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Mobile applications are really important nowadays due to providing the accurate check-in data for research. The primary goal of
the study is to look into the impact of several forms of entertainment activities on the density dispersal of occupants in Shanghai,
China, as well as prototypical check-in data from a location-based social network using a combination of temporal, spatial, and
visualization techniques and categories of visitors’ check-ins. This article explores Weibo for big data assessment and its reliability
in a variety of categories rather than physically obtained information by examining the link between time, frequency, place, class,
and place of check-in based on geographic attributes and related implications. The data for this study came from Weibo, a popular
Chinese microblog. It was preprocessed to extract the most important and associated results elements, then converted to
geographical information systems format, appraised, and finally displayed using graphs, tables, and heat maps. For data sig-
nificance, a linear regression model was used, and, for spatial analysis, kernel density estimation was utilized. As per results of
hours-to-day usage patterns, enjoyment activities and frequency distribution are produced. Our findings are based on the check-in
behaviour of users at amusement locations, the density of check-ins, rush periods for visiting amusement locations, and gender
differences. Our data provide light on different elements of human behaviour patterns, the importance of entertainment venues,
and their impact in Shanghai. So it can be used in pattern recognition, endorsement structures, and additional multimedia content
for these collections.

1. Introduction

In recent decades, academics have been more interested in
mining location-based social network (LBSN) data for rel-
evant outlines and awareness. A considerable quantity of
data is created as a result of the vast number of LBSN-based
apps available today, which is then analyzed to extract
useable information, primarily from a practical standpoint,
such as public transportation flows, disaster management,
and collision avoidance [1]. These programmers’ online
capabilities enable users to contribute and share their
opinions, habits, photographs, video files, and other content

with their network acquaintances, resulting in a large
quantity of data that researchers may utilize to pinpoint
visitors’ actions and likings only over study. Internet services
acquire and retain users’ personal information as well as
their current location.

The data are frequently augmented with information,
multimedia, geolocations, and text, which may be utilized to
do further study on various human behaviour features.
Previous researches datasets were either physically collected
data for populations in various classifications, such as lei-
sure, or LBSNs data for the whole population without
predefined implementations. If appropriately categorized,
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the extensive elements of the LBSN's facts might demonstrate
to be a valuable data source for analyzing human behaviour
in various areas such as amusement, education, tourism,
restaurants, and travel. As a consequence, we will cover the
research gap of using LBSN data in article or substance in
this study by determining which entertainment venues
Shanghai residents want to visit. A variety of studies have
been conducted to evaluate and recreate human activities
using geodata. Recent studies, for example, use check-in data
from internationally popular LBSNs like Twitter, Facebook,
and Foursquare to uncover correlations and patterns across
users like female and male, skilled or less skilled classes, and
age groups [2, 3].

Unlike the widespread usage of Facebook, Twitter, and
other LBSNs throughout the world, the majority of these
LBSN s are outlawed or limited in China. As a result, Chinese
residents prefer to utilize national microblog such as Weibo
(Sina Weibo) [4, 5]. So, check-in data from Weibo may be
acceptable for LBSNs statistical study in China. These
outlines duplicate functional features inside the city and
between cities and include activity behaviour, mobility, and
density [6, 7]. The term “check-in” refers to a user using an
LBSN application to confirm her/his location by partici-
pating in an activity or sharing her/his site with someone in a
note [8, 9]. Weibo is well known not only among users but
also among researchers, who execute a variety of topics to
extract useful information from its geodata, such as the
analysis of traffic accidents in Shanghai [10, 11], the analysis
of tourism hotspot appeal features, the evaluations of the
growth of Beijing’s urban boundaries [12], and spatiotem-
poral analysis by sex [13]. The majority of this research
focuses on check-in data study for specific users or imple-
mentation details such as tourism, road accidents, deter-
mining urban borders, spring-festival rush, or sex [14]. There
is a need to connect these spatiotemporal features to the
locations where guests check in to get more details.

To the best of our knowledge, other researchers have not
included this in the past. As a result, we concentrated on
three distinct elements of analysis on Weibo’s check-in
records from Shanghai city for two years, from July 2015 to
June 2017, to discover spatiotemporal patterns and pop-
ulation estimates using entertainment venue categorization
and density estimation.

As a result, the latest research highlights three main
features of the analysis, our contribution to the field’s
available research:

(i) Time scales of an hour, a week, and a day.
(ii) Data grouping and entertainment venue research.

(iil) Modeling and abundance estimate using spatial
analysis.

Tableau, a famous statistical tool among academics, was
used to do temporal analysis to find many patterns from user
data in “time,” verifying the data appropriateness for some
turther evaluation by presenting typical individual contacts.
We deliver thorough clarifications of the findings in both
statistical tables and graphical graphics. The geographical
analysis was approved using kernel density estimation
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(KDE) in ArcMap of ArcGIS Desktop 10.7.1 and map data
from OpenStreetMap (OSM) to prove the variability of the
check-ins.

Section 2 of this research includes pertinent work on big
data, LBSNs, and their critical implications in a variety of
fields, as well as pieces on Weibo, Shanghai, and China.
Section 3 gives a summary of the dataset as well as the
analytical technique. The findings and a summary are in-
cluded in Section 4, and the study’s conclusion and rec-
ommendations are included in Section 5.

2. Related Work

Concerning other areas of computer science, research in big
data analysis has advanced at an accelerating rate during the
period, attracting enormous attention from numerous ac-
ademic communities. Big data is becoming near, but po-
tentially too near [15] for the greater advantage or the
infringement of privacy. “Big data” is a phrase that should be
used. Reference [16] provides the idea that only volumes are
necessary; nevertheless, when defining “big data,” more
factors must be considered, such as behaviour, difficulty,
construction, tools, procedures, and technologies utilized to
evaluate and handle the massive amounts of data [17].
Dumbill established the renowned three “V’s,” denoting
dimensions of “big data,” meaning volume, variation, and
velocity of its contents [18]. Mayer-Schonberger and Cukier
[19] emphasized critical “big data” challenges such as as-
sociation rather than interconnection, chaos rather than
order, and populations rather than sample data.

Ovadia, on the other hand, showed and underlined the
relevance of “big data” for academics and social scientists,
stating that “big data” is too crucial to ignore because most
social scientific research requires a large quantity of data and
large datasets [20]. Many study areas, such as time and space
geography, human mobility, user activity, and urban
functions, began with statistical data derived from trip di-
aries, interviews, surveys, questioners, and other by-hand
composed datasets [21]. These approaches, however, may
not be sufficient to detect patterns in data since mobile
phones, the Global Navigation Satellite System (GNSS),
smart cards, and location-based Internet apps, including
geoinformation, have lately disseminated efficient data
sources for such scientific articles [22]. With the rapid
advancement of mobile technology and the widespread
usage of portable devices, tracking users’ whereabouts and
activities has become easy. Gonzalez et al. [23]. Despite
providing the estimated position near the mobile phone’s
base transmitter where the calls are connected, the dataset
exhibited success in predicting the placements of users with
limited time, which was subsequently employed in pre-
dicting user movements [24]. Zhu discussed several com-
ponents of GIS (geographic information system) and its role
in pattern pulling out and urban studies by proving how to
analyze and show the spatiotemporal components of recy-
clable waste, gathering, and restoration [25].

Researchers can organize quantitative analyses of human
behaviours, trends, and relevant characteristics such as social
contacts, personal preferences, and dwelling areas in the
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current digitized environment [26, 27]. Fan et al divided
their user behaviour research into three sections: location
suggestion, trajectory mining, and location prediction [28].
Stressing the significance of understanding user patterns of
behaviour and how they may help with applications such as
traffic regulation, mobile advertising, disaster assistance,
human health, and urbanism, “big data” can be processed,
stored, and analyzed at several levels. Business intelligence
(BI), which initially arose in the late 1990s [29], is an es-
sential field of “big data” at the organizational level. BI helps
in decision making by lowering doubt through forecasting,
ad-hoc enquiries, and aggregation-based reporting, as well
as handling structured and unstructured data and inte-
grating “big data”-based systems [30, 31].

BI systems incorporate data warehouses for storing
clean, accurate, and extensive data from various sources, as
well as online analytical processing (OLAP) for real-time
multidimensional assessment with operations such as
grouping, filtering, roll-up, rotation, and drilling-down for
specifics [32]. OLAP is one of the most well-known and
renowned methodologies for “big data” research in BI
systems [33]. However, BI, data warehouse, and OLAP are
potent tools for dealing with large amounts of data and a
wide range of activities, additionally posing a difficulty due
to the high cost, storage, and processing resources required
[34]. As it has been utilized and is developing rapidly in
practically every area globally, online social networks have
proven to be the most momentous source of “big data” to
study individual’s behaviour. The LBSNs’ online services
allow users to post and share their activities, interests, and
whereabouts, resulting in vast volumes of data to perform
various studies on various subjects. Papers [35, 36] go into
great detail about the research on human behaviour analysis
approaches.

Lindqvist [37] investigated the usage of LBSNs, which
was led by other research publications, including empirical
investigations and sociospatial features employing LBSNs
[38] and a personalized geosocial suggestion based on a
dataset from two independent LBSNs, namely Gowalla and
Foursquare, by Zhang and Chow [39]. Colombo et al. [40]
used similar check-in data from LBSN to improve recom-
mendation algorithms in two UK cities by collecting fre-
quent users at diverse venues. Li et al. [41] conducted a
rigorous analysis that analyzed foursquare data from 2.4
million sites in 14 states to discover the factors influencing
place reputation. The study’s outcomes revealed three pri-
mary criteria influencing a venue’s fame: venue profile,
venue age, and venue nature. One other analysis on user
behaviour at several venue classifications fixated on “food”
in Riyadh, Saudi Arabia, discovered that customers are more
open to sharing their practices when visiting meal venues.
The check-ins of approximately 19,000 swarm (Foursquare)
participants from three urban centers, namely San Fran-
cisco, New York, and Hong Kong, were used to debate
relationships among distinct venues at varying periods of the
day [42].

Several studies have been undertaken throughout the
world to explore various characteristics of users and check-
ins using LBSN data sources such as Foursquare and

Twitter. These characteristics have been applied in a di-
versity of domains, including mobility patterns, venue
classification, and urban planning and expansion [43].
Weibo, a renowned Chinese LBSN, was employed and
shown to be effective for this study. In research for
Shenzhen, Gu and colleagues [11] used Weibo data to
examine the appeal powers of visitor attractions. Another
study on people’s movements and activity patterns which
was undertaken in order to examine urban borders in
Beijing [12] also used Weibo check-in. In a similar vein, Shi
et al. [43], stemming from different details given by the
LBSN, Weibo data were used to explore features of tourism
destinations and took the analysis in conjunction with
sentiments from user comments. Wu et al. [44] investigated
spatiotemporal analysis based on the time of day and the
variation in check-in patterns among weekdays and
weekends. Wu et al. [45] also investigated check-in studies
at 21 of Wuhan’s most renowned lakes.

3. Dataset and Methodology

3.1. Study Area and Data Source. The earlier study was based
on data attained for Shanghai, a well-known Chinese
metropolis located on the Yangtze River between
3040J-3153JN and 12052J-12212JE and spanning an area
of 83592 km. It was allocated into a county and sixteen
districts, which were named “Baoshan,” “Chongming,”
“Fengxian,” “Hongkou,” “Area,” “Minhang,” “Putuo,”
“Qingpu” and “Xuhui” “Huangpu,” “Songjiang,”
“Changning,” “Jingan,” “Jiading,” “Jinshan,” “Pudong
New”, and “Yangpu”. Shanghai is recognized as a financial
powerhouse that connects China to the global economy,
with a GDP of over 2.7 trillion Yuan and an average growth
rate of 7.4 per cent during the past five years. Shanghai has a
population density of 3854 persons per square kilometre in
metropolitan areas. With an increase of 0.66 million people
per year, it has exceeded Beijing as China’s most populated
city. It has surpassed New York, the world’s fifth most
populous metropolis. The massive influx of migrants,
which accounted for nearly 39% of Shanghai’s total pop-
ulation in 2010 [46], is the major driver of population
expansion. Figure 1 depicts the research area, which is
based on Shanghai’s ten districts.

The information was collected from one of China’s most
famous LBSNs, Weibo, which is a hybrid of Twitter and
Facebook (the world’s two most popular LBSNs) and was
founded on August 14, 2009. It is a popular micro blog
where users can express themselves by writing articles,
check-ins, and communication with friends and family by
sharing their thoughts, favorites, activities, shots, audio/
video messages, and locations.

Weibo provides a variety of geographic data, with real-
time location sharing, sites referenced in posts, and user
profile location being three of the most useful. By the end of
2018, the number of visitors had climbed to 500 million, with
462 million monthly active users and 200 million daily active
users. This research is based on two years of social basis
gathered spatiotemporal check-ins from Weibo in Shanghai,
from July 2015 to June 2017.
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FIGURE 1: Study area.

The primary motivation for using LBSN is to share
activities and remarks, which leads to the formation of a new
intimate social companionship circle. This enables profes-
sionals to extrapolate a wide range of human behaviour and
satisfaction from the geodata gathered by these LBSNs. The
data for this article came from LBSN’s Weibo account. To
gather information from check-ins in Shanghai, we used the
Weibo API (application programming interface) based on
Python. It was gathered in 2017, with around 3.5 million
cumulative check-ins from around two million individuals.
The gathered data were translated from JavaScript Object
Notation (JSON), the standard API Java programming
language, to comma-separated values (CSV) using Mon-
goDB for the present study. Figure 2 depicts the data
processing path.

Anomalies, missing values, and irrelevant characteristics
were removed from the dataset after being filtered for
valuable data. Finally, the researcher evaluated the enter-
tainment places with multiple check-ins for a more thorough
study. This study employed a filtered dataset with 87480
check-ins from 20152 regular users. Table 1 shows a sample
of the records found in the final dataset.

The data inquiry is divided into three parts: temporal
analysis, statistical analysis using spatiotemporal analysis of
leisure sites, and density estimate. One of the most

Processing

P

JSON CSvV

\ /

Source Storage

=

FiGUre 2: Process flow of data.

important goals of this type of research is to demonstrate the
dataset’s legitimacy by demonstrating some observable
human behaviour, such as less LBSN utilize after midnight
until early morning due to sleeping habits and much more
check-ins after working hours and on weekends due to more
social events during relaxation time. In addition, because
both genders are represented in distinct colours in all
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TaBLE 1: The sample of attributes in the dataset.
User_id Activity Date District Lon Lat Gender Time Day
1.78 E+ 09 Amusement 5/8/2017 Xuhui 121.4487 31.19813 M 2:20:12 Mon
3.06E+09 Amusement 6/8/2016 Yangpu 121.5208 31.29679 F 18:20:23 Thu
2.46E+09 Amusement 12/5/2015 Huangpu 121.4634 31.21838 M 7:25:40 Wed
1.78 E+09 Amusement 8/24/207 Pudong 121.5592 31.24204 M 3:30:45 Mon

descriptive data, several fascinating patterns emerge for
males and females. The check-ins collection criteria have
been implemented, as shown in Figure 3.

The venues were classified by comparing physical lo-
cations inside the city to location names and location. The
place names were decoded and retrieved from the Weibo
dataset as the “location” property, as shown in Table 1, and
categorized according to the functionalities of these various
venues, such as those that were regularly frequented and well
known in Shanghai. Every check-in was assigned to the class
that most suited the type of the entertainment and
amusement movement done at that place, such as “cinema,
KTV entertainment hall, theatre, and Disney Park.” Figure 4
illustrates the flowchart of our technique.

3.2. Statistical Analysis. The study was conducted using SPSS
(Version 17.0) and linear regression to see if the dependent
variables are predictors of the independent variable. Table 2
shows the summary of the model.

Z Checkin, = 0, + 1, Z District + 52, Z Days

(1)
+ 83, Z Gender + y,.

The models display R and R square values. The R-value
(0.128) and the R square reflect a straightforward correlation
(0.016). The value of R demonstrates that check-in can be
predicted by 16 percent using characteristics such as days,
gender, and districts.

Table 3 indicates that significance value of F-statistic in
the model showed that the whole model is significant as F (3,
87476) =482.358, p = 0.000.

As shown in Table 4, the independent variables are
significant predictors for the dependent variable. The results
show a statistically significant (P = 0.000) and negative
(—6325.933) connection between gender and check-in. All
other predictors, including days and districts, have a sig-
nificant and positive relationship with the check-in having
the P values 0.002 and 0.000, respectively.

3.3. Spatial Analysis. The KDE technique is a nonparametric
way to estimate density from randomly selected evidence.
KDE generates smooth distributions by removing some local
noise, regarded as a nonprobability distribution with
maximum bandwidth and lower error. KDE is a bulk study
technique used to recognize numerous location-based fea-
tures such as time and destination and is an imperative
density approximation technique that has been widely
studied for the analysis of unlike aspects of location-based
social media data such as vital city limits, visitor’s mobility
and activity patterns, recommendation for a position of

interest, and check-in manners. The KDE method has been
used in a variety of applications, including medicine,
marketing, and ecology for modeling spatial densities.

Let E be a set of historical data where e/ = <x, y > isthe
geocoordinates of a location, and 1 < j < n, for an individual
i. hj is the Euclidean distance to kth nearest neighbor e/ in
the training data. The KDE is expressed as follows:

fKD (elE) = % Z Khi(e> ej),
j=1
(2)

1 1 i\t & i
K, = 2ﬂhexp<—2(e,e ) ;(e,e ))

ArcGIS software has been used for spatial analysis and all
the maps have been created through this software which is
believed to be a significant geographic information systems
software nowadays.

3.4. Temporal Analysis. Tableau software is used to do a
temporal analysis for daily, weekly, and district-based check-
ins.

4. Results and Discussion

Mobile technology, wireless connectivity, the Internet, and
location-based services have evolved dramatically during the
previous two decades. As a result, services based on these
features, such as LBSN like Twitter, Weibo, and Facebook, are
attracting an increasing number of academics to evaluate the
vast amounts of data generated by these services. The study was
incredibly helpful in identifying basic patterns concerning
essential tasks like crisis and catastrophe management, urban
planning, innovative city development, and other significant
data-related sectors. This section looks at two different kinds of
check-in results: temporal and spatial analysis.

We gathered check-ins based on entertainment pur-
poses, and all of the check-ins from entertainment places are
shown in Figure 5. The study area encompasses ten Shanghai
districts.

The density hotspots were identified using kernel density
estimation, and as shown in Figure 6, the enormous black
dots represent a high density of visits. It is worth mentioning
that Shanghai’s seven districts, together known as the city
center, have the highest check-in density.

Figure 7 can see the temporal result of entertainment
check-ins in districts, and all the district’s check-ins activity can
be seen. Putuo and Pudong are two districts that have a higher
number of amusement check-ins compared with others.
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TaBLE 2: Model summary.
Model R R Square Adjusted R Square Std. Error of the Estimate
1 0.128% 0.016 0.016 25047.553
a. Predictors: (constant), gender, districts, and days.
TaBLE 3: ANOVA °.
Model Sum of Squares df Mean Square F Sig. (b)
Regression 907864706534.297 3 302621568844.766 482.358 0.000
1 Residual 54880685702175.710 87476 627379917.945
Total 55788550408710.010 87479
a. Check in is a dependent variable. b. Predictors: gender, districts, (constant), and days.
TasLE 4: Coeflicients.
Model Unstandardized coeflicients Standardized coefficients ; Sig.
B Std. Error Beta
(Constant) 51366.226 380.167 135.115 0.000
1 Districts 333.889 32.151 0.035 10.385 0.000
Days 127.114 40.212 0.011 3.161 0.002
Gender —6325.933 172.959 -0.123 -36.575 0.000

The weekly data indicate an odd phenomenon even after
Saturday and Sunday being holidays. Saturday had more
check-ins than Sundays. One reason is that Saturday is
followed by another holiday (Sunday), allowing people to
avoid getting up early and enjoy and amuse themselves until
beyond late night every day. The weekly data indicate an odd
phenomenon: while both Saturday and Sunday being hol-
idays, Saturday had more check-ins than Sundays. Aside
from that, check-in frequency was substantially lower and
relatively consistent on all working days from Monday

through Thursday, increased dramatically on Fridays, and
was followed by a significant number of check-ins on
weekends. Figure 8 depicts the daily trend.

Figure 9 shows the hour-based check-ins of Weibo users,
with the peak period of entertainment venue check-ins
occurring between 8 and 10 p.m., and this pattern continued
until midnight, with numbers declining after midnight.

In Shanghai, we looked at category (male and female)
data to see how check-in frequency and mindset differed.
Figure 10 depicts the gender check-in density in Shanghai. It
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has been observed that female visitors favor Weibo over outcomes. However, the truth remains that, in comparison
male visitors. As a result, Figure 10 illustrates the results.  to suburban districts, the city center has a more focused and
This study showed the influence of each check-in enter-  higher density. Aside from these diverse spatial and tem-

tainment

venue

through

temporal and geographic  poral trends, the findings demonstrate Weibo’s potential as
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an LBSN dataset by illustrating the critical involvement of
every place type to the intensity and variety of Shanghai as a
vibrant metropolitan center in terms of time and location.
As long as the dataset is suitably classified into multiple
groups, we may use LBSN data instead of human data
collecting as a valuable source of big data analysis in nu-
merous sectors.

5. Conclusion

We utilized the check-in data from Weibo for spatiotem-
poral analysis to investigate various trends in different ac-
tivities linked to amusement in Shanghai during two years
(July 2015 to June 2017). The study examines check-in be-
haviour over time (daily, weekly), as well as check-in data
density predictions and the involvement of each check-in
location to the strength. A temporal analysis revealed some
noteworthy characteristics, including the low number of
amusement events after midnight in a megacity like
Shanghai and the most significant social activities on Sat-
urday rather than Sunday. The findings of density estimates
revealed that the city center performs the highest number of
check-ins, as predicted, due to the greater availability of
resources. In addition, females seem to be more likely to use
social media when participating in entertainment. These
conclusions are based on Weibo check-in data for Shanghai
city, which has numerous qualities, portraying it as a chrono
urban metropolis that is more reachable and friendly. The
research might help create smart cities, recommendation
systems, and LBSN studies in specific domains, including
transportation, tourism, and entertainment. With the
present research, there are various constraints to observe.
Because Weibo was the sole source of data used, the col-
lection was restricted and perhaps skewed. To acquire a more
accurate sample, we may handle this problem by merging it
with additional information sources such as WeChat, Trip
Adpvisor, and other LBSNG.

Data Availability

The dataset can be downloaded from http://www.weibo.
com.
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