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Abstract
Social segregation hinders the development of cities and has become a hot topic in urban research.
Existing studies have focused on the difference in the distribution of crowd activities to measure
segregation but have ignored the impact of the urban environment on crowd gathering and
segregation. To study the impact and understand social segregation more comprehensively, we
coupled mobile phone datasets and housing price data to divide city dwellers into three socio-
economic levels. Considering that spatial colocation is a necessary condition for interaction among
various social groups, spatial colocation probability was proposed to quantitatively describe the
degree of social segregation at the community scale. Point-of-interest (POI) data were introduced
to represent the urban service facilities. The effect of urban service facilities on the segregation of
different groups was analyzed by using geographically weighted regression (GWR). The results
indicate three points, as follows. (1) Significant social segregation in Shenzhen mostly occurs in
suburban and downtown areas, and the interaction segregation of people mainly occurs between
people with high and low socioeconomic levels. (2) More economically inclusive and necessary
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service facilities (e.g., medical and insurance companies) can promote crowd interaction and ease
the segregation of social activities. (3) The impact of service facilities on the interaction of various
social groups is related to the development of the area where the activities occur, and the most
significant impact is in high-tech industrial zones. This study quantitatively calculated the impacts of
different service facilities on different groups of people in different communities and times. From the
results, detailed and reasonable suggestions were made for city planners.

Keywords
Social segregation, urban environment, mobile phone data, urban planning, geographically weighted
regression

Introduction

Social segregation refers to the phenomenon in which urban residents cluster according to certain
standards (e.g., age, education level, and economic income) due to economic (Dorman et al., 2020;
Iceland andWilkes, 2006), cultural (Robinson, 2020), and social network differences (Carrasco and
Miller, 2006; Xu et al., 2021). These differences ultimately lead to the separation of activity spaces
and the unequal use of urban resources (J A Rv et al., 2021; Schnell and Yoav, 2001). Social
segregation results from the comprehensive influence of human activities and urban characteristics
and is not conducive to the development of cities. A disadvantaged group may live in the cities’
edges, with the lowest-quality housing and income (Downs, 2010). In European cities, segregation
has led to increasingly severe problems of poverty and crime (Tammaru et al., 2015). In addition,
urban decay and deprived neighborhoods may appear in certain parts of cities due to segregation
(Andersen, 2019). Therefore, measuring segregation and promoting communication among dif-
ferent groups of people have become important topics of urban research.

The economy is an important indicator to measure the level of regional development within a city
and an important factor that affects the pattern of people’s activity (Hanson and Hanson, 1981;
Pappalardo et al., 2015). Researching social segregation from an economic perspective could help
researchers understand the reasons for the emergence of segregation and restrictions on crowd
interaction. In early studies, travel surveys were commonly used to study the activities of different
socioeconomic groups (Krivo et al., 2013; Le Roux et al., 2017). These studies indicate the ex-
istence of social segregation among people of different socioeconomic statuses (SESs). However,
limited by the time-consuming nature and information inaccuracy of surveys, these studies cannot
analyze people’s activities in a timely and comprehensive manner, and their results are likely biased
and limited (J A Rv et al., 2021; Xu et al., 2018).

In the era of big data, massive human-tracking data have promoted research on human activity
patterns (Wang et al., 2011; Yang et al., 2021). Silm and Ahas (2014) analyzed the travel patterns of
different language groups using the trajectory data provided by an Estonian mobile phone operator.
They found that language significantly influences individual travel patterns and that there is strong
segregation between groups speaking different languages. Xu et al. (2017) divided the relationships
among Singaporeans into friends and strangers based on mobile phone call data and explored the
different ways they share urban land. Human-tracking data make it possible to study social
segregation on a large scale. However, because of privacy issues, most data, such as mobile phone
data, lack users’ background information (e.g., personal economic level) (Huang and Wong, 2016;
Xu et al., 2018). This shortcoming limits the further exploration of human activity patterns and the
social segregation of people at different economic levels.
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Many scholars have pointed out that the nature of the home neighborhood has profound im-
plications for the well-being of individuals (Brasington et al., 2015; Mouratidis, 2020). As a result, a
commonly used method to compensate for the lack of economic information is using housing prices
to reflect the SES of residents. For example, Huang and Wong (2016) used the median house value
(MHV) of the community from US survey data (ACS) to infer the SES of community residents. Xu
et al. (2018) also defined individuals’ SES through housing prices provided by private websites in
Singapore. Based on the data with additional economic information, an increasing number of scholars
have joined in studying social segregation among people of different economic levels. For example,
Xu et al. (2019) proposed a framework that couples human mobility and social networks to
quantitatively measure the segregation of people of different economic levels. Using social media data
with economic attributes, Huang and Wong (2016) analyzed the differences in occupational and
residential locations of different SESs. However, although we can observe the segregation of human
beings in social and physical space by utilizing these methods, it is still difficult to analyze the reasons
behind the segregation. Without the in-depth exploration of the relationship between segregation and
the environment where segregation takes place, it is impossible to have a deeper understanding of
crowd activities in the city and make scientific suggestions for alleviating social segregation.

The movement of people is the basis for cities; it promotes social, economic and cultural
exchanges and shapes cities (Schl A Pfer et al., 2021). With the deepening of research on human
behavior patterns, an increasing number of scholars have discovered a correlation between crowd
activities and urban functions. The temporal–spatial behavior of the crowd affects the internal
planning and development of the city. On the one hand, the functions of urban settings change with
variations in human activities (Tu et al., 2017). On the other hand, the service facilities in the city
drive the crowd to travel. The complexity of regional functional attributes affects the concentration
of people (Yue et al., 2017). These results provide a reference for understanding the relationship
between urban functions and social segregation.

Human activities and cities interact and are inseparable (Frank and Engelke, 2001). Segregation is
not a simple consequence of social inequality but a product of both social and spatial differentiation
(Andersen, 2019). To better understand and find ways to alleviate the social segregation of people of
different SESs, we must consider their activity environment: cities. Therefore, exploring the drivers of
aggregation or themixing of people with different SESs from the perspective of the urban environment
is a critical issue in facilitating crowd interaction and alleviating social isolation. As the carrying places
for crowd activities and the concrete manifestations of urban functions (Lee et al., 2013), service
facilities (e.g., hospitals and schools) are the bridges connecting people to the city. They are also the
most common and flexible facilities in urban planning. Therefore, to alleviate social segregation it is
necessary to quantitatively analyze the impact of urban service facilities on the activities of people of
different SESs. However, to the best of our knowledge, there is a lack of relevant studies.

To fill this gap, we propose a new perspective to analyze segregation in cities. Focusing on urban
land, we measured the community’s ability to gather people of different SESs in one time period. Then,
we defined this ability as “gathering capacity”. In this study, we quantitatively delineated the social
segregation of the study area by analyzing the differences in “gathering capacity” between communities.
Finally, point-of-interest (POI) data were introduced to indicate the distribution of service facilities.
Using the geographically weighted regression (GWR) analysis method, the correlation between this
ability and service facilities was obtained to determine the effect of urban functions on social segregation.
Then, based on the research results, some opinions for government urban planning were provided.
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Study area and dataset

Study area

The study area is Shenzhen, Guangdong Province (Figure 1). Its open policy and inclusive culture
have attracted a large influx of people (Yoon and Jongseok, 2016). The complexity of economic
development and population composition make it a typical area for research on human activities and
social segregation (Zhang et al., 2021). Shenzhen has 10 administrative districts. The 2010–2020
urban master plan of Shenzhen (Bureau, 2018) can be divided into three types of regions: downtown
areas (Luohu District, Futian District, Yantian District, and Nanshan District), which have a high
level of economic development and are dominated by residential and commercial land; high-tech
industrial zones (Longgang District and Bao’an District), which have manufacturing and high-tech
industries as the main functions and are mostly industrial land and residential land; and other
districts belonging to suburban areas (Longhua District, Pingshan District, Guangming, and Dapeng
New District) (Wu and Bing, 2010). Shenzhen can be divided into 781 neighborhood committees
(NCs), which are the smallest geographic units in this study. NCs are the official, local community
organizations in urban China, and we generally refer to the NC as the community. Information on
the size and other aspects of communities can be found in Supp 1.

Dataset

Mobile phone data are used in this study to provide the activity information of residents. These
data were collected from 5943 mobile phone base stations in Shenzhen in an active manner (Liu
et al., 2011). Regardless of whether the user made or received a call, the latitude and longitude of
the user’s base station were collected every hour. The data format consists of four parts, namely, a
user ID (i), records number (n), time stamp (ti), and location information (xi, yi), where i2 ð0, n�
and i is an integer. The total time of data collection in this study was one working day (24 hours) in

Figure 1. The geographical position of Shenzhen city in Guangdong and the division of mobile phone base
stations and community units in the Shenzhen research area.
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2012, and the number of users was 10.463 million. Table 1 shows the detailed structure of the
mobile phone data.

Previous studies have verified that human activity presents a strong, stable pattern, and the
probability of people repeating their activities in the same places every day is very high (Song et al.,
2010). In addition, our data cover more than 80% of Shenzhen users in total. Therefore, a rep-
resentative and generalized picture of the travel patterns of the whole Shenzhen population could be
extracted. In fact, this sort of approach has been used to study urban vitality, work–housing balance,
and the spatiotemporal activities of residents (Wang et al., 2021; Xu et al., 2015; Yue et al., 2017). To
better understand the activities of the crowd from the perspective of the urban area, we resampled the
mobile phone data at the community scale.

The SES index is sensitive and difficult to obtain directly. Previous studies have confirmed
that residential prices can be used to measure people’s socioeconomic level (Xu et al., 2018;
Zhang et al., 2021). Therefore, this study obtained Shenzhen’s fine-scale housing prices based
on the method proposed by Yao et al., (2018) and used it as the economic information of users
(Figure S1). In particular, since our smallest geographic study unit is the community, the
average house price within the community is used as the house price data in our study. In Supp
1.1, we justified the use of average house prices to measure the SESs of the population at the
community scale.

POI data can reflect the specific distribution of various service facilities in the city (Jiang et al.,
2021), and they form a “thematic map” in each urban region (McKenzie et al., 2015). The powerful
semantic information representation capability of POIs has helped many scholars analyze the
relationship between urban functional structure and population activities (Jiang et al., 2021; Tu
et al., 2017; Wang et al., 2018). In this study, POI data were used to further study the impact of
service facilities on segregation. According to the Classification of Land Use Status standard and
previous studies (Xu et al., 2017), 9 types of POIs (food and beverage, business, shopping, traffic
facilities, finance and insurance, science and education, sports and leisure, health care, and hotels
and resorts) were selected in the study. The source of POI data is Baidu’s data collected in 2012, and
in Table S2, more information about each category can be found.

Methodology

As shown in Figure S2, our study can be divided into 3 parts: (1) users’ SES class definitions; (2)
quantification of the “gathering” capabilities of places; and (3) the relationship between service
facilities and “gathering”. The next three sections of this chapter will elaborate on each step of the
methodology.

Table 1. Example of Shenzhen mobile phone data.

User ID Records Time Location Time …

S8ff0*******h9r2 18 20120323 00:01:33 114.18** 22.63** 20120323 01:24:36 …

0bhc1*******892k 23 20120322 23:30:12 114.21** 22.61** 20120323 00:30:12 …

8dk32*******pdk6 24 20120322 23:24:36 114.21** 22.61** 20120323 00:12:24 …

472js*******29sj 16 20120322 23:24:28 114.23** 22.60** 20120323 00:27:02 …

… … … … … …

dae2a*******w349 18 20120323 10:51:34 114.34** 22.68** 20120323 11:21:39 …
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Classifying people at different economic levels

Users’ activity locations in the residence time window (2:00–5:00, refer to (Gong et al., 2016)) were
counted. The community with the highest number of occurrences was selected as the user’s
residential community. Then, the average house price of the user’s residential community was used
as the user’s SES index. Finally, according to the social stratum model algorithm (Leo et al., 2016)
and the principle of equal economic aggregates of different populations, the overall population was
divided into 3 different socioeconomic level groups (high, medium and low).

Measuring the “gathering capacity” of the community for two different groups

Spatiotemporal encounters are a precondition for interpersonal meetings, interactions, and shared
activities (Crandall et al., 2010; Wang et al., 2011; Xu et al., 2017). This study proposes a method to
measure the ability of communities to drive spatiotemporal encounters among people of different
economic levels, that is, the “gathering capacity”. Referencing the calculation method of colocation
probability, our formula is expressed as follows.

Let x be a user within a group A of a certain economic level; then, the probability of group A
appearing at community L in time period T is:

pAðL,TÞ ¼ 1

N

X

x2A
mxðL, TÞ=nxðTÞ

wheremxðL,TÞ denotes the number of times user x appears at community L during T , nxðTÞ denotes
the total number of locations where user x has activity records during T , and N is the total number of
users of economic group A who have activity records during T .

If A and B are two groups with different economic levels, and assuming that the activities
between different users do not affect each other, the probability of their simultaneous presence at
community L in time period T is:

pA,BðL, TÞ ¼ pAðL, TÞ× pBðL, TÞ
which is the “gathering capacity” of community L for people of different economic levels A and B

in time period T . This reflects the possibility of users sharing urban land and interacting with each
other and reflects the magnitude of the “gathering capacity” effect of the community on them.

Analysis of the relationship between service facilities and communities’ “gathering
capacity”

To further analyze the reasons for differences among communities’ “gathering capacity,” this study
introduced POI data to represent the distribution of service facilities and used GWR to mine the
drivers of the “gathering capacity” of the communities. In addition, before the formal construction
of the GWR model, collinearity testing of the independent variable factors was carried out.

The geographically weighted regression (GWR) model (Brunsdon et al., 1998) combines spatial
correlation and linear regression to reflect the spatial heterogeneity among variables. It is widely
used in the field of GIS to focus on research objects with unstable spatial and temporal distributions.
In this study, the number of each type of POI within communities is used as the influencing factor
(independent variable), and the “gathering capacity” is used as the dependent variable. The method
can be presented as follows:

6 EPB: Urban Analytics and City Science 0(0)



γi ¼ β0ðui, viÞ þ
Xp

k¼1

βkðui, viÞxik þ εi

The detailed meaning of each parameter in the formula was well explained in Supp 5.

Results

Our study classified the population into three categories (high, medium, and low) according to their
SESs (Table S1). The classified populations will be represented by H, M, and L in the rest of the
article. In addition, there were 9 different “gathering capacities” of the communities in our research,
and their values and distribution can be found in the Section 4.1. For the final sample of the GWR
model, Table S1 provides the descriptive statistics; In addition, Table S2 confirms the non-
collinearity of the independent variable factors (see more information in Supp 1.1), which enhances
the reliability of the interpretation of the regression results in Section 4.2.

The “gathering capacity” of the communities in the study area

Figure 2 shows the degree to which the community gathers people of different economic levels. In
general, the capacity of high-tech industrial zones (Bao’an District and Longgang District) is
relatively strong, approximately 4 times that of other regions. The communities in the downtown
area (Nanshan and Futian) have a strong ability to gather H and M people (denoted by H-M in the

Figure 2. Distribution map of “gathering capacity” of communities, from top to bottom, they are H-M (A–C),
H-L (D–F), M-L (G–I), from left to right, they are nighttime (1:00–7:00), daytime (7:00–18:00), evening (18:
00–1:00).
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following context, and other groups of people are represented in a similar way). Suburban areas,
such as the southern Longhua District and the northern Guangming District, can gather M-L people
well. Compared to H-M and M-L, the communities generally show a weak ability to gather H-L. In
addition, the “gathering capacity” of most communities is stronger in the daytime than in the
nighttime, and the average value during the day is approximately 1.4–1.7 times that of the nighttime.

The correlation between “gathering capacity” and service facilities

Table 2 shows the goodness of fit of the GWR model and the Monte Carlo test results of the impact
factor. The adjusted R2 values were all greater than 0.6. This shows that the service facilities in the
community and the community’s ability to gather people have a strong correlation, and the former
can be used to explain the difference of the latter to a certain extent.

The average coefficients of different types of service facilities are shown in Table 2. The values of
the coefficients shown in yellow cells are positive, while those in blue are negative. Additionally, the
darker the table cell is, the larger the absolute value of the coefficients. In particular, the values for
business, traffic facilities, and health care are all positive, which are approximately 0.19, 0.13, and
0.22, respectively. Both business and traffic facilities have a strong effect on the ability of the
community to gather M-L (the average coefficient is 0.23), which is approximately twice that of the
other two groups. However, the opposite is true for health care, where the coefficients of H-M and
H-L (approximately 0.26) are larger than those of M-L (approximately 0.15). The coefficients of
science and education, sports and leisure, and hotels and resorts are basically negative. The first type
of facility has a more remarkable impact on crowd interaction, with an average coefficient of�0.11.

Food and beverage as well as shopping show a difference over time. The average coefficient
value of shopping during the daytime period is negative, while that of food and beverage is positive.
In addition, the coefficients of finance and insurance services and shopping services vary among
different groups of people. When considering gatherings of H-L or M-L, the coefficient of finance
and insurance is basically positive. In contrast, the positive coefficient of sports and leisure is shown
in the case of H-M. Overall, most of the service facilities show a relatively large absolute value of the
average coefficient (0.13) when the target is M-L, while that for H-M is relatively small (0.09)

To better understand how the spatial heterogeneity of service facilities influences the interaction
of people, we selected 5 types of facilities with relatively high spatial variability. Referring to
existing research (Wang and Lu 2021), communities with p < .05 were visualized, and local
coefficient distribution maps were displayed (Figure 3). Specifically, the coefficients of the
companies’ business and traffic facilities were both positively significant in the Bao’an and
Longgang Districts, but the coefficient value of the former (1.54) was larger than that of the latter
(1.33). In addition, business is the only facility that has a strong effect in Dapeng District. Hotels and
resorts with a negative average coefficient have a locally significant impact in Bao’an, Longgang,
and Guangming, especially for the M-L group. Its local negative coefficient is mainly distributed in
the communities close to the downtown area, but for the eastern part that is far away from the
downtown area, the coefficient is positive.

Shopping facilities significantly affect the communities in Bao’an, Longgang, and Longhua
Districts, but their effects are different among different groups. They promote the interaction of H-L
in Bao’an and M-L in Longhua but inhibit that of H-M in Bao’an District. Compared with the other
four categories, the local coefficients of food and beverage facilities are all larger (maximum 5.35),
which means that such facilities have a stronger effect on crowd activities.

In general, the significant communities are mostly in high-tech industrial zones, followed by
suburban areas, and the least significant are in downtown areas. The maximum coefficient of most
service facilities is reflected in M-L, while the minimum is mostly in H-M.

Wu et al. 9



Discussion and conclusion

The “gathering capacity” of communities and social segregation

The social segregation in the city can be observed from the distribution of “gathering capacity”
(Figure 2). Our result indicates that communities in high-tech industrial zones show the most
advantaged ability in gathering people, while the “gathering capacity” of communities in suburban
areas is very weak. This may be related to the context of development in different areas of the city. In
contrast to the downtown areas, where the economic cost of living is high, and suburban areas,
where modernization is lagging, high-tech industrial zones supported by the government show a
more advantageous character in attracting people of all economic levels. In addition, the number of
communities with a strong “gathering capacity” of the H-L group is the lowest, and the distribution
range is also the smallest. Furthermore, the “gathering capacity” of communities is generally
strongest during the daytime. These results suggest that the most severe segregation existed in the
suburban areas of Shenzhen, and segregation between people with high and low economic levels
occurs more frequently and seriously than with other groups. Additionally, communities during the
daytime are more conducive to interaction between people of different economic levels than in the
evening and nighttime.

Figure 3. The local distribution map of coefficients of different types of service facilities (the p value of the
community shown is less than 0.05).
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In addition, due to space and content constraints, this study focused on the impact of service
facilities on the mitigation of social segregation in the city. The additional analysis on the presence
of crowd segregation in the study area can be found in Supp 6.

The impact of service facilities on the “gathering capacity” of urban communities

The results of the global coefficient (Table 2) show that only service facilities with a strong inclusion
of consumers of different economic levels or necessities for people’s daily lives have a high
probability of enabling people of different groups to work together. Such facilities support crowd
interaction and can alleviate social segregation. For example, employees in corporate factories
usually have different SESs, transportation facilities have relatively low activity costs, and the
population has relatively wide thresholds for medical costs (Zhou et al., 2021). These facilities are
all more tolerant of crowd SESs, which are beneficial for crowd communication (Dong and Hong,
2010). In contrast, buying or renting a house is an activity accompanied by high economic ex-
penditures, and there is a large gap in the affordability of people with different economic levels. The
housing prices of the downtown area are much higher than those of the high-tech industrial zone and
the suburban zone, which intensifies the segregation of their residential behaviors and activities
(Blumenberg and King, 2019; Tammaru et al., 2020). In addition, shopping and food and beverage
services are varied and complex. Not only are the consumption levels presented quite different
across places and occasions (Chua et al., 2020), but individuals’ consumption habits and levels also
vary significantly with gender and age (Boo, 2017). Therefore, these service facilities have a
heterogenous impact on the “gathering capacity” of communities.

The local distribution map (Figure 3) shows that the impact mentioned above is related to the
development stage and maturity of urban communities. Most of the service facilities have a
significant effect on the interaction of groups in the high-tech industrial zone, but the impact is less
significant in the downtown area and suburban area. For example, Dapeng District is basically
affected by only business. The shopping service in Guangming District has a significant effect on
only the M-L groups. This is associated with the different development stages and plans of various
regions in Shenzhen (Ng and Tang, 2004). The downtown area, which developed earlier, belongs to
the special economic zone. The urban functional structure system is relatively stable and mature
(Deng et al., 2018). Therefore, a single type of service facility has a weaker impact on the “gathering
capacity.” The high-tech industrial zone, which is in the golden period of concentrated development,
is the key area planned by the government (Han-xin, 2002). Service facilities in the high-tech
industrial zone are less complete than those downtown, and their distribution structure is more
adjustable, so they show a significant positive effect on the “gathering capacity.” Suburban areas
with relatively late development have a small population density (Yue et al., 2017) and a large area
of ecological control land, so the effect of service facilities is insignificant.

The distribution of local coefficients (Figure 3) further reveals that the spatial heterogeneity of
the impact of the service facilities is affected by the location of the community and the charac-
teristics of different groups. For example, food and beverage services and traffic facilities are
directly related to the daily flow of people (Zhou et al., 2021), and they present a strong effect on
promoting crowd interaction in communities with convenient transportation and a complex flow of
people. However, suburban areas with lower population mobility are less likely to encourage
communication among people. Basic service facilities, such as businesses, are more effective than
recreational facilities, such as shopping (Hao et al., 2012; Zhou et al., 2021), in communities that
have low land costs and are distant from downtown areas. In our results, the local average co-
efficients of business and shopping are 1.2 and �0.8, respectively, in Pingshan District. However,
when communities are closer to the city center, modern shopping facilities and department stores
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can attract more people of different economic levels for interaction (Wang et al., 2009). Therefore,
there is a case where the coefficient of shopping is greater than 2, in Longhua District.

Implications for urban design and planning

Many urban scores and social problems (e.g., social class contradictions and urban decay and
deprived neighborhoods) may emerge due to segregation (Andersen, 2019), and our findings
provide some suggestions and evidence for the government when it tries to deal with these
problems. By focusing on the services that have a positive impact on the community and the two
groups that are most affected, and without destroying the cost of living of the dominant group, we
can effectively improve the economic inclusion of the area and ultimately reduce social segregation
and other urban problems by adjusting the structure of services within the community.

More specifically, from our results, governments are suggested to consider increasing the
construction of companies and enterprises, especially high-tech companies, when planning the land
use of regions far away from the city center. With the expansion of work activities, people with
higher economic levels gather less in the city center, which helps increase the interaction between
them and people with lower economic levels. However, governments are also suggested to pay
attention to avoid the rapid growth of regional housing prices, in case the original residents cannot
afford the gentrification and ultimately are priced out. In addition, improving transportation service
facilities in remote places would greatly facilitate the inflow and outflow of people and enhance the
overall vitality and communication of the city. Therefore, transportation construction in suburban
areas should be oriented to facilitate commuting and travel to the city center.

For downtown areas and places nearby, city planners should consider optimizing and increasing
service industries, such as catering and shopping. Moreover, the specific groups attracted to different
service facilities should be considered. For example, shopping service facilities in Longhua have the
most remarkable influence on the gathering of the M and L groups. According to the characteristics
of these two groups of people, relevant departments can build new facilities matching the economic
level of the group if possible, such as houses with appropriate housing prices and restaurants and
shopping centers with reasonable consumption levels.

Limitations and future study

There are some shortcomings in this study. There are certain errors between the location of the base
station recorded in the signaling data of cell phones and the actual location of user activity. Although
the CV distribution of house prices proves that the average house price is statistically representative
(Supp 1.1), the error between the coupled housing prices and the actual socioeconomic level of the
population cannot be denied. In addition, although the community scale can be very helpful to study
the realistic significance of crowd activity, it may have MAUP problems that affect the results of
statistical tests (Openshaw, 1981). Simulations with different scales of units can be tried in future
studies, and the results can be compared and analyzed to provide support on research scales for
similar studies. This study draws on the proximity or spatiotemporal colocation approach to analyze
the interaction among people, which is a reasonable but imperfect method. In the next stage, we will
try to obtain updated mobile phone data and determine the positioning of users’ activity trajectories
more precisely and try to collect information about users’ SESs in a more accurate way. Meanwhile,
we will try to find a more careful way to model the communication between a pair of people on the
basis of the spatiotemporal encounter model. In addition, by introducing more comprehensive
influencing factors, we plan to obtain more valuable information about social segregation between
people of different economic levels in the future.
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