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Abstract

:

With the rapid development of China’s economy, the demand for labor in the coastal cities continues to grow. Due to restrictions imposed by China’s household registration system, a large number of floating populations have subsequently appeared. The relationship between floating populations and crime, however, is not well understood. This paper investigates the impact of a floating population on residential burglary on a fine spatial scale. The floating population was divided into the floating population from other provinces (FPFOP) and the floating population from the same province as ZG city (FPFSP), because of the high heterogeneity. Univariate spatial patterns in residential burglary and the floating population in ZG were explored using Moran’s I and LISA (local indicators of spatial association) models. Furthermore, a geographically weighted Poisson regression model, which addressed the spatial effects in the data, was employed to explore the relationship between the floating population and residential burglary. The results revealed that the impact of the floating population on residential burglary is complex. The floating population from the same province did not have a significant impact on residential burglary in most parts of the city, while the floating population from other provinces had a significantly positive impact on residential burglary in most of the study areas and the magnitude of this impact varied across the study area.
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1. Introduction


The household registration system was established in China in the 1950s to facilitate population management. Each person is registered at their birthplace and the individual’s household registration status is also defined in terms of residence place. People can only live and work in the place where their household was registered before 1980. In the past four decades, with the rapid development of China’s economy since the reform and opening-up policies, the economic disparity between urban and rural areas has increased. In order to find better jobs and earn higher incomes, a large number of people have been pouring into the coastal cities from inland areas. However, the change of household registration from one place to another remains officially difficult. As a result, many people who work and live in a city do not have local household registration there; these people are said to comprise the floating population [1,2]. By 2015, official statistics reported that the floating population had grown to about 247 million, accounting for around 18 percent of the total Chinese population [3].



This floating population has become an essential part of urbanization process and plays an important role in contemporary China. It has therefore attracted significant research. Some studies have focused on the relationship between the floating population and disease spread [4,5,6]. Others have investigated determinants of the settlement intentions of floating populations [7,8,9,10]. The changing patterns in the floating population were also examined [11,12]. The large floating population also creates enormous challenges for social services and public security administration [13,14]. From a theoretical perspective, a concentration of the floating population in a certain place is likely to lead to physical and social disorder, which may increase the incidence of crimes such as residential burglary. This is discussed in more detail in the next section. At the same time, the crime rate has risen sharply in China over the period in question. The total number of crimes committed rose from 500 thousand in the early 1980s to nearly 7.2 million by the end of 2015 [15]. Therefore, the general public attributes this rise in crime to the floating population, but little empirical evidence has hitherto been produced to support this alleged relationship.



Though a few studies have been conducted on the relationship between floating population growth and crime in recent years, their results are inconclusive. Some scholars found that the crime rates increased with the growth of the floating population. Based on data published by the Administrator of Public Security, which showed a large proportion of offenders arrested by the police are part of the floating population, they concluded that the floating population has a positive impact on crime rates [13,14]. Other researchers, however, argued that these assertions are demonstrably biased [16]. The existing research has also focused on the overall crime rate, rather than separating crimes by type [17,18], and has tended to be based simply on questionnaires or field surveys, due to limited access to official crime data in China [19,20]. Recently, with increased data disclosure, researchers have begun to use more accurate data for crime analysis, such as crime data provided by the Public Security Bureau [21]. However, there remains inadequate geographic research focused on the spatial relationship between the floating population and crime.



In addition, the social integration of immigrants was proved to have an impact on crime [22,23]. Social exclusion will be reduced if immigrants are well integrated into the local community, which may improve the community’s safety. China has a vast territory, and people in different provinces vary greatly in culture, religion, linguistic backgrounds, and so on, while people from the same province tend to be similar in these respects. Therefore, the impact of the floating population from the same province might be different from that of the floating population from other provinces. It is therefore necessary to separate the floating population by origin. This research was carried out to fill the above-mentioned research shortfall by answering the following questions:




	(1)

	
Does concentration of the floating population lead to higher levels of crime?




	(2)

	
Do floating populations with different origins have different impacts on crime?




	(3)

	
Does the relationship between crime and the floating population vary, or is it consistent across the space?









This research contributes to the current literature in two respects. Firstly, the impact of the floating population on residential burglary was analyzed on a fine spatial scale, allowing us to investigate whether the effects vary across the space. Secondly, the floating population was divided into two categories: floating population from the same province and floating population from other provinces.




2. Theoretical Foundations of the Association between Floating Population and Crime


Whether a person has local household registration is important in China. For example, as many job opportunities are only available to local residents, most members of the floating population cannot find their ideal job. More often than not, the floating population is engaged in labor-intensive jobs with low wages. Furthermore, many aspects of social welfare and security are closely related to household registration, such as education, housing, and medical care—only people with local household registration can enjoy these rights. In addition to disadvantages in these respects, the floating population are far from the emotional stability of home, tend to have little money, and be frequently moving. Therefore, the impact of the floating population on crime rates can be explained by two criminology theories: social disorganization theory and routine activity theory.



According to the social disorganization theory, informal social control is important for a neighborhood to prevent crime, which includes controls on residential mobility, ethnic heterogeneity, and economic status [24]. The mobility of the floating population is higher than that of the local residents. A community with a large floating population will have many people moving in and out. It is difficult for people who have lived in such a community to know each other, which is very important for informal social control. In addition, people from different places speaking different dialects usually do not have a cohesive culture. The cultural heterogeneity among floating population will introduce fear and mistrust. Therefore, the floating population will have a greater impact on residential burglary offenses.



In the routine activity theory, crime is said to occur often in places where suitable targets and motivated offenders come together at the same time, without capable guardians [25]. The lack of guardianship may lead to occurrence of crime. The guardians could be divided into two categories: formal and informal. The formal guardians are police officers or security guards, while the informal ones include, for example, people walking on the street, or homeowners monitoring their houses [26]. According to this framework, the floating population would increase crime in different ways. For example, most of the floating population live in rental properties, so they do not want to spend as much time and money improving their homes as they might if they were homeowners.




3. Data and Method


3.1. Study Area


This study was carried out in a large metropolitan city on the southeastern coast of China. For confidentiality reasons, we will refer to it as ZG city. ZG has been the frontier of China’s economic reform since 1978. With the rapid development of industry and commerce, ZG city has attracted a large floating population. ZG has a total population of over 13 million, with a floating population almost 5 million in 2015, or 36.7% of the total population [27]. This makes it one of the five largest floating populations among Chinese cities. Along with rapid economic growth and this increase in floating population, the crime rate in ZG is rising sharply. Residential burglary is the largest crime type in ZG, as in country at large [27].




3.2. Data


3.2.1. Spatial Analysis Unit


Many different scales for spatial units have been used for crime analysis, such as census tracts and block groups. The police station is the most basic security management unit in China. Each police station has its own jurisdiction, called the Police Station Management Area (PSMA). Compared with census tracts or other spatial units, PSMAs are superior insofar as they are more easily integrated with crime prevention and control. Therefore, PSMA was selected as the spatial unit for analysis in this study. There are 226 PSMAs in ZG city, but eleven of them were excluded from further analysis because they cover tourist areas with no residents living in them. These excluded PSMAs are located on the periphery of the city and therefore do not have much impact on the analysis. The area covered by each PSMA varies from 0.5 km2 to 463.5 km2.




3.2.2. Crime Data


The residential burglary data from 2013 to 2015 were obtained from ZG Municipal Public Security Bureau. Three years of data were used to mitigate fluctuations in burglary rates between years. A total of 150,113 cases were recorded during the study period. All the incidents were aggregated by PSMA. The burglary count in each PSMA varied from 9 to 3547.




3.2.3. Floating Population Data


The focus of this research was to investigate the impact of floating population on residential burglary. In the census data, the floating population was divided into two categories on the basis of origin. The first is comprised of members of the floating population from other provinces (FPFOP) and the other from members from the same province (FPFSP). The spatial distributions of each floating population are presented in Figure 1.




3.2.4. Control Variables


Previous studies have proved an association between neighborhood socio-demographic characteristics and burglary [28,29,30]. Therefore, we had to inevitably account for these characteristics when analyzing a possible linkage between burglary and floating population. Four variables were incorporated in this study, according to the above-mentioned criminology theories and literature, including total number of housing units, bus stop density, population density, and housing area.



Bus stop density was considered as a proxy for transit accessibility and was calculated as the number of bus stops divided by the neighborhood area. According to the environmental criminology theory, increased convenience of public transportation leads to more human activity, thus enhancing informal surveillance and reducing crime [31].



Population density was estimated by dividing the total number of residents in a neighborhood by its area. From the routine activity theory perspective, higher population density means more street monitors to reduce residential crime, as has been confirmed by some studies [32]. Other researchers, however, have found a positive association between residential crime and population density [33,34].



The greater the number of housing units, the more burglary targets available. Some research has confirmed that areas with larger numbers of housing units are likely to have more residential offenses [35,36]. To measure the attractiveness of a particular target (housing unit), area of the unit was used as a metric; theoretically, larger households are more attractive to potential offenders. The percentage of housing units equal to or greater than 120 m2 in area was used as an explanatory variable. Figure 2 presents the conceptual framework of our model development.





3.3. Statistical Model Design


LISA (local indicators of spatial association) is a local statistical method proposed by Anselin [37]. This method can indicate hot or cold spots by mapping the locations of spatial autocorrelation and has been used in many areas, including disease analysis [38,39], traffic crash analysis [40,41], and crime analysis [42,43,44]. Therefore, we employed the LISA model to identify crime hot spots in this research.



According to the First Law of Geography, everything is related to everything else, but near things are more related to one another [45]. Due to an uneven distribution of the factors which influence burglary, such as population dynamics and income inequity, burglary is spatially concentrated. Traditional crime analysis approaches such as the negative binominal model (NB) do not account for spatial autocorrelation in spatial data such as crime data. Neglect of spatial dependence leads to bias in statistical result and incorrect inferences [46]. Spatial eigenvector filtering regression models have been introduced to address spatial autocorrelation issues in crime analysis [47].



Both the NB model and the spatial eigenvector filtering regression models belong to the global model. The relationship between dependent and explanatory variables is assumed to be constant across the study area in these models. However, this may not be true: The impact of explanatory variables on residential burglary might not be stationary across the area. The spatial variation of this relationship is referred as spatial heterogeneity [48]. For example, Zhang and McCord found that the relationship between foreclosures and residential burglary varies over space [36]. Geographically weighted regression (GWR) is a modeling technique proposed by Fotheringham et al. [49] which allows some or all regression parameters to vary spatially, and can be used to address this issue. Recent studies have demonstrated the applicability of the GWR model to the varying relationship between crime and related factors [50,51,52,53]. Geographically weighted Poisson regression (GWPR) is an extension of GWR for count data which takes the following form:


     Y  i  ~ Poisson  (   λ i   )    



(1)






   ln  (   λ i   )  =  β 0   (   u i  ,  v i   )  +  β 1   (   u i  ,  v i   )  ln  (    POP  i   )  +   ∑   k = 2  p   β k   (   u i  ,  v i   )   X  ik     



(2)




where, for the ith PSMA,      Y  i     is the total number of residential burglaries,     λ i     is the expected number of incidents,     (   u i  ,  v i   )     is the centroid,      POP  i     is the residential population, and the     β k   (   u i  ,  v i   )     are the regression coefficients.     β k   (   u i  ,  v i   )     is estimated by observations in surrounding PSMAs, the magnitude of the impact on ith PSMA is determined by the distance between the surrounding PSMAs and the focal PSMA. In this study, the bi-square kernel density function was employed as the spatial weight scheme:


     w   ij   =  {         (  1 −    (     d  ij      b i     )   2   )   2    if    d  ij   <  b i        0   otherwise         



(3)




where     d  ij      is the distance between the   i  th and   j  th PSMA and     b i     is the bandwidth selected using the AIC criterion.





4. Results


The distributions of residential burglary and floating population in space are not uniform (Figure 1 and Figure 3). Both are concentrated in the suburban areas in the north and south of ZG city. These spatial patterns indicate that PSMAs with greater floating population tend to have more burglaries, especially when considering floating population from other provinces. The descriptive statistics of the variables used in this study are presented in Table 1. The large ranges between the maximum and the minimum values demonstrate the uneven distribution of residential burglaries and floating population.



4.1. Results of Spatial Analysis


The spatial patterns of burglary and related factors were examined by Moran’s I test and the local indicator spatial association (LISA) test. The results of Moran’s I test for residential burglaries and floating population from other provinces (Moran’s I value is 0.425 and 0.452, and p-value is 0.000 and 0.000 respectively) indicate that burglary and FPFOP are significantly positively correlated in ZG.



Furthermore, the LISA test was employed to identify the local clusters, as in previous studies [47,48]. Four main clusters of residential burglary were identified and presented in Figure 4. Two of them are hot spots (High-High) and the other two are cold spots (Low-Low). The hot spots are located in the northern and southern fringes of the city center, where a large number of burglaries in a given neighborhood are accompanied by large number of burglaries in nearby neighborhoods. One cold spot is located in the center of the city and the other is located in the outer suburbs in northern part of the city.



In order to avoid multicollinearity in further regression analysis, the bivariate correlations between explanatory variables were tested and the results are presented in Table 2. All the correlation coefficients are below 0.7, which indicates that there are no strong correlations between independent variables. The variance inflation factor (VIF) values were also investigated and results showed that the VIF value varies from 1.426 to 3.077 (VIF value less than 5 is considered acceptable), which indicates that the multicollinearity is not a problem in this study. The population density, bus stop density, household unit, floating population from the same province, and floating population from other provinces showed a positive impact on residential burglary, while housing area was negatively correlated with residential burglary.




4.2. Regression Analysis Results


The global model (a negative binominal model) was estimated to first explore the relationship between floating population and residential burglary. The second column in Table 3 presents the results of the NB model, including the regression coefficients and metrics for goodness of model fit. The negative binominal (NB) model explained 72% of the variance in residential burglary. The sign of the regression coefficients showed an intuitive relationship between floating population and residential burglary. The floating population from other provinces (FPFOP) has a significantly positive impact on residential burglary. The floating population from the same province (FPFSP) has a positive influence but it is not statistically significant. Among the four control variables used in this study, the housing area and bus stop density are statistically and positively significant. The increase of population density is significantly associated with a decrease in burglary. The Moran’s I for the NB model residual is 0.234 (p = 0.000), which indicates that spatial autocorrelation exists in the model, and therefore a spatial model should be employed. We conducted further analysis using the GWPR model.



The results of the GWPR model are listed in the third column of Table 3. The performances of the above two models were compared using mean absolute deviance (MAD) and     R d 2    .     R d 2     is the non-linear counterpart of     R 2     in ordinary least squares (OLS), and was proposed by Carmeron and Windmeijer [54] for evaluating model fit. The decrease in MAD from 259.339 (for NB) to 145.273 (for GWPR) suggests an improvement of model fit for the spatial models. The increase in     R d 2     from 0.721 (for NB) to 0.907 (for GWPR) also indicates an improvement. Figure 5 plots the residual value of the two models, and reveals that the residual value is reduced for almost all the PSMAs. More importantly, Moran’s I test for the residual of GWPR is insignificant, which confirms the spatial dependence was mitigated, or even eliminated, by the spatial model.



It is important to identify whether a coefficient is local or global when using the GWR approach. Fotheringham et al. [49] proposed a method to test the degree of spatial non-stationarity within a relationship. Firstly, the ranges of the local coefficients are estimated with a confidence interval around the global estimate of the equivalent parameter. Then the range of values of the local coefficients between the lower and upper quartiles is compared with the range of values at ±1 standard deviations of the global coefficients. If the range of the former is greater than the latter, the relationship might be non-stationary. As presented in Table 4, the local variation in FPFSP and households with housing area equal to or greater than 120 m2 do not show obvious spatial non-stationarity, whereas the other explanatory variables do. A further investigation was carried out to examine the significance of the spatial variability in the local coefficient estimate using the chi-squared test. As Nakaya [55] stated, a positive “DIFF of Criterion” indicates that there is no spatial variability in the relationship. The results of the chi-squared test are presented in Table 5 and it is revealed that all variables are significantly spatial non-stationary.



The local coefficients for FPFOP are positive in all of the PSMAs but the intensity of the relationship is not constant across the space. The distribution of coefficients for FPFOP over all PSMAs is presented in Figure 6a. The coefficient values range from 0.007 to 0.065. All the coefficients are positive, suggesting that the FPFOP has a positive impact on the number of residential burglaries in a given PSMA. The local t-statistics for the coefficients are also estimated to evaluate their significance. As shown in Figure 6b, all the coefficients for FPFOP are significant using a 95% confidence level. The PSMAs demonstrating a positive and strong impact of FPFOP on residential burglary are located in the center of the city. The effect of the FPFOP on residential burglary in these areas is higher than in other PSMAs, which means that appropriate strategies related to the FPFOP should be carried out to enhance community safety.



The distribution map for coefficients for FPFSP illustrate that FPFSP has a positive impact on residential burglary in the south, east, and southeast of the city (Figure 7a), which accounts for only 37 percent of the total PSMAs. Figure 7b presents the results of the local t-statistics for FPFSP. Of the PSMAs where FPFSP has a positive relationship with residential burglary, 60 percent are significant at a 95% confidence level.



The local coefficients for bus stop density in most parts of the study area are significantly positive. Similar findings have been reported in previous studies [52,56]. As Figure 8a shows, the PSMAs where bus stop density has stronger effects on residential burglary are located in the northern and southern outer suburbs of the city. PSMAs where the relationship between bus stop density and residential burglary are weaker and positive lie in the center of the city. Public transport is the main mode of transportation for urban residents in China. In the suburbs of the city, offenders usually travel by public transport, whether arriving at or leaving the crime scene. Public buses are the primary mode of public transit in ZG, especially in the suburbs. However, in the city center, there are other means of transportation available, such as the subway or bicycles. It is therefore not surprising that bus stop density has greater impact in the outer suburbs than in the city center.



Across the studied area, about 72 percent of the PSMAs suggest a negative relationship between population density and residential burglary, which means that an increase in population is expected to result in decreased residential burglary. This finding has been reported in some studies [57,58]. According to the routine activity theory, residents lived in a community can be regarded as informal security, which reduces crime. It should be noted that population density has positive impact in a few PSMAs in the west of the city (Figure 9). In less populated areas, it is easier for criminals to choose an appropriate target in more densely populated subareas [59].





5. Discussion


The primary goal of this study was to examine the impact of the floating population size on residential burglary numbers. The floating population was classified into two categories: Floating population from other provinces (FPFOP) and floating population from the same province as the study area (FPFSP). Two models were used to model the relationship between the floating population and residential burglary. The results revealed that the GWPR model fits the data better by addressing its spatial heterogeneity. Both the FPFSP and the FPFOP have a significant impact on residential burglary numbers, but there are differences in these effects.



Firstly, the FPFOP has an absolutely positive impact on residential burglary across the study area, while the sign of the coefficients for FPFSP varies from negative to positive. The influences of FPFOP in all the PSMAs are significant but only a few PSMAs show a significant influence of FPFSP. The proportion of people from the same province with relatives and friends in ZG will be much higher for those from other provinces, due to geography relations. Therefore, the FPFSP has more social connections than the FPFOP, which makes it easier, for example, for its members to find employment. Furthermore, elements of the FPFSP usually come to ZG with their family and this is likely to help them build social networks and integrate into the local community quicker. By comparison, members of the FPFOP do not have the same cultural background as people in ZG, including language and religion, which allows fear and mistrust to arise. As a result, the social order of the area dominated by the FPFOP becomes segmented, providing the heterogeneity studied in the theory of social disorganization. The negative impact of heterogeneity on crime is confirmed by several previous studies [60,61,62].



Secondly, the spatial patterns of the impacts of the FPFSP and FPFOP on residential burglary are different. The FPFOP has a greater impact on residential burglary south of the urban center, while the impact of the FPFSP on residential burglary is greater in the south and east of the city. This may be explained by differences in the occupations these populations engage in. The FPFOP is mainly engaged in low-end manufacturing, and the largest textile trade market in Asia is located in the south of the city, with a large number of factories related to the textile industry. The FPFSP, however, is mainly engaged in business, service, and housekeeping, which require greater communication skills—the greater similarity to the local language and culture providing the FPFSP with such an advantage. The traditional city center is located in the east of the city, where many local residents live, and there is a corresponding demand for such workers.



In addition to the above differences, there are similarities in the impact of the floating population on residential burglary rates. High mobility is a key feature of the floating population, regardless of origin. There are two meanings of the term “floating”. One is that they move from rural to urban, and the other is they do not stay in the same place for a long time due to lack of job opportunities. They may work in a different PSMA in ZG with each passing month. Prior researchers have found that higher mobility leads to more crime [63,64]. High heterogeneity and mobility among the floating population make it difficult for them to form strong social networks with one other. Without effective informal social control, the floating population is more likely to commit crimes [65,66].



The inequality derived from the social system is another cause of the floating population committing crime in greater numbers [67,68,69]. The floating population move from the countryside to the city to pursue a higher quality of life, and when they come to the city, they are aware of their disadvantages relative to the local residents. Though they believe they deserve the same treatment as the city dwellers, this is currently difficult to achieve through legitimate means. The floating population may therefore resort to illegal means to achieve their goal.



Broken window theory can also explain the relationship between floating population and crime. In order to save money and reduce commuting time, most of the floating population live in suburban areas with excessive litter, graffiti-covered walls, and other physical signs of disorder. According to theory, this physical disorder will inspire potential offenders to commit crimes. For the residents living in these areas, the physical disorder is an indication that the government cannot control the social order efficiently. This attitude will increase their fear and eventually weaken informal forms social control [70].




6. Conclusions


This study investigated the relationship between the floating population and residential burglary, using crime data from ZG, China. Two models, a negative binominal model and a Geographically Weighted Poisson Regression model, were employed to examine the relationship between floating population and residential burglary, while controlling for some other neighborhood characteristics. It is generally believed that the floating population has a significant positive impact on crime in China, while the reality is more complex. Results from this research reveal that the floating population from other provinces has a significantly positive impact on residential burglary, while the impact of floating population from the same province on burglary varies across the city.



The findings from this study deepen our understanding of the spatially-varying relationship between floating population and residential burglary. The findings can also justify aforementioned theories, including the social disorganization, routine activity, and broken window theories. In addition, this research shows that the spatial effect should be considered as a factor related to crime. Furthermore, the findings of this research have implications for local law enforcement departments. Appropriate policies should be proposed to mitigate crime, according to these relationships between the floating population and residential burglaries. For example, measures should be taken to help the floating population integrate into the local society easily. Corresponding measures should also be taken according to the origin of the floating population.



Although this research seems to explain the relationship between the floating population and residential burglary well, there are still some limitations. Firstly, the model estimated in ZG could not transfer to another city directly since the GWPR model produced a series of local coefficients for each PSMA. Secondly, research based on spatial units would be subjected to the modifiable areal unit problem (MAUP). The size of the research units might have had a significant impact on the results. Limited by the availability of data, this study employed PSMA as the research unit. A sensitivity analysis should be carried out related to the MAUP in the future. Thirdly, the time lag effect between the floating population and residential burglary was not incorporated in this research, which should be considered for future study. Lastly, this research was conducted in a single city of a developing country, which may limit the applicability of its findings. The relationship between floating population and residential burglary may vary among different cities or countries. Future study should pay more attention to the impact of floating population on burglary, or other types of crime, in different countries and cities.
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Figure 1. Distribution of floating population. 
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Figure 2. Conceptual framework of model development. 
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Figure 3. Distribution of residential burglary in 2013–2015. 
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Figure 4. LISA clusters of residential burglary. 
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Figure 5. Distribution of model residual. 
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Figure 6. Distribution for local regression coefficients and t-statistics of FPFOP. 
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Figure 7. Distribution for local regression coefficients and t-statistics of FPFSP. 
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Figure 8. Distribution for local regression coefficients and t-statistics of bus stop density. 
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Figure 9. Distribution for local regression coefficients and t-statistics of population density. 
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Table 1. Descriptive statistics of all variables in this study (Number of observations = 215).
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	Variable
	Min
	Max
	Mean
	Standard Deviation





	Burglary (count)
	9
	3547
	698.2
	668.17



	FPFSP (%)
	0.42
	46.96
	12.31
	8.608



	FPFOP (%)
	0.462
	73.617
	21.695
	15.795



	Household with house area equal to or greater than 120 m2 (%)
	0
	72.3
	21.865
	16.502



	Bus stop density
	0
	18.71
	4.343
	4.128



	House hold unit (thousands)
	1.206
	77.882
	20.013
	13.089



	Population density (%)
	0.041
	82.581
	14.26
	18.82
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Table 2. Bivariate correlation coefficient for explanatory variables.
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	Variable
	Burglary
	Population Density
	Housing Area
	Bus Stop Density
	FPFSP
	FPFOP
	Household Unit





	Burglary
	1
	
	
	
	
	
	



	Population density
	0.272 **
	1
	
	
	
	
	



	Household with housing area equal to or greater than 120 m2
	−0.165 *
	−0.650 **
	1
	
	
	
	



	Bus stop density
	0.317 **
	0.621 **
	−0.579 **
	1
	
	
	



	FPFSP
	0.449 **
	0.248 **
	−0.439 **
	0.263 **
	1
	
	



	FPFOP
	0.569 **
	−0.079
	−0.108
	−0.032
	0.535 **
	1
	



	Household unit
	0.681 **
	0.491 **
	−0.434 **
	0.434 **
	0.412 **
	0.263 **
	1







Note: ** Parameters are significant at 0.01 confidence level. * Parameters are significant at 0.05 confidence level.
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Table 3. Results of regression models.
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Variable

	
NB (Standard Error)

	
GWPR




	
Mean

	
Min

	
Lwr

	
Med

	
Upr

	
Max






	
Intercept

	
−5.633 (0.167)

	
−4.949

	
–6.301

	
–5.345

	
–4.873

	
–4.505

	
–3.671




	
FPFSP

	
0.004 (0.006)

	
−0.007

	
–0.069

	
–0.019

	
–0.004

	
0.004

	
0.039




	
FPFOP

	
0.025 ** (0.003)

	
0.025

	
0.007

	
0.016

	
0.022

	
0.032

	
0.065




	
Bus stop density

	
0.087 ** (0.014)

	
0.069

	
–0.068

	
0.015

	
0.047

	
0.11

	
0.298




	
Household unit

	
−0.001 (0.003)

	
−0.003

	
–0.02

	
–0.012

	
–0.003

	
0.005

	
0.022




	
Household with house area equal to or greater than 120 m2

	
0.013 ** (0.003)

	
−0.008

	
–0.05

	
–0.025

	
–0.003

	
0.007

	
0.021




	
Population density

	
−0.008 * (0.003)

	
−0.012

	
–0.099

	
–0.029

	
–0.009

	
0

	
0.079




	
MAD (Mean absolute deviance)

	
259.339

	
145.273




	
Rd2

	
0.721

	
0.907




	
Moran’s I of residual

	
0.234 **

	
−0.031








Note: * Parameters are significant at 0.05 confidence level. ** Parameters are significant at 0.01 confidence level.
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Table 4. Results of testing spatial non-stationarity.
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	Variable
	Lwr
	Global − 1SD
	Global + 1SD
	Upr





	FPFSP
	−0.019
	−0.002
	0.01
	0.004



	FPFOP
	0.016
	0.021
	0.028
	0.032



	Bus stop density
	0.015
	0.073
	0.101
	0.11



	Housing unit
	−0.012
	−0.005
	0.002
	0.005



	Household with house area equal to or greater than 120 m2
	−0.025
	0.01
	0.016
	0.007



	Population density
	−0.029
	−0.011
	−0.005
	0
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Table 5. Results of geographical variability testing of local coefficients using Chi-Square test.
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	Variable
	Diff of Deviance
	Diff of DOF
	DIFF of Criterion





	FPFSP
	1476.006
	7.38
	−1448.904



	FPFOP
	1915.145
	6.678
	−1890.516



	Bus stop density
	984.094
	5.875
	−962.317



	Housing unit
	2189.781
	7.158
	−2163.458



	Household with house area equal to or greater than 120 m2
	1987.914
	7.748
	−1959.526



	Population density
	1862.125
	5.558
	−1841.483
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