Hebei and the Pearl River Delta are less promi-
nent (Wang et al. 2020; Fang et al. 2022). However, in this study,
these two regions are recognized as significant tourist sources.
This illustrates that different data sources can yield different
results; however, they can mutually validate and complement
each other. Once again, this demonstrates the necessity and
importance of exploring development patterns and tourism
planning based on urban attributes.

Therefore, to promote the scientific planning and sustainable
development of tourism in the post-epidemic era, it is necessary
to facilitate the rational mobility of tourism elements and enhance
inter-city cooperation. The recommendations presented in this
paper are as follows:

The first recommendation is to adhere to the law of spatial and
temporal evolution of tourism flow and continue leveraging the
radiating and driving role of core regions such as the Beijing-
Tianjin-Hebei, Yangtze River Delta, Pearl River Delta, and
Chengdu-Chongqing regions. Strengthening cooperation between
cities at different levels and promoting the equitable distribution
of tourism production factors is also crucial. Additionally, given
the remarkable rise of Lhasa as a tourist destination in the new
era, we recommend promoting the integration of culture and
tourism as a strategic approach to enhance the appeal of the
destination. This integration not only strengthens the cultural
identity of regions but also enriches the tourism experience,
playing a crucial role in attracting visitors from all directions in
the post-pandemic era.

The second recommendation is to emphasize the multiple
push and pull effects of the economy, resources and policies,
and to establish a virtuous cycle of mutual benefit between
tourist sources and destinations. For instance, Guizhou has
signed strategic agreements with Shanghai, Jiangsu, and several
other provinces and cities to exchange resources and has
implemented preferential measures, such as mutual exemptions
for tickets. These measures have significantly enhanced the
connection between tourist sources and destinations. Other
cities, particularly those classified as “head” and “tail” cities,
should learn from these measures to find strategic partners
according to their specific attributes. In addition, for numerous
“middle” cities, it is crucial to leverage their unique advantages
and pursue differentiated competition, striving to embody the
principle of “what others lack, we have; what others have, we
excel”.

The third recommendation is to recognize the tourism char-
acteristics of the city, building on strengths and mitigating
weaknesses. Tourist sources, particularly megacities, should focus
on tourism product development and accurately identify tourism
demands, while adhering to the principles of innovative, green,
and shared development. Tourist destinations, particularly those
in less developed regions, should emphasize marketing and
establishing strong tourism brands. For example, cities in the

Fig. 11 The evolution of the source and destination property of 296 cities
in China. The figure shows the tourism attributes of 296 cities in China.
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Northeast and Northwest, which have relatively weak economic
and transportation foundations, should vigorously develop
unique tourism routes, such as desert, and ice and snow tourism,
to leverage tourism for economic development.

Overall, the study of the spatiotemporal distribution and net-
work structure of tourism flow is a crucial issue in tourism geo-
graphy and a practical necessity for the high-quality development
of tourism. This study constructs a tourism flow network among
296 cities in China based on the Baidu Index. From the per-
spective of both source and destination attributes, it reveals the
evolutionary patterns of tourism flows in China, characterized by
“broad scope, small scale and long term”. This study provides a
scientific basis for tourism planning and management, and pro-
motes sustainable development in urban tourism.

However, this study has several limitations. (1) Due to limited
data collection capacity, the data sources in this study may be
somewhat simplistic, and future research should aim to expand
these sources to include more comprehensive data from ques-
tionnaire surveys and user-generated content. (2) Due to the lack
of statistical data on economic, demographic, and other indicators
in most cities, along with the difficulty in measuring cultural
distance, this study lacks empirical tests on the formation
mechanisms of tourism flows. Future research should explore
alternative indicators for deeper analysis. (3) While this study
focuses on inter-city tourism flows from 2019 to 2023, future
studies should analyze China’s domestic tourism flows over a
longer timeframe and in smaller units to provide more compre-
hensive insights for more effective tourism planning and
management.

Data availability
The datasets generated during and/or analyzed during the current
study are available in https://github.com/Data-loading/123.
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