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Abstract: Both an offender’s home area and their daily activity area can impact the spatial distribution
of crime. However, existing studies are generally limited to the influence of the offender’s home
area and its immediate surrounding areas, while ignoring other activity spaces. Recent studies have
reported that the routine activities of an offender are similar to those of the residents living in the same
vicinity. Based on this finding, our study proposed a flow-based method to measure how offenders
are distributed in space according to the spatial mobility of the residents. The study area consists of
2643 communities in ZG City in southeast China; resident flows between every two communities
were calculated based on mobile phone data. Offenders’ activity locations were inferred from the
mobility flows of residents living in the same community. The estimated count of offenders in each
community included both the offenders living there and offenders visiting there. Negative binomial
regression models were constructed to test the explanatory power of this estimated offender count.
Results showed that the flow-based offender count outperformed the home-based offender count. It
also outperformed a spatial-lagged count that considers offenders from the immediate neighboring
communities. This approach improved the estimation of the spatial distribution of offenders, which
is helpful for crime analysis and police practice.

Keywords: offenders’ location; theft; residents’ mobility; routine activity theory; mobile phone data

1. Introduction

The routine activity theory explains that crime generally occurs because of the con-
vergence of potential victims and potential offenders alongside a lack of supervision in
specific geographic contexts [1]. Therefore, the accurate measurement of both victims and
potential offenders’ routine activities is helpful in better explaining the spatio-temporal
distribution of crime. There is a large amount of literature focusing on the measurement
of potential victims and their impact on different types of crimes. From the early use of
resident populations [2] to the use of physical facilities or points of interest that attract
visitors [3] and further to the use of big data to represent ambient populations [4], research
on potential victims has been increasingly refined in space and time.

Compared to research on victims, the measurement of potential offenders’ spatial
distribution is limited to arrest data that provide the information on where they live and
where they commit crimes. However, offenders’ routine activity spaces are not only limited
to their residence and their crime scene, but also include the areas that they frequently
visited. As Brantingham and Brantingham [5] stated, offenders commit crime in their
activity spaces. Therefore, the measurement of offender activity spaces can help improve
interpretations of the spatial distribution of crime. In practice, if the police were knowl-
edgeable concerning offenders’ routine activities, then the efficiency of crime prevention
and control, such as hot spot policing and targeted patrol, could be greatly improved [6].
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To address the problem of incomplete measurement of the offenders, we proposed
a flow-based method to estimate how offenders move in space. By calculating the flow
matrix of residents in a community to other communities, the potential daily activity
space of the offenders living in the same area could be inferred. With this approach, each
community has an estimated count of offenders that includes both the offenders living there
and offenders visiting there. Negative binomial regression models were constructed to test
the explanatory power of this flow-based offender count in comparison with the home-
based count and the spatial-lagged count that considers offenders from the immediate
neighboring communities. Next, we will review routine activities, activity nodes, and
mobility patterns to describe the theoretical background of the flow-based method.

1.1. Routine Activities and Activity Nodes

Crime tends to be spatially clustered. The crime-prone spaces overlap offenders’ daily
activity spaces. For example, the areas where the burglars, robbers, or thieves once lived,
the residence of their siblings and other places they may have visited, and places with
low housing prices are often their targeted areas [7–9]. Activity nodes such as bus stops,
bars, and Internet cafes are also hot spots with high crime rates as robbers frequently visit
or pass by [10]. Brantingham and Brantingham [3] further divided these activity nodes
into two categories: crime attractors and crime generators. Crime attractors are places that
offer opportunities to attract motivated offenders. Crime generators are places that attract
large crowds, who in turn draw offenders. Typical crime attractors and generators include
but are not limited to barbers, fast-food restaurants, grocery stores [10], shopping and
entertainment areas, subway stations, and high schools [11]. The literature in the Chinese
context shows that crime attractors have no significant difference from crime generators,
and crime attractors and generators are not separately treated in the models [12–15].

Further, studies found that not only activities nodes themselves, but also their sur-
rounding areas would suffer higher crime risk than other areas. Bernasco, Block et al. [16]
used a spatial-lagged model to examine the relationship between crime and robbers’ po-
tential activity nodes with the spatial-lagged effect. It revealed that census tracts close to
these activity nodes would also suffer more crimes than others. This was because offenders’
daily activities obey distance decay patterns from the activity nodes.

Most of the studies on the activity nodes of offenders are limited to the home location
of the offenders. Recently, scholars have attempted to reveal more detailed daily activities of
offenders. For example, Menting, Lammers [7] collected the major activity spaces reported
by 78 offenders relating to 140 offences such as theft, burglary, vandalism, and robbery
through an online self-survey in 2017. The detailed activity spaces could better explain
offenders’ crime location choice strategy than residential areas alone. Further, it was found
that the more frequently visited areas were more likely to be targeted by offenders.

However, such questionnaire approaches may lead to incomplete and inaccurate
results due to limitations in the memory of offenders and their reluctance to provide
complete and truthful responses. The advancement in electronic collection of trajectory
data presents new opportunities. For example, Rossmo, Lu [17] used a GPS tracking
method to record the paths taken by 16 parolees in relation to violent and drug offenses
during the 8 days prior to the crime being committed and discovered that the offense
locations were part of the activity areas the offender frequented before committing the
crime. Griffiths, Johnson [18] applied mobile phone data records to analyze four British
terrorists in the months before their attacks. Results showed that the attack scenes were
close to the terrorists’ main activity nodes, such as their homes or other safe locations.

The aforementioned studies showed that offenders’ routine activities can be partially
depicted by mobility or trajectory data collected from both questionnaires and electronic
technology. However, due to the cost and other difficulties, only a few offenders’ rou-
tine activities were included in these studies. These small sample analyses may not be
representative of all offenders, and more robust approaches are needed.
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1.2. Mobility Patterns

The literature shows that the mobility patterns of offenders are similar to those of the
general population, which is typically measured in three aspects: activity nodes, travel
distance, and mobility flows. In terms of activity nodes, the general population spend most
of their time in residential areas and workplaces [19–21]. In addition, supermarkets, bus
stops, and other facilities serve as important anchor points for their daily routines [22].
These locations can also be crime attractors and crime generators [10,23,24].

Regarding distance, both residents’ and offenders’ routine travels obey distance decay
patterns. The longer the distance, the less frequent the travel is. Several studies have
documented such patterns [19,25,26] (Zhou et al. 2015, Shao et al. 2022, Sun and Dan
2015). The average morning peak and evening peak commuting distances in Haikou are
6.05 km and 5.83 km, respectively [26]. The average commuting distance of Shanghai
residents is 8.88 km [25]. The same pattern holds for offenders [12,24,27]. On average,
residential burglars in ZG City travelled 7.14 km [12], and thieves travelled 5.69 km to
commit crimes [24]. Similarly, in Western countries, the average journey-to-crime distance
is about 4 km in Sheffield, England [28], about 3.5 km in the town of Harrow, London [28],
and 2 km in Ottawa [28,29].

A few studies compared the travels and flow patterns of residents and offenders.
Bernasco studied 843 adolescents in the Netherlands and found that the adolescents with
offender behavior visited slightly more places than those without offender behavior, but the
radius and predictability of their activities were similar [13]. Their offenses included theft,
burglary, assault, robbery, drug dealing, and public order offences. Song et al. suggested
that the mobility flows of the thieves are consistent with the residents in ZG City [30].
Specifically, offenders’ crime location choice preferences were similar to residents’ home-to-
work commuting preferences.

To sum up, criminology theories stipulate that the routine activities of offenders have
a great influence on crimes; however, there is a lack of viable measurement of all the
possible routine activities of offenders for large areas. Based on the recent findings that
offenders’ mobilities, especially those of thieves and other property offenders, are similar
to residents’ routine activities [15,30], this research selected theft as the crime type. It
proposes a flow-based method to measure the routine activity space of offenders and tests
the effectiveness of this measurement by comparing it against the home-based offender
count and the spatial-lagged offender count.

2. Materials and Methods

This study chose ZG City as an example to estimate flow-based offender counts
and their relationship with crime. ZG City is one of the most important metropolises in
China. A relatively large number of crimes and arrestees offer the needed data for this
study. Due to the confidentiality agreement, the city was named ZG City instead of its real
name. Other studies followed the same practice, as crime data in China are not publicly
available [31–34]. The unit of analysis is communities, or Shequ in Chinese. ZG City is
divided into 2643 communities, the average area of the communities is 2.74 km2.

2.1. Estimation of Offender Counts (Independent Variables)

People’s mobility data comes from DAAS platform of Unicom, one of the three largest
mobile phone service providers. The platform records the users who stay at a base station
for more than 30 min. There was a total of 468 million travel records generated in October
2020 in ZG City. After desensitization and summarization of the data, this research extracts
residents’ trajectory data, as shown below.

As shown in Table 1, each community has its unique 12-digit code. If a user had a
trajectory from community A to B to C to D, it would be summarized as three trips: A to B,
B to C, and C to D. A, B, and C are starting communities (O_Code), while B, C, and D are
ending communities (D_Code). O_Ptype and D_Ptype represent a location classification of
the starting community and ending community. A value of “0” means visiting community,
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“1” means home community, and “2” signifies the working community of the user. “Count”
is the number of trips from the starting community to the ending community. In the first
line of Table 1, community “440113105202” is the users’ home community, and community
“440106011029” is the user’s work community. The number of trips made by the user
from home to work is 2. This study only analyzed the flows that originated from home
(O_Ptype = 1).

Table 1. Sample of people’s trajectory data from the DAAS platform of Unicom.

O_Code D_Code O_Ptype D_Ptype Count

440113105202 440106011029 1 2 2

440113105202 440111103221 2 0 2
440113105202 440111002004 1 0 1
440113105202 440106022006 0 1 58
440113105202 440106021006 2 0 4
440113105202 440106017010 1 0 4
440113105202 440106009006 0 0 17

... ... ... ... ...

The data above contain the mobility flows of both residents and offenders. It is
impossible to separate offenders from regular people. Offenders’ home locations were
obtained from an arrestee database. The flow pattern of the offenders is assumed to be
similar to those of the residents living in the same community. Thus, combined with
both residents’ mobility and offenders’ residences, the flow-based offender counts of a
community could be estimated as follows (see Figure 1):

Assuming that there are 4 communities labeled A, B, C, and D, and taking community
A as an example, if 1000 trips originated from community A, with 600 trips destined
to community B and 400 to community C, then the relative mobility ratio is 60% from
community A to B and 40% from community A to C. Also, assuming that 20 offenders were
known to live in community A, and that the offenders follow the above mobility ratios, the
number of offenders would be 12 (20 × 60%) from community A to B and 8 (20 × 40%)
from A to C. For each of the starting communities, replicate the above process to calculate
the number of visiting offenders to each respective ending community. Finally, the visiting
offenders to each community are summarized from all starting communities (Figure 1).

To test the effectiveness of the flow-based offender count, we compared it to two
conventional counts of offenders. One is the home-based count of arrested offenders
in each community. Among 2643 communities, 1117 communities had arrestees. The
other is called the spatial-lagged count, which considers that offenders may also come
from the immediate neighboring communities. Among the 3921 arrested offenders in ZG,
1191 offenders, or roughly 30% of all offenders, travelled less than 1.66 km to commit
crime. Since the average size of communities is 2.74 km2, the average distance between
the neighboring communities is roughly the square root of 2.74, which happens to be 1.66
km. Based on these two distances, it is reasonable to assume that 30% of the offenders
may commit crime in the neighboring communities. Therefore, the spatial-lagged count
is an addition of the home-based count and 30% of the home-based counts from the
neighboring communities.

To make the flow-based count comparable to the spatial-lagged count, the summation
of flow-based counts contributed from the neighboring communities is multiplied by a
coefficient of 22.95 such that it is the same as the summation of spatial-lagged counts. The
value of 22.95 is empirically calculated, and it may vary from one study area to another.
The number of flow-based offenders for each focal community is calculated as follows:

N_flow_basedj = N_home_basedj + ∑i=2643
i=1 N_visitingij × 22.95, i, j = 1, 2, . . . , 2643 (1)
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where N_flow_basedj is the flow-based offender count in community j. N_home_basedj
is the number of offenders living in community j. N_visitingij is the number of offenders
visiting community j from community i where they live. The multiplier of 22.95 makes the
flow-based count comparable to the spatial-lagged count. The calculation process is shown
in Figure 1.

ISPRS Int. J. Geo-Inf. 2024, 13, x FOR PEER REVIEW 5 of 15 
 

 

 
Figure 1. An example of the number of offenders estimated with the flow-based method. 

Assuming that there are 4 communities labeled A, B, C, and D, and taking commu-
nity A as an example, if 1000 trips originated from community A, with 600 trips destined 
to community B and 400 to community C, then the relative mobility ratio is 60% from 
community A to B and 40% from community A to C. Also, assuming that 20 offenders 
were known to live in community A, and that the offenders follow the above mobility 
ratios, the number of offenders would be 12 (20 × 60%) from community A to B and 8 (20 
× 40%) from A to C. For each of the starting communities, replicate the above process to 
calculate the number of visiting offenders to each respective ending community. Finally, 
the visiting offenders to each community are summarized from all starting communities 
(Figure 1). 

To test the effectiveness of the flow-based offender count, we compared it to two 
conventional counts of offenders. One is the home-based count of arrested offenders in 
each community. Among 2643 communities, 1117 communities had arrestees. The other 
is called the spatial-lagged count, which considers that offenders may also come from the 
immediate neighboring communities. Among the 3921 arrested offenders in ZG, 1191 of-
fenders, or roughly 30% of all offenders, travelled less than 1.66 km to commit crime. Since 

Figure 1. An example of the number of offenders estimated with the flow-based method.

2.2. Dependent Variables and Covariates

The dependent variable in this study is the number of thefts in each community in
2018, which is provided by the Municipal Public Security Bureau of ZG City. For each
community, the number of thefts can be counted using the intersection of community
boundaries. The calculations were performed using the “sf” package in R.

Covariates include points of interest and the proportion of the migrant population. The
point of interest data: Based on the routine activity theory, important activity places include
the facilities that attract potential victims or potential offenders. Following prior stud-
ies [10,23,35–37], we chose bus stops, subway stations, Internet bars, KTVs, and cinemas as
the important activity nodes in this study.
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Proportion of the migrant population: The household registration system in China,
known as the Hukou system, divides the population in a city into locals with a local Hukou
and the migrant population (also known as nonlocals) with a Hukou registered in other
cities. In Chinese metropolises, local Hukou groups typically include those who were born
in the city or have transformed their outside Hukou to the city through higher education,
permanent employment, or housing property ownership. In contrast, migrant populations
typically do not have permanent employment, and cannot therefore transform their Hukou
to the city. Although the Hukou system is not inherently based on socio-economic status,
migrants typically have lower educational attainment and less income compared to the local
Hukou group. Most migrants live in urban–rural transitional areas, villages in the city, and
factory dormitories [27]. Previous studies have found that in Chinese cities, the proportion
of the migrant population is an important factor for explaining crime [24,38]. Areas with
a higher migrant population rate are commonly accompanied by more crimes [24,38].
Thus, following prior studies, the proportion of the migrant population was included in
the analysis.

2.3. Regression Models

Three models were implemented using the home-based count, spatial-lagged count,
and flow-based count. All models used the same dependent variable and control variables
(or covariates).

Poisson regression models or negative binomial regression models are commonly used
to model counts, such as the number of thefts in this study. Poisson regression models
assume that the mean and variance of the dependent variable are equal [39]. The probability
distribution function of a Poisson regression model is as follows:

P(Yi = yi |X ) =
e−λiλi

yi

yi!
, i = 1, 2, 3, 4 . . . (2)

where P(Yi = yi |X ) indicates the probability when the number of thefts Yi is yi and the
explanatory variables Xs of community i are known. λi is the number of thefts in community
I and depends on a series of explanatory variables Xs. Furthermore, the conditional
expectation function for Yi is commonly assumed as follows:

E(Yi |X ) = λi = eβXi (3)

Var(Yi|Xi,β) = λi + αλi (4)

where α is the overdispersion parameter. If α equals to 0, the Poisson regression model
should be used. When α is significantly greater than 0, the negative binomial regression
model should be applied.

After logarithmic transformation of Equation (3), we obtain Equation (5) as follows:

ln(λi) = βXi (5)

However, crime counts are overdispersed, and Poisson regression models lead to
underestimation of the standard error of coefficients [40]. The negative binomial regression
model solves the problem of modeling overdispersed data by adding a residual term to
the Poisson regression model in its log-transformed conditional expectation function, as
shown in Equation (5). The newly constructed function is shown as follows:

ln(λi) = βXi + εi (6)

where the random variable εi represents the unobservable part or the heterogeneity of
individuals in the conditional expectation function. The residual is assumed to follow the
gamma distribution, which reduces the miscalculation of the coefficient of explanatory
variables and greatly improves the fitting degree of overdispersed data [14,41,42].
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After considering the relationship between explanatory variables and the dependent
variable, the following three models were finally constructed:

Model 1 : ln(λi) = β0 + βN_home_basedXN_home_based + βcovariatesXcovariates + εi (7)

Model 2 : ln(λi) = β0 + βN_spatial–lagged_basedXN_spatial–lagged_based + βcovariatesXcovariates + εi (8)

Model 3 : ln(λi) = β0 + βN_flow_basedXN_flow_based + βcovariatesXcovariates + εi (9)

In Model 1 to 3, in terms of dependent variables, λi is the number of thefts. In terms
of independent variables, XN_home_based, XN_spatial–lagged_based, and XN_flow_based are home-
based offender count, spatial-lagged count, and flow-based offender count, respectively.
Xcovariates includes bus stops, subway stations, Internet bars, KTVs, cinemas, and the
proportion of the migrant population. In terms of coefficients, β0 is the constant term, and
βN_home_based, βN_spatial–lagged_based, βN_flow_based, and βcovariates are the coefficients for the
independent variables accordingly. The coefficients were estimated with the maximum
likelihood method.

Both unstandardized and standardized models can be useful. Unstandardized models
use original independent variables to build models and directly display the quantitative
relationship between independent variables and the dependent variable based on unstan-
dardized coefficients. Different from unstandardized models, standardized models use
independent variables that are standardized respectively to construct models. The stan-
dardized treatment makes the different independent variables have the same analysis scale
in the same model. In each standardized model, it could compare the importance of the
independent variables based on the standardized coefficients.

Since we need to verify which method of estimating the number of offenders can better
explain crime, Akaike Information Criterion (AIC) and Bayesian Information Criterion
(BIC) were used in this study [43,44]. Models with lower AIC and BIC usually have a
better goodness-of-fit.

3. Results
3.1. Descriptive Statistics of Variables

Table 2 shows the descriptive statistics of the dependent and independent variables
of a total of 2643 communities. As for the dependent variable, the average value of the
number of thefts is 36.392. However, the maximum number of thefts in communities is 956,
while there are also 153 communities with no cases. The variance of the dependent variable
(61.110) is much larger than its mean value, indicating that the crime data are overdispersed.

Table 2. Descriptive statistics of the variables.

Variables Mean Variance Min Max Coefficient of Variation

The number of thefts 36.392 61.110 0 929 0.215
The number of offenders estimated:
Home-based offender count (V1) 1.484 4.031 0 66 1.353
Spatial-lagged offender count (V2) 3.677 6.072 0 83.4 0.670
Flow-based offender count (V3) 35.348 66.65 0 1096.32 0.231
Bus stops 2.544 3.989 0 102 0.785
Subway stations 0.047 0.231 0 3 10.226
Internet bars 1.102 2.208 0 24 1.348
KTVs 0.515 1.329 0 16 2.238
Cinemas 0.199 0.777 0 10 4.430
Migrant population (%) 0.270 0.237 0 0.974 1.803

In terms of the number of offenders estimated, the average values of the home-based
offender count, spatial-lagged offender count, and flow-based offender count are 1.484,
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3.677, and 35.348, respectively, indicating that offender count estimated by the flow-based
method is higher than the other two methods. Additionally, the coefficient of variation is
the highest in home-based offender count (1.353).

In terms of the covariates, there are more bus stops and Internet bars than other POIs
in the communities. A community has an average of 2.544 bus stops, with a maximum of
102 bus stops. The average number of Internet bars is 1.102. The mean values for subway
stations, KTVs, and cinemas are less than 1, but their coefficients of variation are much
higher than those of bus stops and Internet bars. The average proportion of the migrant
population is 27%, with a minimum of 0% and a maximum 97.4%.

All independent variables are significant and positively correlate to the number of
thefts (Table 3). The flow-based offender count has the strongest correlation with crime,
followed by the spatial-lagged offender count and home-based offender count. Internet
bars and KTVs have the strongest correlation (0.506). A correlation coefficient less than 0.6
indicates that no serious multicollinearity problem exists in the model estimations [45,46].

Table 3. Correlation analysis of the variables.

Variables Theft (V1) (V2) (V3) Bus
Stops

Subway
Stations

Internet
Bars KTVs Cinemas Migrant

Population (%)

Theft 1
(V1) 0.626 *** 1

(V2) 0.672 *** 0.841 *** 1
(V3) 0.778 *** 0.854 *** 0.824 *** 1

Bus stops 0.584 *** 0.317 *** 0.374 *** 0.500 *** 1
Subway stations 0.205 *** 0.082 *** 0.087 *** 0.218 *** 0.170 *** 1

Internet bars 0.595 *** 0.363 *** 0.414 *** 0.444 *** 0.326 *** 0.123 *** 1
KTVs 0.517 *** 0.301 *** 0.343 *** 0.430 *** 0.304 *** 0.170 *** 0.506 *** 1

Cinemas 0.358 *** 0.121 *** 0.147 *** 0.277 *** 0.232 *** 0.270 *** 0.361 *** 0.390 *** 1
Migrant population (%) 0.395 *** 0.312 *** 0.410 *** 0.368 *** 0.336 *** 0.048 * 0.326 *** 0.218 *** 0.088 *** 1

Notes: * p < 0.05, ** p < 0.01, *** p < 0.001; (V1) represents the home-based offender count; (V2) refers to the
spatial-lagged offender count; and (V3) is the flow-based offender count.

3.2. Spatial Distribution of Crime and Estimated Offenders

Although the estimated offender count using three different methods is significantly corre-
lated with the number of thefts (Table 3), there are still differences in their spatial distribution.

Figure 2a shows the spatial distribution of thefts (the dependent variable) in ZG City,
with a trend of low–high–low from the central urban area to the suburbs. The communities
between the beltway and outer-ring expressway have the largest crime concentration.
There were also crimes in the periphery of the outer-ring expressway. Communities
within the inner-ring expressway, where the old towns are located, generally have fewer
crimes. Figure 2b–d show the spatial distribution of offenders estimated with different
methods (the independent variables). Figure 2b represents the spatial distribution of the
home-based offender count in 2018, with a large concentration area between the beltway
and outer expressway and another beyond the outer expressway. Figure 2c refers to the
spatial distribution of the spatial-lagged offender count, and Figure 2d reflects the spatial
distribution of the flow-based offender count. It is evident that the flow-based offender
count (Figure 2d) captures more of offenders’ daily activity places than the home-based
(Figure 2b) and spatial-lagged offender count methods (Figure 2c). Visual inspection also
shows that the flow-based offender count matches theft better than the other two counts.
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3.3. Results of Negative Binomial Regression Models

The likelihood ratio (LR) test shows that α is significantly not equal to zero (Table 4),
confirming the overdispersion of crime counts. Therefore, the choice of the negative bino-
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mial model is supported. Chi-square tests show that the Chibar2 value of the three models
is significant at 0.001, indicating that independent variables have a significant impact on the
dependent variable. According to extant studies, a variance inflation factor (VIF) of inde-
pendent variables lower than 10 indicates no obvious multicollinearity problem [10,14,45].
The maximum VIF values are less than 1.7 for all three models, thus alleviating the concern
of multicollinearity. In addition, the Moran’s I values of the residuals for the three groups
of models are equal to 0.000371, 0.000655, and 0.000908, respectively (p-value >0.05). Thus,
no extra spatial autocorrelation should be handled.

Table 4. Results from negative binomial regression models with different offender estimation methods.

Variables

Model 1 (Home-Based) Model 2 (Spatial-Lagged) Model 3 (Flow-Based)

Standardized Unstandardized Standardized Unstandardized Standardized Unstandardized

IRR coef. IRR coef. IRR coef. IRR coef. IRR coef. IRR coef.

Offenders 1.334 0.288 *** 1.074 0.072 *** 1.465 0.382 *** 1.065 0.063 *** 1.629 0.488 *** 1.007 0.007 ***
Bus stops 1.510 0.412 *** 1.109 0.103 *** 1.444 0.367 *** 1.096 0.092 *** 1.370 0.315 *** 1.082 0.079 ***

Subway stations 1.115 0.109 *** 1.603 0.472 *** 1.123 0.116 *** 1.655 0.504 *** 1.076 0.073 *** 1.372 0.316 ***
Internet bars 1.272 0.241 *** 1.115 0.109 *** 1.243 0.218 *** 1.104 0.099 *** 1.251 0.224 *** 1.107 0.101 ***

KTVs 1.129 0.121 *** 1.096 0.091 *** 1.117 0.111 *** 1.087 0.083 *** 1.098 0.094 *** 1.073 0.070 ***
Cinemas 1.109 0.103 *** 1.142 0.133 *** 1.106 0.100 *** 1.138 0.129 *** 1.078 0.076 *** 1.102 0.097 ***

Migrant population (%) 1.388 0.328 *** 3.993 1.385 *** 1.333 0.288 *** 3.372 1.215 *** 1.341 0.293 *** 3.452 1.239 ***

Chi-square 2062.47 *** 2158.94 *** 2186.48 ***
α 0.798 *** 0.767 *** 0.760 ***

Max VIF 1.59 1.60 1.67
AIC 21,874.7 21,778.3 21,750.7
BIC 21,927.7 21,831.2 21,803.7

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01.

Regarding the goodness of fit of the models, the flow-based offender count (Model 3)
performed the best, followed by the spatial-lagged offender count (Model 2) and then the
home-based offender count (Model 1). The standardized IRR value for the offender count
variable increases from 1.334 (Model 1) to 1.465 (Model 2) to 1.629 (Model 3). These results
confirm that the consideration of offender’s routine activities can help better explain crime.

The remaining independent variables have a significantly positive association with
theft. By examining the standardized IRRs, bus stops, the proportion of the migrant
population, and Internet bars have a stronger association than KTVs, subway stations, and
cinemas. This finding is consistent across the three models.

4. Discussion and Conclusions

The routine activity theory emphasizes the importance of offenders’, residents’, as
well as guardianships’ daily activities when analyzing crime. One assumption derived
from the theory is that residents may be targeted by offenders not only in their home area,
but also in their activity space. Similarly, offenders’ crime location choice should not be
limited to their home area but also to inside their activity space, which is shaped by their
daily activities.

Comparison of the AIC values among the three models shows a reduction of 96 from
a starting value of 21,874.7 for Model 1 (home-based) to 21,778.3 for Model 2 (spatial-
lagged), as well as a reduction of 28 from the starting value of 21,778.3 for Model 2 to
21,750.7 for Model 3 (flow-based). Since a greater reduction in AIC values indicates greater
improvement in model performance, the improvement from the home-based model to the
spatial-lagged model is greater than the improvement from the spatial-lagged model to the
flow-based model. This result could infer that most offenders travel to their neighboring
(spatial-lagged) areas more frequently than distant areas [15,30]. This is consistent with the
distance decay pattern observed in the journey-to-crime literature [12,47–50].

The superior explanatory power of the flow-based offender counts underscores the
importance of shifting the focus from offenders’ residential spaces to offenders’ activity
spaces. Although the offenders are most familiar with their home location, they may not
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commit crime too close to home. This is termed the buffer zone effect [51]. This may be
because the large number of acquaintances that act as informal controls in their living
community present higher risk to offenders [51,52]. The visiting offenders from other
communities do not face this problem. Such reduced risk can be an advantage of visiting
offenders over the resident offenders.

The number of offenders estimated with the spatial-lagged method performed poorer
than the flow-based method. It was stated earlier in the paper that 30% of thefts are commit-
ted by offenders who either live in the community or come from the immediate neighboring
communities. However, convenient transportation such as buses, BRT systems, and sub-
ways facilitate long-distance journeys for potential offenders. The spatial-lagged method
failed to capture such long-distance journeys, while the flow-based method captured all
journeys to crime.

Consistent with the existing studies, the covariates, including bus stops, subway
stations, Internet bars, KTVs, cinemas, and the proportion of the migrant population, all
show significant positive impact on theft. The consistency with the literature enhances the
validity of our research findings.

Although we verified that the flow-based offender count method outperformed the
other methods, there are still some limitations in this study. Firstly, this study only con-
sidered arrested offenders in the analysis, while non-arrested offenders are ignored. One
potential concern would be the representativeness of the arrested offenders. However, the
80–20 law states that most crimes are associated with a small number of offenders. The like-
lihood of repeat offenders being caught is very high. Therefore, the use of arrestee data can
be acceptable, as is the common practice in the literature. Almost all crime location choice
studies used arrested offenders when analyzing how offenders commit crimes. These
studies suggest that the results of the analysis based on arrested offenders are sufficiently
representative [15,53–55]. Secondly, individual differences between both residents and
offenders in the same community was not taken into account. Further studies calculating
residents’ and offenders’ flows could consider individual attributes such as age or gender.
Thirdly, while we expect that the flow-based method is applicable to all crime types in
which the journey-to-crime follows a distance decay pattern, its performance in relation
to other crime types needs further validation. Fourthly, we did not examine the temporal
pattern due to the sparsity of crime data. Future studies may consider flows linked to
different routines and movements at different times of the day and days of the week.

In sum, the innovative flow-based offender count captures the routine activities of
offenders. Compared to the traditional home-based offender count and the spatial-lagged
offender count, the flow-based offender count can better explain crime. This new flow-
based method is applicable to all cities, as long as intra-city flow data are available. This is
an important contribution to the literature and also has practical implications. The flow-
based method provides a viable way for the police department to predict the distribution
of offenders in space. Thus, being able to estimate the locations of offender activities adds a
new dimension for law enforcement agencies in the allocation of resources to areas with a
higher concentration of offenders.
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