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Abstract: The ambient population has been regarded as an important indicator for analyzing or
predicting thefts. However, the literature has taken it as a homogenous group and seldom explored
the varied impacts of different kinds of ambient populations on thefts. To fill this gap, supported by
mobile phone trajectory data, this research investigated the relationship between ambient populations
of different social groups and theft in a major city in China. With the control variables of motivated
offenders and guardianship, spatial-lag negative binominal models were built to explore the effects of
the ambient populations of different social groups on the distribution of theft. The results found that
the influences of ambient populations of different social groups on the spatial distribution of theft are
different. Accounting for the difference in the “risk–benefit” characteristics among different activity
groups to the offenders, individuals from the migrant population are the most likely to be potential
victims, followed by suburban and middle-income groups, while college, affluent, and affordable
housing populations are the least likely. The local elderly population had no significant impact. This
research has further enriched the studies of time geography and deepened routine activity theory. It
suggests that the focus of crime prevention and control strategies developed by police departments
should shift from the residential space to the activity space.

Keywords: theft from the person; activity space; ambient population; social areas; mobile trajectory;
routine activity theory

1. Introduction

Theft from the person (hereinafter referred to as “theft”) is closely related to human
activity because it concerns individual belongings. According to the routine activity theory,
theft is often the consequence of the convergence of motivated offenders, potential victims,
and the absence of guardianship under specific circumstances [1,2]. How to measure
these three factors, as well as the environment, in order to explain the spatial pattern and
mechanism of theft, has become a topic of interest in the literature. In the geography
of crime, one of the hot topics is how to measure the victim. Many previous studies
measured victims through census data [3,4]. However, as people moved around the space,
the static data could not explicitly measure the real population distribution. The ambient
population, which refers to the demographics and volumes of people in a particular location
throughout the day dynamically, has been regarded as an important indicator for analyzing
or predicting thefts [5]. However, the literature has taken it as a homogenous group and
seldom explored the varied impacts of different kinds of ambient populations on theft. By
using mobile phone big data, this study aimed to investigate the effects of different ambient
populations on the spatial distribution of theft.
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At present, many studies use the residential population from the census, POI (point of
interest), and land-use types to measure human activity and, therefore, indirectly measure
potential victims [6–9]. However, these static data cannot reflect the dynamic population in
a region. For example, Boggs et al. found that potential victims could not be effectively
measured if residents left their homes for work and leisure activities because the number of
residents was not equal to the ambient population in the region, due to the influence of
the daily mobility of residents [10]. Although the number of residents in the commercial
community is small, there are a large number of ambient populations in the community.
As a result, theft occurs very frequently here [11,12]. It can be seen that the actual ambi-
ent population in a region has a larger influence on theft than the nominal residents in
the region.

The widespread use of big data has provided a new way to study the ambient pop-
ulation in a region more accurately. In recent years, many scholars have used the big
data produced by the instance of social media and mobile phones to recognize ambient
populations and further measure potential victims. Although all populations could be both
potential victims and potential offenders, studies often regard the ambient population as
potential victims because most of the population has the risk of being stolen from, while
only a few people have the tendency to steal things from others [4]. For example, Lan
et al. found that Twitter data could be used to measure potential victims of theft well [12];
Malleson et al. compared the violent crime rate that was calculated based on Twitter user
data and the resident population and found a large difference in the spatial pattern of crime
hotspots among different calculation methods [13], and used the correlation coefficient in
the subsequent study to compare the validity of mobile user density and other ambient
population indexes (including the resident population in the demographic census and
Twitter data) in analyzing the spatial pattern of violent crime. The same should hold
for theft. In a study based in London, it was found that Twitter data could be used to
measure potential victims more accurately [14]. Song et al. selected ZG City in China as the
study area by comparing the mobile phone data, resident population data from the census,
subway population, and GPS data from taxis, and found that the GPS data from taxis and
mobile phone data could be used to measure potential victims in the afternoon and at night
more accurately [3].

According to the above studies, it is better to represent potential victims by measuring
the ambient population rather than the resident population or POI data, because the former
can explain the spatial distribution of crime well. Existing studies cannot distinguish the
properties of the population but consider them as homogenous potential victims. According
to rational choice theory, offenders often make decisions with consideration of their benefit,
risk, and cost [15]. For example, Xiao et al. found that residential burglars abided by the rule
of “Safety First, benefit Second” [16]. This should also be applied to theft from the person.
Ambient populations with different social attributes may lead to different benefits, risks,
and costs to offenders. As a result, they have different influences on theft. For example,
Song et al. used the principal component analysis method to extract social principal factors
from the census and discussed the influence of different social factors on theft [7]. It was
found that different social populations had different wealth attractions for offenders, and
their social control effects are dissimilar, leading to different influences on theft. However,
the research cannot reflect spatial activity variation in different populations due to the static
demographic census data and cannot further study the influence of different populations
on theft from the view of activity space.

Compared to the traditional census or survey data, although big data feature wide
population coverage, high spatial resolution, and low acquisition cost [17], big data cannot
measure and classify the detailed attributes of populations due to the lack of attribute
information of individuals. In a study based in Barcelona, Spain, the authors divided
ambient populations into tourists and residential populations [18]; in a study based in
Beijing, China, residents, visitors, and employees were classified based on the ambient
population [19], but the social attributes for the ambient population were still missing.
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In contrast, traditional data can be used to classify different populations as their regis-
tered residence, age, income, and occupation. How to combine the advantages of big data
and traditional data to study the influence of activity space distribution of different popula-
tions on the spatial pattern of crime will be a hot topic in the study of measuring victims.

Moreover, individuals with similar social and economic attributes may inhabit the
same community. That is, individual attributes have a strong correlation with his/her
place of residence [20,21]. Therefore, it is possible to classify the population as per their
places of residence. For example, Zhou et al. classified Guangzhou into several groups
based on the census, including middle-income community, low-income community, urban
population community, intellectual community, etc. [22]. Hirschfield et al. used different
types of neighborhoods identified by the census to investigate their impact on crime [20].
The mobility or the actual presence of the residents from different social areas can have
diverse impacts on theft. In other words, the relationship between ambient populations of
different social groups and theft is still unknown.

Therefore, to fill this gap, this research first classified different communities based
on the census, recognized the residences of mobile users, and provided related attributes
to them based on the traits of their place of residence. Then, the populations in different
communities were calculated based on the activity trajectory (node) of mobile users. On this
basis, this research explored the influence of ambient populations with different features
on the spatial pattern of theft.

2. Data and Method

ZG City, located in southern China, has a population of more than 10 million, according
to the 2010 census. Due to a confidential agreement, we used “ZG City” instead of its real
name here. As one of the megacities in China, ZG City has complete infrastructure, a high
distribution density of mobile base stations, and a good police–geographic information
system (PGIS) and data foundation. According to the 2010 census, there are a total of
2643 communities among 12 districts in ZG City. Since three districts are located in the
outer suburbs and the urban appearance is different from the other nine districts, they
were removed from the analysis. Thus, only nine districts with 1530 communities with an
average area of 1.558 km2 were included in the analysis. We used the community as the
unit of analysis because the socioeconomic attributes and geographical environment of the
people within the community were relatively consistent.

Compared to the geography of crime analysis in other cities, for example, in the Hague,
the Netherlands, the spatial analysis unit is 142 four-digit postal code areas, with an average
population of 7000 and 2.96 km2 for each area [23]. While in Brisbane, Australia, the mean
statistical study area is 8.48 km2, with an average of 299 households per km2 [24,25]. In the
West Midlands in the UK, the census lower-level super output area (LSOA) is the basic spa-
tial unit, with approximately 1500 residents and 0.51 km2 for each LSOA [26]. Additionally,
in Chicago, USA, the mean area for the census tracts is approximately 140 m × 140 m, with
an average population of 118 residents [27]. Undoubtedly, the population density is much
higher in ZG City compared to the above-mentioned western cities. However, the spatial
unit for crime analysis in ZG City is similar to the others.

2.1. Data Source

In this research, the dependent variable was the number of thefts in each community,
which was taken from workday data of theft from the public security bureau in ZG City in
2016. Although there were several analyses using the crime rate as the dependent variable,
there was no consensus on the denominator. While the numerator was the number of
theft, the denominators could be area, residential population or ambient population [28,29].
However, following most of the crime geography studies, the number of thefts was used as
the dependent variable in this study. Other variables were obtained from the 6th census
from the statistics bureau, points of interest from a navigation company, and mobile phone
data from a mobile company, Unicom.
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The mobile phone data only included one day on 28 December 2016 (Wednesday,
workday) after desensitization processing by China Unicom in ZG City, and did not include
the social economic attributes of the individual. As we only had one day’s data, to keep
time consistency, we also chose the theft data from a workday in 2016. 28 December 2016
was a usual workday in China as there was no Christmas holiday on this day.

The mobile phone data included the position of the base station for each user at
different moments. At most, one base station point was retained for each user in each hour,
and the geographic location of the user at the time was the community, where the base
station point with the maximum stay duration for the user could be found. For example,
from 9:00 a.m. to 10:00 a.m., if a user I stays for 20 min in the service area of base station
A, stays for 10 min in the service area of base station B, and stays for 30 min in the service
area of base station C, it was considered that the location of the user I in the period was the
community of base station C. The calculation method is shown in the following section.

2.2. Method of Population Type Division

Indeed, every person has their own attributes. In this study, we assigned the attributes
of each community to the residents who were living in the community. However, residents
move around, not only in their residential community, but also in other communities. Thus,
we calculated how the residents moved around the communities throughout the whole
day (24 h). Then, as each person had their own attribute based on where they lived (a
total of seven attributes based on the following clustering method), we calculated, for each
community, how many persons with different kinds of attributes had ever stayed there.

The method of population type division included two parts: (1) division of social area
for each community; and (2) division of ambient population type.

(1) Division of social area for each community

Referring to the classification method used by Zhou et al. [22], the research first
implemented principal component analysis (PCA) for the 6th census, then extracted and
used the principal factors for clustering analysis to classify the communities. The research
selected 35 indexes from the 6th census for PCA. The 35 indexes from the census were
attributes containing population characteristics as well as housing characteristics. With
regard to population characteristics, variables such as hukou status, age, level of education,
and family situation were included. In terms of housing characteristics, construction year,
housing property (self-built, commercial housing, second-hand, former public housing,
affordable housing, etc.), housing area, and rent were included. The Kaiser-Meyer-Olkin
(KMO) value, which is used to compare correlations between variables, was 0.66 (>0.5)
for these 35 indexes, with the significance of the Bartlett sphericity test lower than 0.001.
This indicated that the above indexes are applicable to principal component analysis. Six
principal factors were finally extracted, and the contribution rate of accumulative variance
reached 71.6%. The six principal factors and their features are listed in Table 1:

Table 1. Principal factors and their features.

Principal Factors Features

Middle-income factor It indicates a salient feature of high education, the housing type of the purchased house or the
high-leasing-level house, the registered residence feature of immigrant non-agricultural population.

Self-built housing factor It indicates a salient feature of self-built housing with a large area and has a negative correlation
with other leased houses.

Aging factor It indicates a salient feature of the local elderly population and the housing feature of the old house
and original public-owned housing.

Middle-aged married factor It indicates a salient feature of the middle-aged married population.
Medium building age factor It indicates the housing construction time from 1980 to 2000.

Affordable housing factor It indicates purchased affordable housing and leased low-rent housing and the registered residence
feature of the migrant population.
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The research selected the Ward method for clustering analysis for the six principal
factors. Although 28.4% of the information was lost after the PCA method, the important
information was kept, and the factors could be easily named. The method of PCA applied
before the clustering method has also been used in other related studies [20,22]. According
to the scree plot and the eigenvalue (>1), it was appropriate to divide ZG City into seven
categories (see Table 2), which are named based on factor features and their spatial locations.

Table 2. Categories and their features in ZG City.

Clusters Number Features

Local-aging communities 384 Mainly distributed in the old city, with a high score of the aging factor.

Middle-income communities 245
In these communities, there are more commercial residential buildings where
the rental price is appropriate, and many highly educated intellectuals and
middle-income populations live here.

Affluent communities 157
For the affluent community, salient positive factors include the middle-income
factor and the middle-aged married factor, while the salient negative factor is
the medium building age factor.

Affordable housing communities 26
For the affordable housing community, salient positive factors include the
affordable housing factor, of which the score is higher than other communities,
and most affordable housing populations live here.

Migrant population communities 374 For the migrant population community, although houses with a small floor
space are distributed in the village in the city, many migrants live here.

College communities 290
The distribution of the college community is basically consistent with colleges
and universities in ZG City, and residents here mainly include students and
teachers. The residential population can be defined as the college population.

Suburban communities 54
For the suburban community, salient positive factors include the self-built
housing factor and the aging factor. Such communities are mainly distributed
in the suburb of ZG City.

(2) Division of ambient population type

The research selected the community as the spatial unit. The number of recorded
mobile users by all base stations within a community was the total number of ambient
populations in the community.

The home community for each mobile user can be recognized based on their longest
time staying in a location at night. Zhou et al. found from the survey log data of routine
activities that residents usually stayed at home from 10:00 p.m. to 7:00 a.m. [30], and
observed from the routine activities of low-income populations that the distance between
activity place and the place of residence for most low-income residents was smaller than
1 km from 8:00 p.m. to 8:00 a.m. [31]. Therefore, the research determined the community
where mobile users stayed for over five hours from 8:00 p.m. to 8:00 a.m. to be their home
community. The one-day data recorded 5.211 million mobile users, of which each user
has 10.2 trajectory points on average. Through data cleaning, the home communities of
2.915 million users were recognized, with a recognition rate of up to 55.9%.

The social attribute of an individual has a high correlation with his/her home resi-
dential community. Thus, mobile phone users were given specific tags based on where
they lived. The tags were: local elderly population, middle-income population, affluent
population, affordable housing population, migrant population, suburban population, and
college population, based on the attributes of the communities clustered. Then, the research
made a classification and summary based on the community unit as per the 24-h spatial
trajectory point of mobile users to obtain the total number of different ambient populations
in the community on that day.

2.3. Descriptive Statistics of Dependent and Independent Variables

The dependent variable was the number of thefts, while the independent variables
included different types of ambient populations after controlling for the influence of the
offenders, guardianship, and social environment:
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(1) The offenders: The existing studies indicate that areas that are close to the offenders
will lead to increased crimes in the region [27]. In addition, most crimes are committed
by repeat offenders, and offenders are often living aggregated in space [32]. Hence,
following prior studies, this research considers the number of offenders in their home
community as well as in the adjacent community;

(2) Guardianship: Following previous studies, the research uses the distance from the
nearest police station to represent the guardianship effect [3,33];

(3) Environment context: Ethnic heterogeneity is often used to represent social circum-
stances in the Western context, while the proportion of the migrant population is
often used in the Chinese context. The migrant population is usually referred to as
the population who live in a city while their registered place is in another city [21].
This is correlated to the Chinese household registration system (hukou). The higher
the proportion of the migrant population is, the larger the number of thefts there will
be [34,35]. The research uses the proportion of the migrant population to represent
the environment context.

In terms of the above-mentioned control variables, the mean value was 34.4%, 0.771,
and 0.633 km, respectively, for the proportion of the migrant population, the number of
arrested offenders, and distance from the police station. The three variables have a salient
correlation with the number of thefts, where the distance from the police station has a
negative correlation with the number of thefts; the proportion of the migrant population
and the number of arrested offenders have a positive correlation with the number of thefts.

In terms of measuring potential victims, the recognized ambient population by mobile
phone had a higher correlation with the number of thefts compared to the population based
on the census. In terms of the seven types of ambient population, except the local elderly
population, the rest had a saliently positive correlation with the number of thefts, where
the correlation index of the migrant population was a maximum of 0.480.

2.4. Negative Binomial Regression Model

Crime data usually have discrete features and cannot satisfy the requirement of the
Poisson model that the expectation of the dependent variable is equal to its variance [36].
In the research of crime geography, the negative binomial regression model is used for
fitting discrete counting variables [37]. In this study, as shown in Table 3, the variance of
the number of theft (34.3842 = 2059.707) was much greater than its mean value (34.29); thus
the negative binomial regression model could be applied here.

Table 3. Descriptive statistics of variables.

Name of Variable Mean Value Standard Deviation Minimum Value Maximum Value Correlation with the
Number of Theft

Number of thefts 34.290 45.384 0.000 607.000 -
Migrant population (%) 34.402 23.634 0.000 97.442 0.364 ***

Arrested offenders 0.771 2.871 0.000 67.000 0.289 ***
Distance from the police

station (km) 0.633 0.855 0.003 7.749 −0.079 ***

Population based on
census (1000) 6.034 4.796 0.245 51.447 0.548 ***

Total mobile phone
population (1000) 26.745 37.354 0.007 590.276 0.628 ***

Local elderly
population (1000) 2.707 5.938 0.000 51.944 −0.070 ***

Middle-income
population (1000) 2.906 7.787 0.000 141.130 0.169 ***

Affluent population (1000) 1.675 5.018 0.000 49.807 0.091 ***
Affordable housing
population (1000) 0.689 6.421 0.000 171.141 0.103 ***

Migrant population (1000) 12.424 30.294 0.000 579.167 0.480 ***
Suburban population (1000) 4.327 14.795 0.000 207.249 0.298 ***
College population (1000) 2.017 13.425 0.000 232.338 0.184 ***

*** p < 0.001, ** p < 0.01, * p < 0.05.
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Generally, the probability distribution formula of the Poisson regression model is
shown as follows:

P(Yi = yi|Xi) =
e−λi λi

yi

yi!
, i = 1, 2, . . . (1)

In the above equation, λi could be expressed as follows:

ln(λi) =
j

∑
j=0

β jXij (2)

where λi is the number of thefts for each community i, and the parameter λi depends on
the independent variables Xijs, while β js are the coefficients correspondingly, while in total,
there are j independent variables.

Different from the Poisson regression model, where the variance is equal to its ex-
pected value λi, the dependent variable data in the negative binomial regression model are
excessively dispersed, so a random term is usually added to the logarithm expression of
the conditional expectation function:

ln(λi) =
j

∑
j=0

β jXij + εi (3)

where εi follows the gamma distribution.
Thus, the proposed negative binomial concept model could be expressed as below:

ln(λi) = β0 + β1Xsocial environment + β2Xpotential criminal + β3Xguardian + β4Xtype of population +
i=n

∑
i=1

lagXi + εi (4)

where Xs are the independent variables that may influence the distribution of theft, βs are
the estimation parameters of the related variable; lagXis are the spatial lag value of the
related variables; εi is the residual error, indicating other unmeasurable influence factors.
The parameters could be estimated based on the maximum likelihood estimation method.

In the negative binomial model, the Akaike information criterion (AIC) and the
Bayesian information criterion (BIC) are used to evaluate the goodness of fit of the model.
The model with a smaller value has better goodness of fit. IRR (Incidence rate ratio) is
used to explain the marginal effect of the variables in the model. In other words, when
an explanatory variable increases by one unit, the average frequency of an event will be
the IRR times of the original value. The research implements zero-mean normalization for
all independent variables and then carries out a negative binomial regression analysis to
calculate the standardized coefficient. The larger the standardized coefficient is, the stronger
the influence of the variable will be. It is necessary to further test whether the intensity
of influence among different variables is significantly different. Based on the maximum
likelihood method, the Wald test can be used to test whether two variable coefficients are
equal, of which the null hypothesis is the coefficient difference between two variables, to
be zero. If the standard coefficient of a variable is larger than another variable, and the
Wald test is salient, it is considered that the influence intensity of the variable is larger than
another variable.

In addition, Moran’s I value is 0.099 (p < 0.001) for theft, indicating that the spatial
autocorrelation of theft exists in ZG city. To reduce the influence of spatial autocorrelation
and further improve the explanatory effect of the model, a negative binomial regression
model with spatial lag, that is, the spatial lag value (mean value of the related variable of
the adjacent community) of the independent variable is calculated and input in the model
to reduce the influence of spatial autocorrelation.
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3. Results
3.1. Spatial Distribution of Theft and Population Type

Figure 1 shows the spatial distribution of thefts. The deeper the color is, the larger the
number of thefts will be. The spatial distribution of thefts in ZG City roughly decreases
progressively from the center to the periphery and has multiple hot spots. Combined with
Figure 2, it can be seen that theft frequently occurs in the middle-income community, the
suburban community, the migrant population community, and the affordable housing
community; the number of the thefts per 1000 persons can reach 6.647, 5.905, 6.789, and
5.256, respectively, and it is 4.535, 4.239, and 3.567 for the other four kinds of communities
(local elderly community, affluent community, college community), indicating saliently
spatial heterogeneity in the distribution of thefts. As shown in Table 3, the standard
deviation of the number of thefts in each community is 45.384, the mean value is 34.29, and
the variance is far larger than the mean value, indicating a saliently discrete phenomenon.

Figure 1. The spatial distribution of the number of thefts.

Figure 2. The distribution of different categories of communities in ZG city.
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Figure 2 shows the distribution of different categories of communities in ZG city.
The clustering result is similar to the result of the classification by Zhou [22]. However,
the research classifies areas based on community-scale data instead of town-scale on a
smaller scale.

3.2. Negative Binomial Regression Model Results

The negative binomial regression model is shown in Table 4. The maximum value of
VIF of the model variable is 3.07, indicating no salient collinearity problem.

Table 4. Results of Spatial-lag negative binominal regression of ambient population from different
communities (N = 1530).

Variables Coefficient (β) IRR Standardized Coefficient

Proportion of migrant population (%) 0.008 *** 1.008 0.189 ***
Proportion of migrant population (%)_lag 0.004 1.004 0.072
Number of offenders 0.054 *** 1.055 0.154 ***
Number of offenders_lag 0.020 1.020 0.030
Distance from the nearest police station (km) −0.341 *** 0.711 −0.292 ***
Local elderly population 0.004 1.004 0.025
Middle-income population 0.021 *** 1.021 0.161 ***
Affluent population 0.018 *** 1.018 0.089 ***
Affordable housing population 0.010 ** 1.010 0.067 **
Migrant population 0.012 *** 1.012 0.357 ***
Suburban population 0.017 *** 1.017 0.257 ***
College population 0.008 *** 1.008 0.107 ***
Local elderly population_lag −0.014 * 0.986 −0.058 *
Middle-income population_lag 0.018 *** 1.018 0.086 ***
Affluent population_lag 0.030 *** 1.030 0.094 ***
Affordable housing population_lag 0.001 1.001 0.003
Migrant population_lag −0.003 * 0.997 −0.067 *
Suburban population_lag −0.006 * 0.994 −0.067 *
College population_lag 0.001 1.001 0.009

AIC 13,001
BIC 13,112.91

*** p < 0.001, ** p < 0.01, * p < 0.05.

In terms of control variables, the proportion of the migrant population and number
of arrested offenders have a saliently positive influence on theft, that is, the higher the
proportion of the migrant population in a community is, or the larger the number of
offenders is, the higher the number of thefts will be. It is noted that the spatial lag variable
of the arrested offenders and the proportion of the migrant population have no salient
influence on theft. The distance from the nearest police station has a negative impact on
theft, which means that the closer the community is to the police station, the more the theft
that occurs in this area. However, no such spatial lag impact exists. It could be that the
police officers’ patrols were not near the station. It could also be that the police station
is also located in a high-crime area or that the closer it is to the police station, the more
likely residents are to report a crime to the police. This finding is in line with existing
studies [3,33].

Different ambient populations were exposed to different opportunity costs, thus
having different impacts on crime. Except for the local elderly population, the other
categories of ambient populations have a saliently positive influence on theft. Overall,
the larger the number of the ambient population is, the higher the number of thefts in
the community will be. As shown in Table 4, if the middle-income population, affluent
population, affordable housing population, migrant population, suburban population,
and college population increase by one unit (1000 person–time) each time, the frequency
of the thefts will increase (1.021 − 1) ×100%, (1.018 − 1) × 100%, (1.010 − 1) × 100%,
(1.012 − 1) × 100%, (1.017 − 1) × 100%, and (1.008 − 1) × 100%, respectively.
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It can be found from the standardized coefficients in Table 4 and the Wald test among
different coefficients in Table 5 that different kinds of ambient populations have different
influences on theft. The migrant population has the strongest influence, followed by the
suburban population and middle-income population, whereas the college population,
affluent population and affordable housing population have the weakest influence on the
spatial pattern of theft. It is noted that there is no significant difference in influence between
the college population and the affluent population, or between the affluent population and
the affordable housing population, whereas the college population has a stronger influence
compared to the affordable housing population.

Table 5. Wald test of standardized coefficients for each pair of key variables.

No. Variables and Standardized Coefficients X1 X2 X3 X4 X5 X6 X7 X8 X9

X1 Migrant population
(0.189) -

X2 Quantity of criminals
(0.0154) n.s. -

X3 Distance from the nearest police station
(0.292, absolute value of coefficient) * * -

X4 Middle-income population
(0.161) n.s. n.s. * -

X5 Affluent population
(0.089) * n.s. *** n.s. -

X6 Affordable housing population
(0.067) ** n.s. *** * n.s. -

X7 Migrant population
(0.357) * ** n.s. *** *** *** -

X8 Suburban population
(0.257) n.s. n.s. n.s. * *** *** * -

X9 College population
(0.107) n.s. n.s. *** n.s. n.s. n.s. *** *** -

* p < 0.05, ** p < 0.01, *** p < 0.001, n.s. is no significant difference; H0: The coefficient difference between the
two variables is 0; the local elderly population has no salient influence and will not be included in the Wald test
for analysis.

In terms of the strength of the influence of the control variables, the standardized coef-
ficient for the distance from the nearest police station is lower than the migrant population,
but there is no significant difference; the influences of the proportion of the migrant popu-
lation and the number of arrested offenders is weaker than the migrant population and the
distance from the nearest police station. It can be seen that the main factors influencing the
spatial distribution of theft include appropriate criminal targets and guardianship.

In terms of the spatial lag effect, the distribution of the local elderly population,
migrant population, and suburban population in adjacent communities will inhibit the
number of thefts in the community; the middle-income population and affluent population
may lead to an increase in the number of thefts in the adjacent community, whereas the
affordable housing population and college population have no significant influence on the
number of thefts in the adjacent community. It seems contradictory that the regression
coefficient on the migrant population becomes positive as expected, while the coefficient on
the spatially lagged migrant population becomes negative. This is because if a community
has a large migrant ambient population in the surrounding communities, the offenders
will prefer to go to the surrounding communities because there are more potential targets.
Then, the community in the center will be less attractive. The same should hold for the
suburban population.

4. Discussion

Focusing on one of the three factors (i.e., potential victim) based on the routine activity
theory, this research distinguishes the ambient population into different social groups based
on their residence and further explores their impacts on theft. While former studies that
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used the static census and points of interest indirectly reflect the distribution of potential
victims, the results show that ambient populations with different types could directly reflect
the distribution of potential victims.

Different types of ambient populations have varied influences on theft, which is
mainly due to their varied “risk–benefit” features to the offenders. Specifically, migrant
population aggregated communities commonly have a high degree of anonymity and weak
social control [38,39], therefore leading to a low risk of arrest for the offenders. Moreover,
migrant populations are often active in crowded areas, for example, a village in cities,
which provides convenience for offenders to steal properties [35,40]. Due to the presented
“low risk, high benefit” feature, the migrant population has the strongest influence on the
spatial distribution of theft. In contrast, the local elderly population has the significant
effect of “eyes on the street” and strong informal social control [7,16]. For theft, the risk is
higher than the benefit (“high risk, low income”) to the offenders. The influences of the
suburban population and middle-income population on theft ranks only after that of the
migrant populations. These kinds of ambient populations have relatively strong informal
social control and high benefit for theft due to their wealthier belongings [21,41]. Because
of the “middle risk, high benefit” feature, the population still has a large influence on the
distribution of theft. The numbers of the college population, affluent population, and the
affordable housing population are small, and they have a significantly positive influence on
the distribution of theft, but the degree of influence is relatively weak. It is noted that the
research only analyzed the relationship between different ambient populations and theft on
workdays due to data limitations. During the workday, most college teachers and students
attend class (indoor), and the college community is the main activity space. All these have a
limited influence on outdoor theft. Although the potential income of theft from the affluent
population is high, the security level of the activity space for the population is also high
(“high risk, high benefit”) [41]. As a result, the affluent population has a low attraction for
the offenders. The affordable housing population features a high degree of education and a
strong awareness of precaution, leading to a more balanced risk–return portfolio, which
has a certain attraction, but is not strong enough. Overall, thieves follow the rule of “Safety
First, Benefit Second” to select the target, which is similar to the result of Xiao et al. [16].

The research has some similarities with the existing literature. For example, the influ-
ence of the proportion of the migrant population on theft is also verified as an important
index for measuring the social environment of big cities in China; that is, the higher the
proportion of the migrant population, the higher the probability of theft in the commu-
nity will be. The number of local offenders in a community will significantly lead to the
increased probability of being stolen from, which further demonstrates that offenders tend
to select adjacent regions due to low cost [42]. After controlling for the influences of other
variables, the smaller the distance from the nearest police station is, the higher the number
of thefts will be, which is consistent with the findings of Song et al. [3] and Mburu et al. [28]
but different from the findings of Zhang et al. [43]. It may be related to the distribution of
police stations in ZG City, and that the police station is usually located in an area with a
dense population.

5. Conclusions

By targeting the shortcoming of the literature regarding ambient populations as homo-
geneous groups, the innovative point of this research was to find out different influences
of various ambient populations on the spatial pattern of theft from the perspective of
activity space, which measured potential victims with mobile big data technology and
combined the social attributes of mobile users. The theoretical contributions include that,
based on the routine activity theory in crime geography, the research further deepens the
discussion for potential victims from the perspective of “ambient population + population
heterogeneity”. For spatiotemporal behavior, the research discussed the influence of ac-
tivity space of different populations on theft based on trajectory data, demonstrated the
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importance of spatiotemporal behavior in crime geography, and expanded the research
field of spatiotemporal behavior.

On the application level, the research suggests for the police–geographic department
that the focus of crime prevention strategy should shift from the residence space to the
activity space. In addition, the department should pay attention to the activity space of the
migrant population, suburban population, and middle-income population to implement
targeted propaganda and deployment and improve the distribution efficiency of police–
geographic resources.

However, the research still has some limitations. First, we only used the mobile phone
data from one mobile phone company and only one workday to represent the overall
distribution of the ambient population on workdays, which cannot be reflected by the
data of the full sample. Although theft on weekends and holidays is not analyzed in
this study, whether the results are consistent with the weekday studies is unclear. This
issue also occurred in other ambient population and theft-related studies. Second, the
importance of time in various crime analyses has been demonstrated in recent years, and
the spatial distribution of different social groups changes with time. Therefore, discussions
are also required on the time difference in the influence of different populations on theft.
Finally, the research provides the attributes of the community to each mobile user, but
heterogeneity also exists among populations in the community, and existing big data
cannot be used to accurately determine the user attribute of each individual. Therefore, the
accuracy of population portrayal and spatial granularity therein still need to be improved
in future studies.
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