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Abstract: Understanding the space-time dynamics of human activities is essential in studying human
security issues such as climate change impacts, pandemic spreading, or urban sustainability. Geo-
tagged social media posts provide an open and space-time continuous data source with user locations
which is convenient for studying human movement. However, the reliability of Chinese geotagged
social media data for representing human mobility remains unclear. This study compares human
movement data derived from the posts of Sina Weibo, one of the largest social media software in
China, and that of Baidu Qianxi, a high-resolution humanmovement dataset from ‘BaiduMap’, a pop-
ular location-based service in China with 1.3 billion users. Correlation analysis was conducted from
multiple dimensions of time periods (weekly and monthly), geographic scales (cities and provinces),
and ow directions (inow and outow), and a case study on COVID-19 transmission was further
explored with such data. The result shows that Sina Weibo data can reveal similar patterns as that of
Baidu Qianxi, and that the correlation is higher at the provincial level than at the city level and higher
at the monthly scale than at the weekly scale. The study also revealed spatial variations in the degree
of similarity between the two sources. Findings from this study reveal the values and properties
and spatiotemporal heterogeneity of human mobility data extracted from Weibo tweets, providing a
reference for the proper use of social media posts as the data sources for human mobility studies.

Keywords: human mobility; social media; geotagged; Sina Weibo; Baidu Qianxi; LBS

1. Introduction

Capturing the space-time dynamics of human activities is essential for understanding
human security issues, such as climate change impacts, pandemic spreading, or urban
sustainability [1–4]. Along with the vigorous development of big data in daily life, real
time data such as mobile phone signaling data, GPS data, and location-based services
are regarded as the main source for tracing human mobility [5]. Wherein, open geo-
tagged social media data has become an important and popular source of spatial analysis,
providing spatiotemporal dynamics of user activities [6]. Results of such studies may be
largely affected by the quality of the data. Thus, the reliability of geo-tagged social media
data has received increasing attention.

Studies have pointed out that human mobility patterns derived from social media
data have an obvious bias compared with the real world and may be limited by the

ISPRS Int. J. Geo-Inf. 2022, 11, 145. https://doi.org/10.3390/ijgi11020145 https://www.mdpi.com/journal/ijgi



ISPRS Int. J. Geo-Inf. 2022, 11, 145 2 of 15

characteristics of social media users and their tweets-posting behaviors such as gender [7],
posting habits [8,9], and various user ratios in different geographic locations [10]. For
instance, tweets posted by residents and travelers may differ [11,12]. More importantly, the
geotags may be different from the real location of the user [13].

In China, SinaWeibo, one of the largest social media software in China (regarded as the
Chinese version of Twitter) had 573 million daily active users and 248 million daily active
users by the end of third quarter of 2021. According to its ofcial report in 2021 [14], Weibo
users are mainly the generation born in the 1990s and 2000s, accounting for nearly 80%
of the total and thereby revealing a younger trend. However, the reliability of geotagged
Weibo tweets for representing human mobility in China remains unclear.

A potential comparable data for human mobility in China is Baidu Qianxi data [15],
which is derived from the location-based service (LBS) of Baidu Map. Baidu Map is is
the most popular online map service application in China with a total of 1.3 billion users.
Baidu Qianxi maps use location information of Baidu Map users for calculation, analysis,
and visualization of aggregated human ow among cities. As “Qianxi” in Chinese means
migration, Baidu Qianxi data was originally intended to portray the large-scale population
ow during the Spring Festival, the most important traditional holiday in China.

Weibo tweets have been utilized with their geographic and semantic information,
wherein the text has been widely used in analyzing public opinion [16], user behavior [17],
subjective wellbeing [18], climate change [19], and hazard management [20]. The geotags
have been used as an important open data for identifying land use [21], urban function
area [22,23], urban spatial structure [24], and delimitating urban boundaries [25]. Recent
studies also extract human mobility information based on geotags to analyze regional
spatial networks [26] and evaluate spatial segregation patterns [27]. Baidu Qianxi data
has been widely used in identifying the structure of urban agglomerations [28], predicting
pandemic spreading [29,30], and evaluating disaster impacts [31].

As the two most popular open datasets in China, Baidu Qianxi and Weibo tweets play
important roles in contemporary study on human mobility, but both have shortcomings.
The former is of high resolution, albeit only open during particular period, while the latter
may be grasped continuously but shows sparsity in quantity. Thus, one way to assessing
the reliability of human ow data derived from Weibo tweets is to compare it with that
of Baidu Qianxi during its available periods. A case study on COVID-19 transmission in
Wuhan could be further explored, as the inter-regional human mobility pattern is veried
to have played a critical role in the pandemic spread [32,33].

Based on geotagged Weibo tweets and Baidu Qianxi during 1 February 2021 to
30 June 2021, this study evaluated the reliability of human mobility data generated by
Weibo tweets in different scales of time and geography and explored the correlation be-
tween human mobility and COVID-19 spreading in early 2020. This research reveals the
values, properties, and spatiotemporal heterogeneity of human mobility data extracted
from Weibo, which will be benecial to future research using open social media data as
sources of human movement information.

2. Materials and Methods
2.1. Data Preprocessing
2.1.1. Inter-Regional Flows of Baidu Qianxi Map

Baidu Qianxi data has been released and available only during the period of Chinese
Spring Festival, describing the daily migration dynamics across the whole country. To assist
in monitoring COVID-19 risk by tracing human ow during the pandemic, Baidu Qianxi
released continuous daily inter-regional ows data, which can be categorized as inow and
outow between cities and provinces. The original map reports the inter-regional ows for
every geographic unit by two kinds of data, namely the total ows which has been scaled
proportionally according to the real population and the portions of the ow between each
geographic unit and others. Such data should be reprocessed back to origin-destination
(OD) lists (Figure 1). In the ow matrix, only data of the top 100 cities in term of ow are
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shown. There is little difference between the OD lists of inow and that of outow at the
city level.

Figure 1. Data structure of Baidu Qianxi map.

As Baidu Qianxi map did not provide continuous time series data in 2019 and 2020,
therefore ve-month data from 1 February to 30 June of 2021 were selected for comparison.
The data were scraped by a Python program and further processed as OD lists, wherein,
there are 5,165,364 records for inow, 5,159,156 records for outow at the city level, and
142,761 records for both inow and outow at the province level.

The daily OD lists were further aggregated into weekly and monthly data for compar-
ison with Weibo tweets data. Figure 2 shows aggravated intercity human mobility in the
rst week and month.

Figure 2. Weekly and monthly inter-city ows from Baidu Qianxi. The widths of lines reect the
counts of ows between cities, while both the monthly and weekly data were proportionally scaled
for visual clarity.

2.1.2. Inter-Regional Flows Based on Geo-Tagged Weibo Tweets Data

The geo-tagged Weibo tweets data during 1 February and 30 June 2021 was stored and
processed on a high-performance computing platform [34]. The records contain information
of unique user ID and location coordinates, and were further processed through three steps:
(1) transforming the original coordinates of Weibo tweets to the coordinates of cities and
provinces by spatial join; (2) aggregating continuous movement within the same region as
one record; and (3) constructing an OD network based on user movement between regions
(Figure 3). During initial data exploration, nondirectional and directional networks have
both been compared; the former builds connections between all recorded locations of one
user while the latter only build connections by time sequence. As subsequent results show
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that the directional network has a higher correlation to Baidu Qianxi data, the directional
network was adopted for further analysis.

Figure 3. Illustration of OD ows generated by geo-tagged Weibo Tweets.

The data in April 2021 were aggregated as a sample to test the completeness of
geographic coverage by the OD matrix in different time spans at provincial and city levels
(Table 1). The result shows that Baidu has much better coverage than Weibo in terms of OD
matrix locations. There are 33 geographic units at the provincial level and 369 geographic
units at the city level. The ideal complete records including all cities and provinces should
be 20,313,600 (368 × 368 × 150) and 153,600 (32 × 32 × 150), respectively.

Table 1. Statistical summary of locational completeness of all OD matrixes.

Data
Source

Geographic
Units

Daily
1 April 2021

Weekly
1–7 April 2021

Monthly
1–30 April 2021 Total

Records % Records % Records %

Weibo
Province 20 1.84 399 36.64 824 75.67 33 × 33 = 1089

City 34 0.01 1599 1.18 6332 4.68 368 × 368 = 135,424

Baidu
Province 975 89.53 1007 92.47 1012 92.93 33 × 33 = 1089

City 35,570 26.27 55,275 40.82 72,450 53.50 368 × 368 = 135,424

SinceWeibo data is too sparse at the daily scale, we decided to conduct further analysis
on weekly and monthly aggregation only. Figure 4 shows the weekly and monthly human
mobility between cities based on geo-tagged Weibo tweet data. Compared with Figure 3, it
is obvious that monthly ow data by Weibo tweets is sparser than that by Baidu’s.

Figure 4. Inter-city trajectory of geotagged Weibo users by weekly and monthly aggregation.
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2.1.3. COVID-19 and Geographic Boundary Data

The COVID-19 infection data in China was acquired from the open database of Har-
vardDataverse, which is further processed for the cumulative infection data from 24 January
to 30 April 2020 (https://dataverse.harvard.edu/dataverse/cdl_dataverse, accessed on
18 October 2021) [35]. The dataset provides administrative boundary at city level in China
as well.

2.2. Methods

As a most commonly used correlation coefcient, the Pearson correlation coefcient is
utilized to evaluate the similarity between the inter-regional human mobility data from
Weibo and Baidu Qixian data, whose value ranges between −1 and 1. The larger the
absolute value, the stronger the correlation.

The correlation analysis was conducted from multiple dimensions of time periods
(weekly and monthly), geographic scales (cities and provinces), and ow directions (inow
and outow) (Figure 5). Flow counts between cities were ranked to generate a ranking
order variable, which took each city as the core and ranked them by the number of its
connected cities in reverse order.

Figure 5. Multiple dimensions of correlation analysis.

3. Results
3.1. Preliminary Statistical Description

The minimum of cross-regional user population recorded by Weibo data is 1, the
maximum of weekly ow is 36, and the monthly ow is 364 (Table 2). Compared with
the total population, the human mobility data generated by Weibo data represent a tiny
fraction of the total data.

Table 2. Statistical description of human mobility data of Baidu and Weibo.

Baidu Weibo

Province City Province City

Monthly Weekly Monthly Weekly Monthly Weekly Monthly Weekly

Min 0.000 0.000 0.000 0.000 1 1 1 1

Max 139.968 45.933 62.978 16.663 364 68 170 36

Mean 4.746 1.874 1.174 0.672 13.019 2.791 3.042 1.573

Std. 10.986 3.608 3.077 1.331 25.182 4.028 6.601 1.611
Notice: the value of Baidu represents a relative value to the original population ow; Weibo shows the total counts
of inter-regional movements.

The total inow and outow of each province were normalized for comparison on
maps (Figure 6). On the maps based on Baidu data, there are obvious clusters along China’s
east coast (especially in the Beijing-Tianjin-Hebei agglomeration and the Yangtze River
Delta region), and Sichuan Province is more highlighted compared with other cities in west
China. Although the importance of Sichuan was also visible on the map of Weibo data, only
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several provinces with higher ows were shown in the east, such as Beijing, Guangzhou,
Shanghai, Jiangsu, and Zhejiang. Such a difference indicates that a large number of human
movements in Shandong, Anhui, and Hunan provinces have not been reected by Weibo
data. This is likely due to the fact that the ratio of Weibo users to total population in these
provinces is relatively low.

Figure 6. Normalized aggregated ow by Baidu Qianxi and Weibo tweets.

3.2. Multi-Dimenstional Correlation Test
3.2.1. Spatial Heterogeneity in Correlation

(1) Province level

The correlation result for each province showed that outow and inow correlation
coefcients were close (Table 3). In terms of monthly data, the average value of correlation
coefcient on ow count is 0.75–0.77, slightly higher than that of ow rank (0.75). For
weekly data, the average value of correlation coefcient on ow count is 0.55, and that of
ow rank is 0.50–0.51. However, based on the minimum coefcients, ranking data is more
correlated than ow count, and outow data show a higher correlation than inow data.

Table 3. Statistical description of correlation coefcients of all provinces.

Monthly Weekly

Min Max Mean SD Min Max Mean SD

Count Inow 0.427 0.942 0.772 0.119 0.140 0.852 0.553 0.182
Outow 0.461 0.956 0.753 0.126 0.259 0.836 0.555 0.163

Rank Inow 0.529 0.844 0.754 0.080 0.245 0.723 0.507 0.120
Outow 0.555 0.844 0.754 0.082 0.378 0.721 0.513 0.078

The difference of coefcients was further visualized spatially (Figure 7). Obviously,
the correlation of monthly data is higher than weekly data. In terms of monthly ow data,
most provinces have a high correlation (except for Xinjiang, which has a low correlation).
In terms of ow rank, the correlation of Xinjiang has been greatly improved (although the
coefcients of Xinjiang, Tibet, and Qinghai in the west are relatively low).
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Figure 7. Correlation at province level based on ow count and rank.

As for the weekly data, the spatial distribution of correlation presents a pattern of a
“sandwich”, wherein both the eastern provinces and western provinces are higher while
the central and northern provinces are relatively low.

(2) City level

Compared to provincial data, the correlation at the city level is generally lower (Table 4).
Among them, themean correlation coefcients of monthly ow count and rank are 0.72–0.73
and 0.61, respectively, and the average weekly correlation coefcients are 0.48–0.50 and
0.47, respectively. Likewise, the correlation of the ow count is still higher than the rank
data, and the correlations of inow and outow are similar, except that there is a slight
difference in the weekly correlation. Such may be caused by the extreme sparsity in weekly
aggregated Weibo data.
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Table 4. Statistical description of correlation coefcients of all Cities.

Monthly Weekly

Min Max Mean SD Min Max Mean SD

Count Inow 0.269 0.991 0.726 0.162 0.143 0.864 0.504 0.167
Outow 0.305 0.996 0.722 0.164 0.139 0.865 0.486 0.152

Rank Inow 0.251 0.865 0.616 0.111 0.191 0.775 0.477 0.139
Outow 0.250 0.802 0.624 0.097 0.209 0.732 0.474 0.119

Figure 8 shows the spatial distribution of correlation differences at the city level. It
shows that the monthly aggregated data of ow count is more correlated than ow rank.
However, in some cities in the west and north of China, the ranking data is more correlated.

Figure 8. Correlation at province level on ow count and rank.

Compared with monthly data, the weekly data shows lower correlation, which is only
signicant in a few cities such as Beijing, Shanghai, Guangzhou, Chongqing, Hangzhou,
Wuhan, etc., which are the national or regional centers with more human mobility.
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The relationship between the correlation and the OD records for each city was explored
through scatter plots (Figure 9). The result shows that the correlation will increase with
the growth of records number, while the tted line implies an inverted U-shaped curve,
meaning that more data could lead to a relative lower correlation.

Figure 9. Scatter plot on correlation between Weibo and Baidu and OD records of all cities.

3.2.2. Temporal Heterogeneity in Correlation

Similar to correlation coefcients increasing with higher level spatial aggregation,
correlation coefcients also increased with higher time-based aggregation. This is likely
due to the increased data amount. The coefcients of monthly data are higher than that of
weekly data (Table 5). The count data and rank data show similar coefcient values at the
monthly scale and different values at the weekly scale.

Table 5. Statistical description of correlation coefcients of all provinces.

Monthly Weekly

Min Max Mean SD Min Max Mean SD

Count Province 0.712 0.793 0.768 0.032 0.322 0.807 0.632 0.133
City 0.626 0.721 0.668 0.034 0.352 0.637 0.531 0.078

Rank Province 0.699 0.843 0.778 0.056 0.371 0.701 0.510 0.080
City 0.593 0.630 0.611 0.018 0.304 0.516 0.444 0.051

Figure 10 shows the time varying correlation in terms of province and city, monthly
and weekly, and count and rank, which revealed a changing trend over time. Noticeably,
the obvious nadirs and peaks on the curves could be related to two special time points
(i.e., Spring Festive on 12 February and Labor Day on 1 May). As for the Spring Festival, a
large number of migrant workers will return to their hometowns before the lunar new year
and return to work after the holiday. Labor Day is another important recess for Chinese
families, which usually include excursions or short trips to nearby tourism destinations.
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Figure 10. Human mobility data correlation between Baidu Qianxi and Weibo tweets over time.

The result shows that the correlation declines during the Spring Festival, rises to the
peak at the May 1st period, and then slightly declines. These changes may be explained
by user behaviors on Weibo tweets during these two specic holidays. During the Spring
Festival, as people are more likely to stay with family, fewer people would choose Weibo
to record all of their activities. On the contrary, as the ve-days recess in 2021 Labor Day
was also called “Golden Week” for tourism, most families will take short trips around, and
travelers are more willing to share their travel experiences viaWeibo, their travel trajectories
could be recorded by Weibo, which lead to the highest correlation in the whole period.

3.3. Case Study on COVID-19 Spread

A further comparison about the impact of human mobility on the early stage of
COVID-19 transmission in Wuhan was conducted. Figure 11 plots the cumulative number
of infections in all cities in Hubei Province from 24 January to 30 April 2020, wherein,
besides Wuhan, Xiaogan and Huanggang have the largest number of infections, while
Enshi and Qianjiang have the least.
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Figure 11. Cumulative Infection of COVID-19 in Hubei Province, China.

Figure 12 shows the total inow and outow in Wuhan from 1 January to 30 April
based on humanmobility data generated by Baidu Qianxi and geotaggedWeibo tweets. The
two types of data show similar trend in terms of inow and outow. When the lockdown
of Wuhan started on 23 January 2020, the ow of people dropped sharply. In the following
two months, human mobility basically stagnated and only began to slowly rise in April.
The correlation results show that both Baidu and Weibo data have a correlation of 0.98 on
inow and 0.94 on outow. An interesting observation is that the human mobility data
by Weibo uctuated more than Baidu during the lockdown period, which may be related
to that some users used different location tags other than where they posted the tweets,
expressing the expectation for normal life after the pandemic was controlled.

Figure 12. Total inow and outow of Wuhan from 1 January to 30 April.

The correlation between the population outows fromWuhan and the total number
of infected persons in cities across the country and across Hubei province on 30 April 2020
was explored based on normalized values (Figure 13).
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(a) Comparison of COVID‐19 and outflow fromWuhan to other cities in China

(b) Comparison of COVID‐19 and outflow fromWuhan to other cities in Hubei province

Figure 13. Comparison of COVID-19 infection and outow fromWuhan.

For all cities across the country, the correlation of Baidu data and Weibo data is 0.94
and 0.62, respectively, while the correlation between Weibo and Baidu is 0.70. For cities
in Hubei Province, the correlation of Weibo data index rose to 0.68, and the correlation
between Weibo and Baidu was lift to 0.81 as well (Table 6). The correlation coefcients
of ow count are generally higher than ow ranking. The results show that although the
human mobility data of Weibo data is less correlated with infection data than Baidu, it can
also capture the impact of human mobility on the epidemic spread, reecting the usefulness
of Weibo data on providing spatial dynamic information.

Table 6. Correlation coefcients between human mobility and COVID-19 infection.

Correaltionn for Flow Count Correaltionn for Flow Rank

Baidu-
COVID

Weibo-
COVID

Baidu-
Weibo

Baidu-
COVID

Weibo-
COVID

Baidu-
Weibo

China 0.939 0.617 0.702 0.707 0.439 0.748
Hubei 0.941 0.679 0.812 0.868 0.417 0.586



ISPRS Int. J. Geo-Inf. 2022, 11, 145 13 of 15

4. Discussion

The purpose of this study is to evaluate the reliability of inow and outow data
generated by Weibo tweets on different spatiotemporal scales compared with Baidu Qianxi
data and to compare the correlation with the case study of COVID-19 transmission. The
results verify that Weibo data can represent the inter-regional mobility, which is consist with
most literature on Twitter dataset [36,37], in addition, the comparative results of COVID-19
further show its applicability to the exploration of epidemic spread sex. However, it is
also noteworthy that there exists obvious spatiotemporal heterogeneity in the correlation,
ranging from 0.459 to 0.758 on a different spatial scale.

In terms of spatial scale differences, the correlation of provincial aggregate data is
higher than data at the city level, which is consist with previous studies [7,38]. While it is
believed that there is a difference between north and south and east and west in China [10],
our research further indicates a potential “sandwich” pattern, suggesting that the middle
of China is the region with the lowest correlation. This may be related to the denser
population and smaller number of Weibo users in this area. Previous studies suggested
that the correlation could be improved with more records of human ow [39]. However,
the result of this study shows an inverted U-shaped curve between the correlation and
the number of records, which indicates that a smaller amount of data could also lead to a
higher correlation. From the perspective of ow rank, overall its correlation is lower than
that of ow count. However, in some areas it will be higher than ow count, implying
that the rank of distances to destinations may play a more important role than the physical
distance [40].

In terms of the time dimension, the correlation coefcients of monthly data are rela-
tively stable, but that of the weekly data changes signicantly over time, which is consistent
with previous studies [41]. The population movement during the Spring Festival and May
Day were found to have a great impact on correlation between the two sources, indicating
different Weibo posting behaviors during travelling and other movement under different
occasions [11]. It also veried the importance of time series modeling in this led [8].

Based on the case study of the epidemic, we found that both Baidu and Weibo data
can reect the correlation between population movement and epidemic transmission. It
shows that Baidu data is more correlated to COVID transmission than Weibo data, which
explains why most COVID-19 related studies are based on the data of Baidu Qianxi [31,42].
A related study based on the integration of spatial and semantic information in Weibo data
provided higher correlation than the coefcients in this paper [43]. Such a gap implies that
the supplement of semantic information may enhance geotagged Weibo tweet’s ability to
capture the characteristics of human mobility.

In summary, this study revealed that geotaggedWeibo data is representative of human
mobility, which is consistent with recent research [43]. However, our research raises the
issue of multi-dimensional heterogeneity which would be explored in the future with
relevant learnings and other related models [44].

5. Conclusions

This study evaluated the reliability of human mobility data generated by Weibo
tweets based on different dimensions of time, space, and ow directions. This evaluation
provides reference to the usage of other open social media data sources, such as geotagged
Twitter data, which has a broader coverage though not in China. Weibo and Twitter
combined provides a continuous open social media data stream of global coverage. When
used properly, they present tremendous potential for other studies such as identifying
spatial structures, monitoring and controlling epidemic transmissions, et al. For modeling
methodologies considered, matching learning models of GNN and LSTM may be applied
in future studies.

Limitations of this study includes the following. First, the observed temporal hetero-
geneity is limited by the available Baidu Qianxi data of only ve months. Second, this
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study only explored the correlation with Baidu Qianxi as a proxy to reliability, rather than
eld recordings of actual human movement.
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