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Abstract

Identifying the environmental and social factors that influence crime is crucial for effective
crime prevention and for building safer cities. Boundary areas are often neglected, despite
being hotspots for criminal activity. However, previous studies have primarily focused on
physical boundaries, with insufficient attention paid to social boundaries shaped by factors
such as population composition and socioeconomic disparities. Additionally, existing re-
search methods remain limited in scope, with models that struggle to capture the nonlinear
and complex nature of these relationships. This study proposes a comprehensive approach
by measuring both multidimensional physical and social boundaries within urban environ-
ments. Using machine learning models, we present three main findings: urban boundaries
are strong predictors of crime; boundary variables show stronger correlations with crime
than intra-area variables; and both social and physical boundaries warrant equal attention.
These findings suggest that governments should enhance problem-oriented policing at
boundary hotspots in urban boundary areas while also promoting social integration to
address the root causes of crime.

Keywords: urban boundaries; theft; spatial inequality; crime prediction

1. Introduction
In the context of rapid urbanization, crime reduction has become a core objective for

achieving safe, stable, and sustainable urban governance. Existing studies have shown that
criminal behavior is rarely randomly distributed. Instead, it is often closely associated with
specific urban environments [1]. Therefore, identifying spatial environments that are more
prone to crime is crucial for optimizing police deployment and enhancing urban safety [2].
In this regard, urban boundaries have been recognized as spatial zones where crime is
more likely to occur [3,4]. These boundaries can be broadly categorized into physical
boundaries and social boundaries. Physical boundaries refer to areas where there is a
significant transformation in the built environment, such as highways, rivers, and railways.
These areas often suffer from poor visibility, limited surveillance, and unstable pedestrian
flows, which in turn increase anonymity and the opportunity for criminal activity [5]. Social
boundaries stem from divisions between social groups, such as stark income disparities or
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ethnic segregation, that create intangible lines of separation. These divisions often result in
low levels of social cohesion, which may trigger latent conflict and weaken informal social
control over criminal behavior [3,4].

While the relationship between physical boundaries and crime has been relatively well-
documented, research on social boundaries has primarily focused on racial boundaries, with
limited attention given to how multidimensional social boundaries may influence crime
patterns. For instance, previous studies have shown that areas near physical boundaries,
such as highways, rivers, and park boundaries, tend to exhibit significantly higher crime
rates compared to other urban areas, and may even become spatial hubs for illicit markets
such as drug trafficking [6–8]. In comparison, studies on social boundaries have largely
identified divides based on race or home values, finding elevated rates of violent and
property crimes in these areas [3,4]. However, these studies often adopt a narrow definition
of “social boundaries,” overlooking the broader and more nuanced conceptualizations
emphasized in sociological perspectives.

Lamont & Molnár conceptualize social boundaries as the objectified forms of social
differences, manifested through the unequal distribution of resources and opportunities [9].
Boundary intensity reflects the degree of spatial inequality in four types of social bound-
aries, often characterized by the measurable differences in social attributes (such as race)
between the two sides of the boundary [3]. Beyond race, factors such as social class, educa-
tion, employment, and knowledge structures can also constitute social boundaries. These
structural differences often result in sharp discontinuities between communities in terms of
residential conditions, economic resources, and social capital, ultimately contributing to
spatial social segregation [4], which may, in turn, create conditions conducive to crime. This
issue is particularly salient in Global South cities, where urban areas face more complex
social structures and governance challenges. Compared to racial divisions, socioeconomic
inequalities such as income disparities, differences in educational attainment, and property
values are more pronounced. Therefore, broadening the conceptualization of social bound-
aries beyond racial boundaries and employing boundary strength to quantify the degree
of this inequality can help generate more generalizable conclusions and enhance both the
explanatory power of theory and the applicability of policy recommendations.

Moreover, existing research also faces certain methodological limitations. Most current
empirical studies rely on traditional statistical approaches, such as distance decay models
and negative binomial regression. For example, Brantingham et al. identified gang territory
boundaries through spatial features and employed Lotka–Volterra competition model to
reveal the spatial patterns of violent crime [10]. Similarly, Song et al. constructed buffer
zones around actual boundaries to examine whether crime becomes more concentrated
near highways and land-use boundaries. However, traditional regression methods often
struggle to capture the potential non-linearities and complex interaction effects that may
exist between boundary-related variables and crime outcomes [8,11].

Previous studies have shown that the relationships between various environmental
and social factors and crime are often complex and non-linear. As such, models capable
of capturing such complexities may be more suitable for investigating the relationship
between urban boundaries and crime. For instance, Kim and Lee found that the effects
of built environment and street network variables on crime vary in both direction and
magnitude across different value ranges [12]. Similarly, the relationship between home
value and crime rates does not follow a simple linear pattern but may shift across phases
of facilitation, suppression, or neutrality. Buonanno and Leonida further argued that
education influences criminal behavior through mechanisms such as social cognition and
opportunity costs, resulting in a more intricate relationship between the two [13]. Moreover,
Kim and Hipp identified collinearity and interaction effects between boundary variables
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and the internal characteristics of the areas they demarcate, which leads to challenges
that traditional regression models often fail to address [3]. Given the non-linearity and
coupling inherent in such problem structures, machine learning (ML) models, which
do not require predefined assumptions about variable relationships, offer a significant
advantage. Algorithms such as K-Nearest Neighbors (KNN), Decision Tree (DT), Random
Forest (RF), and Adaboosted Decision Tree (AdaBoost-DT) are particularly effective in
capturing non-linear associations and complex feature interactions through distance-based
classification, hierarchical partitioning, and ensemble learning mechanisms [14]. Their
ability to automatically detect non-linear patterns and high-order interactions makes them
particularly well-suited to modeling the complex interplay of urban spatial structures and
social dynamics [12,15,16]. Therefore, ML provides valuable methodological expansion
and theoretical advancement for exploring the links between urban boundaries and crime.

In summary, existing research reveals two major gaps: (1) The measurement of social
boundaries remains overly narrow, lacking a systematic integration and spatial represen-
tation of multidimensional social disparities such as income, home value, education, and
employment. This limits the ability to capture the complex mechanisms of social segrega-
tion within cities. (2) The methodological approaches employed are largely conventional
and limited in scope, making it difficult to detect potential non-linear relationships between
variables and to address collinearity between boundary and internal variables. These
limitations constrain a deeper understanding of the relationship between urban boundaries
and crime, as well as the identification of underlying mechanisms.

To address the aforementioned research gaps, this study utilizes open-access high
precision data to systematically construct a set of multidimensional social boundary indica-
tors, including GDP, home value, salary, and education level, alongside physical boundary
indicators, in order to comprehensively characterize urban boundaries within cities. By in-
corporating a range of ML models, the study investigates three key questions: (1) Are urban
boundaries effective crime predictors? (2) Are boundary areas more prone to crime than
interior zones? Based on the above theories, it is hypothesized that boundary areas tend
to exhibit higher theft risks due to weaker social cohesion and greater spatial anonymity.
(3) Which has a greater impact on crime, physical boundaries or social boundaries? The anal-
ysis focuses on theft, one of the most common types of urban crime, given its extensive data
availability, broad spatial distribution, and significant socioeconomic consequences [17,18].
This study not only contributes to the theoretical development of boundary concepts in
urban crime research but also provides empirical evidence and methodological tools to
support targeted crime prevention and urban spatial planning.

2. Data and Methods
Figure 1 concludes the whole flow of this study. This study first calculates the intensity

of social and physical boundaries as independent variables, incorporating their internal
characteristics and common predictors of theft as control variables. Machine learning
models are then applied to analyze the impact of different boundary intensities on theft,
using feature importance to interpret their relative influence.
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Figure 1. Research flowchart.

2.1. Study Area

As shown in Figure 2, the study area is the central urban area of Guangzhou, China,
with an area of 350 km2, and a population of 10.3 million. It comprises 4 districts,
79 subdistricts. With a developed economy, concentrated population, and relatively high
crime rates, this area is a representative area of crime-related research [19,20].

Figure 2. Study area and crime locations.

The study unit of this article is a spatial grid with a 100 m × 100 m resolution. Grids
with this resolution are more spatially accurate and homogeneous in size and shape. They
can be adapted to most types of open-source data and make the results of measurements
better for high-precision crime prediction [12,21]. In this research, grids over 50% covered
by water, forest, or mountain were excluded as the probability of crime is negligible due to
lack of human activity. The final analysis included 35,196 grids in total.

2.2. Data
2.2.1. Dependent Variable

The dependent variable in this research is the number of thefts in a 100 m × 100 m
grid. Theft data were assembled from first-instance judgements issued between 2019 and
2021, which were available on China Judgements Online (https://wenshu.court.gov.cn/,
accessed on 1 May 2023). When obtaining the exact geo-location of each observation,
duplicate items (i.e., stealing multiple items at once) were excluded. Crimes on public
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transport were excluded only when judgements did not provide specific station or stop
information, but instead described the location generically as “on metro line 3” or “on bus
route 15”. Because such descriptions refer to entire routes that extend for many kilometers,
they cannot be reliably geocoded to a single grid cell, whereas incidents with explicit station
names were retained in the dataset. In this study, crime counts are coded as 0, 1, 2, 3, 4,
or 5, indicating that within each 100 m × 100 m grid there were 0, 1, 2, 3, 4, or at least
5 crimes, respectively. In other words, any grid with a count of 5 or more is recorded as
5, to avoid very sparse categories that the model would struggle to predict reliably. To
validate the representativeness of judicial records for mapping theft hotspots, we conducted
a qualitative comparison with police call out data. Given the confidential nature of police
call out data, which are not publicly disclosed, we relied on an hotspot map generated from
police call out records by the Guangzhou Municipal Public Security Bureau in existing
literature [22]. This map covers Haizhu District within our study area, and a qualitative
comparison shows that the spatial pattern of theft hotspots based on first instance judicial
records during 2019 to 2021 closely matches the hotspots identified from police call outs,
particularly around major commercial and transport hubs. This comparison, presented in
Supplementary Figure S1, supports the validity of using judicial records to represent the
spatial distribution of theft hotspots.

2.2.2. Social Boundaries

The independent variable in this study is boundary intensity, which includes both
social and physical boundaries. Among them, social boundary intensity reflects the degree
of spatial inequality in four types of social boundaries: economy, housing, occupation,
and knowledge. In this study, the data of these social characteristics are collected and
statistically analyzed within the grid, and the boundary intensity is defined by calculating
the size of the numerical difference in social characteristics between adjacent grids, which
can reflect the degree of spatial inequality on both sides of the boundary.

This study collects multi-source big data to quantify social characteristics. First, a
GDP grid dataset based on grid-level decomposition of multivariate data predictions with
1000 m accuracy in 2020 [23] was used to measure the economic level. Second, Anjuke
(https://guangzhou.anjuke.com/, accessed on 1 May 2023), a popular real estate trading
platform in China, was used to obtain home listing prices for 31,297 data points in May of
each year from 2019 through 2021 to measure area home value. Last, the job posting data
on the recruiting website 58 Tongcheng (https://www.58.com/job/, accessed on 1 May
2023) from February to March 2023 was collected. The minimum educational requirement
of a job was utilized to measure the workforce’s education level, while the minimum salary
was employed to indicate the salary level.

To standardize the measurement of social boundary intensity and assign values to a
100 m × 100 m grid, ensuring consistency with the unit of analysis used for the dependent
variable, this study adopts a four-step measurement approach based on Kim and Hipp [3],
as outlined below:

Step 1 Calculate the exact value of social characteristics. Since social boundaries
are tend to appear between communities and neighborhoods, and in the construction of
community groups in China, the size of the scale of a community group and its influence
sphere is consistent with a 500 m × 500 m grid [24]. Therefore, this study summarizes
the source data onto a 500 m × 500 m grid for statistical analysis. Since the GDP data is a
1000 m × 1000 m grid data, the GDP values within the 500 m × 500 m grid are obtained
by dividing the values into four equal parts. The point data of housing, occupation and
knowledge are aggregated to the 500 m × 500 m grid to calculate the average values of
home value, salary and education level.
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Step 2 Calculate the regional spatial differences in social characteristics to obtain the
boundary intensity. To avoid scale effects arising from dimensional differences between
indicators, all precise numerical values of social characteristics were standardized and
converted into z-scores. Subsequently, boundary intensity was calculated, defined as the
difference between the two sides of the divider of 500 × 500 m grids. The calculation
formula is as follows:

Di =|Xim − Xin| (1)

where Di represents the difference across the divider i of grids im and in and Xim (see
Figure 3) and Xin refer to the standardized values of the given social characteristic of the
grid im and in on two sides of divider i, respectively.

Figure 3. The schematic diagram of ‘divider i’.

Step 3 The boundary intensity calculated in the 500 m × 500 m grids is directly
assigned to the corresponding 100 m × 100 m grid it covers in order to integrate the
physical boundary, the social boundary, and the number of crimes at the same scale. The
100 m × 100 m grids are strictly nested within the 500 m × 500 m grids (each 500 m grid
consists of 5 × 5 sub-cells). Therefore, the boundary intensity of each 500 m divider was
directly assigned to the corresponding 100 m cells it covers, without additional length-
based weighting.

Step 4 Statistically analyze the boundary intensity to extract the social boundaries.
Social boundaries are defined as the locations where boundary intensity values exceed
a percentile threshold. To ensure comparability with physical boundaries, this study
tested three representative thresholds (the 75th, 80th and 90th percentiles). The 75th
percentile produced social boundaries whose total lengths (approximately 160–880 km
across indicators) were comparable to those of the physical boundaries (approximately
140–830 km). The 80th percentile yielded moderately shorter boundaries (approximately
100–650 km) while preserving a very similar spatial pattern to the 75th percentile. Using
the same RF modeling framework, applying the 80th percentile led to only modest changes
in model performance, with ACC, F1, and AUC decreasing by 0.0267, 0.0249, and 0.0039,
respectively, compared with 75th percentile. In contrast, the 90th percentile generated
only very short boundary segments (45–70 km), which were too sparse to support robust
spatial analysis. The 75th percentile was therefore selected as a balanced and interpretable
threshold that provides both conceptual comparability and sufficient spatial coverage for
subsequent modeling and factor analysis.

2.2.3. Physical Boundaries

Common physical boundaries were also considered, including the boundaries of parks,
expressways and rivers, subdistrict boundaries, land use boundaries and China’s unique
urban village boundaries to examine the effects of these physical boundaries on crime [3,6].
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The park boundaries can be obtained from the Area of Interest (AOI) data of the Baidu
Map in 2022. And expressways and rivers can be determined using OpenStreetMap, with
subdistrict boundaries retrieved from the National Center for Basic Geographic Information
(NCBGI). Meanwhile, the 2018 open-source urban land use dataset based on the decoding
of multi-source data was used to determine land use boundaries, and the basic unit of the
data was the land plot, as they proposed [25]. 2018 is the closest year with high quality
citywide land use data. Previous remote sensing studies indicate that land use patterns in
Guangzhou change slowly at the municipal scale, with annual changes well below 1% of
the total area, so using the 2018 map to approximate conditions in 2019 to 2021 is acceptable
for this analysis [26]. urban village boundaries were extracted from Feng et al. [27] and
then calibrated with the latest Baidu map satellite imagery to obtain the fine urban village
boundaries. Referring to the practice of Kim and Hipp [3], land uses were divided into five
categories. This study followed Kim and Hipp [6] and constructed the boundary variable
as the reciprocal of the distance from the centroid of the grid to the boundary. Given the
singularity of this function form as d approaches zero, we have set a minimum threshold
of 1 for d. Thus, when d ≤ 1, the value of this variable is treated as 1 to avoid issues of
infinity. This construction was consistent with our intensity measure of social boundaries
below and reflected the distance decay effect in boundary crime studies [3,8]. Our results
in Figure 4 demonstrated the rationality of this operation.

Figure 4. Distance decay effect of crime on physical boundaries and social boundaries.

2.2.4. Control Variables

Established studies have shown that population, density of public facilities, and the
pandemic all have great impact on crimes [12,28]. Therefore, this article takes these factors
into account as control variables. Among them, the population data were obtained from the
WorldPop2020 100 m resolution dataset for mainland China. The 2020 version was adopted
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because it is the only publicly available dataset with national coverage and fine resolu-
tion; population distribution generally remains stable over a short two–three year period,
making it representative for 2019–2021. The density of various types of facilities (commer-
cial, entertainment, and security facilities), namely, the number of facilities occupied per
100 people in the grid, was calculated using the Point of Interest (POI) data from Baidu
Maps in Guangzhou in 2021. The 2021 dataset was selected due to incomplete POI records
in 2019–2020 caused by the pandemic, ensuring more reliable classification of facilities.
Data on CCTV density are not publicly released by security authorities for confidentiality
reasons. However, the inclusion of security facility POIs (e.g., police stations and commu-
nity patrol offices) partially captures the monitoring effect. A dummy variable was also
included to account for the possible impact of COVID-19 during the sample period. The
variable equals 1 if there were cases of the pandemic in the grid. The data were collected
from the National Health Commission of China from April 2019 to December 2021.

Moreover, variables representing the internal characteristics of the boundary were
introduced to distinguish the effects of the boundary itself from those of its internal prop-
erties. These included the respective percentages of each land use and urban village in
the grid. Moreover, the 100 m × 100 m grid-level values of GDP, home value, salary, and
education level were also taken in, which were simultaneously generated in the procedure
of social boundary intensity measurement. All variables are listed below in Table 1.

Table 1. Summary statistics and data sources of all variables.

Variable Mean SD Data Source

Dependent variables

Theft 0.063 0.379
China Judgements Online
(https://wenshu.court.gov.cn/, accessed on 1
May 2023)

Physical boundaries

Retail land use 0.814 0.155

Land use dataset from [25]
Residential land use 0.871 0.125
Office land use 0.816 0.161
Industrial land use 0.774 0.213
The other land use 0.837 0.149

Parks 0.808 0.149 Baidu Map AOI

Expressways 0.176 0.038 OpenStreetMap
Rivers 0.823 0.158

Subdistricts 0.780 0.185 NCBGI

Social boundaries

Urban villages 0.871 0.119 Urban village dataset from [27]

GDP 0.052 0.213 China’s GDP dataset from [23]

Home value 0.049 0.206
Property trading platform Anjuke
(https://guangzhou.anjuke.com/, accessed on
1 May 2023)

Salary 0.051 0.208 Job recruitment platform 58 Tongcheng
(https://cn.58.com/, accessed on 1 May 2023)Education level 0.050 0.208

Control variables
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Table 1. Cont.

Variable Mean SD Data Source

Population (logged) 3.815 1.875 WorldPop

Commercial facilities 1.239 4.181
Baidu Map POIEntertainment facilities 0.057 0.338

Security facilities 0.009 0.094

The pandemic 0.029 0.167 National Health Commission of the People’s
Republic of China

Home value (logged) 7.062 4.817
Property trading platform Anjuke
(https://guangzhou.anjuke.com/, accessed on
1 May 2023)

GDP (logged) 6.450 2.126 China’s GDP dataset from [23]

Salary 6.322 5.009 Job recruitment platform 58 Tongcheng
(https://cn.58.com/, accessed on 1 May 2023)Education level 2.418 1.827

Percent retail land use 0.066 0.232

Land use dataset from [25]
Percent residential land use 0.228 0.382
Percent office land use 0.041 0.173
Percent industrial land use 0.122 0.306
Percent the other land use 0.228 0.388

Percent urban villages 0.082 0.246 Urban village dataset from [27]

2.3. Methods
2.3.1. ML Models

ML models have been proven to fit well the non-linear relationship between multi-
dimensional urban environment, socioeconomic characteristics, and crime [12,15,29]. There-
fore, this study conducted ML models of boundary intensity on theft crimes. This study
used four main ML multiple classification models: KNN, DT, RF, and Adaboost-DT, re-
ferring to Dev and Eden [30]. Before model training, we applied filter-based feature
selection methods including ReliefF and Fisher score. ReliefF evaluates feature relevance
by measuring how well a feature distinguishes between neighboring samples from differ-
ent classes while remaining consistent within the same class [31]. Higher scores indicate
stronger local discriminative ability. Fisher score ranks features based on the ratio of
between-class variance to within-class variance [32]; a higher score reflects greater class
separation. These two methods are suitable for multi-class classification problems. We
averaged the rankings from both methods, and excluded the lowest-ranked variables to
avoid introducing noise and ensure model robustness. To cope with the problem of imbal-
anced data on the dependent variable, we treat each ML model accordingly. SVMSMOTE
was employed to oversample smaller proportions of data before using the KNN model.
SVMSMOTE is a variant of the SMOTE algorithm that uses a support vector machine to
identify borderline and hard-to-learn instances, and then generates synthetic samples in
their neighborhood. This approach reduces the risk of producing noisy synthetic points
far from the decision boundary, making it suitable for neighborhood-based classifiers such
as KNN, where decision boundaries are highly sensitive to the local density of training
samples [33,34]. The category weight adjustment was used for DT, RF, and Adaboost-DT.
Class weighting assigns larger penalty values to misclassified minority classes by weighting
the loss function inversely proportional to class frequency, without altering the sample
distribution. This method is well-suited for ensemble models, since tree split criteria can
naturally incorporate weights and handle class imbalance without duplicating or synthesiz-
ing data [35]. Table 2 reports the class distribution of crime counts before and after applying
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SVMSMOTE to the training data, showing how oversampling reshaped the distribution
toward a more balanced structure. The resampled data is only applied in training folds. To
mitigate spatial leakage, we applied GroupKFold for 5-fold, group-based cross-validation.
The grouping key was the administrative subdistrict identifier (subdistrict_id), so that all
100 m × 100 m grid cells within the same subdistrict were always assigned to the same fold.
In each iteration, 1 fold served as the test set and the remaining 4 folds formed the training
set, ensuring that the same spatial group never appeared in both training and test sets.
We then reported the mean and standard deviation of the performance metrics across the
5 iterations. Metrics are out of fold: for each of the k spatial folds, the model was trained
on k − 1 folds and evaluated on the held fold. The study performed hyperparameter grid
search to arrive at the optimal combination of hyperparameters.

Table 2. Theft counts before and after SVMSMOTE.

Theft Cases Original
Count

Original
Percent

After SVMSMOTE
Count (Per Train

Fold)

After
SVMSMOTE

Percent

0 33,437 95.00% 15,158 26.83%
1 1148 3.26% 8570 15.17%
2 280 0.80% 7642 13.53%
3 115 0.33% 8377 14.83%
4 74 0.21% 6375 11.29%
5 142 0.40% 10,366 18.35%

2.3.2. Model Performance Evaluation

This study compares the performance of four ML models and selects the ML model
with the highest accuracy for subsequent analysis. To represent the performance of the
model, ACC (the accuracy) and AUC (area under the ROC curve) were calculated. A model
is considered excellent performance when ACC and AUC are above 0.9 [36]. Specifically,
ACC is calculated as follows:

ACC =
TP + TN

TP + FP + TN + FN
(2)

where TP (true positive) and TN (true negative) are the number of pixels that are correctly
classified and FP (false positive) and FN (false negative) are the numbers of pixels incor-
rectly classified [37]. Since the model was built based on unbalanced data, this study used
several indicators to judge the performance of the model, including precision, recall, F1
score, and a classification matrix report. The closer the above metrics are to 1, the better the
performance of the model.

2.3.3. The Feature Importance Analysis

In order to examine whether boundary effects are stronger than those of internal
variables, we fitted three models using RF: an internal only model, a boundary only model,
and a combined model including both sets of variables. To assess the significance of the
differences between models, we used a paired bootstrap with B = 1000 resamples and
computed the differences in performance (∆ACC, ∆F1, and ∆AUC). We report the mean
differences and two sided bootstrap p values.
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Finally, we employed a feature importance assessment method based on performance
decay to explore the importance ranking of all variables in terms of their impact on criminal
behavior [38]. Specifically, the degree of performance decay refers to the magnitude of
the decrease in model performance metrics that occurs after disrupting the relationship
between a feature and the target variable by randomly upsetting the value of the feature
during model training. If a feature is significant to the model’s prediction, then randomly
disrupting the value of that feature will result in a significant decrease in model perfor-
mance. In this study, the number of times each variable was randomized to arrange the
features was set to 30 times. Multiple permutations can quantify the importance of each
feature more consistently and avoid misclassification due to chance.

3. Results
3.1. Results of the Boundary Measurement

Figure 4 presents the spatial distribution of identified boundary features. Figure 4a–i
illustrate the physical boundaries, which show considerable spatial variation across the
study area. Retail land use boundaries are relatively sparse and primarily located in the
southeastern and central zones, reflecting the concentration of commercial activity in core
business areas. Residential and office land use boundaries are more widely distributed
in central and western zones, with office areas exhibiting a smaller spatial extent but
overlapping with residential zones. In contrast, industrial land use boundaries are mainly
found at the urban periphery, especially in the eastern and southern sectors. Other key
physical boundaries include rivers and mountains, such as the Pearl River, which marks
inter-district divisions, and elevated terrain to the north, which serves as a natural edge.
Park boundaries are concentrated around key ecological zones including mountain reserves
and wetland belts. Subdistrict boundaries are densest in the central administrative core,
while urban village boundaries cluster at the intersection of older urban areas and newly
developed zones. Table 3 presents the results of the feature selection methods. Expressways
ranked last among all variables. Among the bottom five features, only Percent office land
use and Expressways consistently ranked below 20 in both ReliefF and Fisher Score. Given
our research objective to compare the effects of spatial boundaries and their corresponding
internal characteristics, we retained Percent office land use. Therefore, only Expressways
was excluded during the feature selection process.

Figure 5B(j–m) display the spatial distribution of social boundaries, with further
clarification provided through kernel density analysis in Figure 6. In this figure, darker
shading indicates a higher concentration of boundaries, signifying areas with greater socio-
spatial discontinuities. These hotspots reflect zones of pronounced segregation in terms of
economic status, home value, occupational structure, and educational attainment. While all
four dimensions exhibit multiple high-density clusters, home value boundaries are more
centrally concentrated, whereas boundaries based on GDP, occupation, and education show
a more dispersed spatial pattern. The identified hotspots were cross-referenced with actual
urban locations to ensure consistency with real-world urban spatial structures.
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Table 3. Results of ReliefF and Fisher score.

Variable ReliefF Score Rank Fisher Score Rank Average
Rank

Population (logged) 0.9715 4 0.0231 1 2.5
Industrial land use boundaries 1.0254 1 0.0121 5 3

GDP (logged) 0.7974 8 0.017 2 5
Home value (logged) 0.7574 10 0.0162 3 6.5

Retail land use boundaries 0.8274 7 0.0097 8 7.5
Salary 0.9923 3 0.0079 13 8

Education level 1.0045 2 0.0077 14 8
Office land use boundaries 0.6434 16 0.01 7 11.5
Urban village boundaries 0.1764 14 0.0087 10 12

Commercial facilities 0.3434 13 0.0086 11 12
Residential land use boundaries 0.677 18 0.0095 9 13.5

Percent urban villages 0.6889 12 0.007 15 13.5
Percent residential land use 0.5781 5 0.0016 22 13.5

Epidemic 0.7158 22 0.011 6 14
GDP boundaries 0.2404 25 0.0122 4 14.5

Percent the other land use 0.9264 9 0.002 21 15
Rivers 0.7647 6 0.0002 27 16.5

Home value boundaries 0.653 23 0.0081 12 17.5
Subdistrict boundaries 0.2101 15 0.002 20 17.5

Park boundaries 0.484 11 0.0008 25 18
Entertainment facilities 0.4289 19 0.0022 19 19
Percent retail land use 0.8634 21 0.0061 18 19.5

Education level difference 0.076 24 0.0068 16 20
Percent industrial land use 0.7226 20 0.0015 23 21.5

Salary boundaries 0.4706 27 0.0062 17 22
The other land use boundaries 0.6001 17 0.0001 28 22.5

Percent office land use 0.1584 26 0.0014 24 25
Expressways 0.0217 28 0.0004 26 27

Figure 6 illustrates the spatial clustering of different forms of social inequality in
central Guangzhou. Figure 6a highlights areas of pronounced home price disparities,
primarily located in interstitial zones between commercial housing estates, state-owned
unit compounds, and urban villages. These transitional spaces often exhibit strong income-
based residential segregation and are associated with elevated levels of social tension and
criminal activity [39]. Figure 6b shows concentrations of economic inequality, especially
around the interface of Guangzhou’s old and new central business districts, where GDP
boundaries separate vibrant commercial districts from adjacent low-income neighborhoods.
Such zones of social friction may intensify conflicts, particularly between residents and non-
local visitors [40]. Figure 6c identifies salary boundaries, with the most prominent cluster
in a mixed-use industrial area, where traditional light manufacturing zones inhabited by
low- to middle-income workers coexist with emerging high-tech industrial parks attracting
high-skilled professionals [41]. Finally, Figure 6d reveals education-level boundaries,
largely situated near university precincts, reflecting disparities between academic staff
and service-sector workers. Overall, the observed spatial patterns align with known socio-
economic divides in Guangzhou and lend empirical support to the validity of the social
boundary measurements.
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Figure 5. Results of the boundary measurement.
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Figure 6. KDE for multiple social boundaries.

3.2. ML Model Analysis Results

The results of the analysis using the four ML models tested are shown in Table 4.
All assessment metrics are listed for each model. The results show that most models
have high accuracy, and RF performs the best. For accuracy, KNN and RF are above 0.95,
DT is about 0.94, while Adaboost-DT is about 0.72 and does not reach 0.85. However,
for the PR AUC, all four models are ≥0.80 (RF is the highest). For precision and F1, RF
is also the best performing model, with macro Precision ≈ 0.91 and macro F1 ≈ 0.90.
Therefore, by combining the performance of each indicator, this study concludes that RF
is the most appropriate model to analyze the influencing factors of theft crimes, not only
the overall performance of the model is excellent, but also it can effectively deal with the
unbalanced data.
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Table 4. Comparison of ML models for theft prediction.

Model Hyperparameter ACC PR AUC * Precision * Recall * F1 Score *
Per-Class F1

Score (0, 1, 2, 3,
4, 5)

KNN n_neighbors = 15 0.9859 ± 0.0083
(0.9756–0.9962)

0.9289 ± 0.0084
(0.9185–0.9393)

0.8823 ± 0.0099
(0.8700–0.8946)

0.8803 ± 0.0091
(0.8690–0.8916)

0.8740 ± 0.0101
(0.8615–0.8865)

0.97, 0.95, 0.94,
0.79, 0.70, 0.89

DT
max_depth = 22,

min_samples_leaf = 5,
min sample split = 5

0.9445 ± 0.0045
(0.9389–0.9501)

0.8291 ± 0.0028
(0.8256–0.8326)

0.7900 ± 0.0080
(0.7801–0.7999)

0.7923 ± 0.0065
(0.7842–0.8004)

0.7902 ± 0.0071
(0.7814–0.7990)

0.94, 0.90, 0.87,
0.69, 0.60, 0.75

RF
n_estimators = 150,

max_depth = 15,
min_samples_leaf = 5

0.9868 ± 0.0067
(0.9785–0.9951)

0.9520 ± 0.0070
(0.9433–0.9607)

0.9051 ± 0.0043
(0.8998–0.9104)

0.9040 ± 0.0043
(0.8987–0.9093)

0.9033 ± 0.0045
(0.8977–0.9089)

0.99, 0.98, 0.95,
0.81, 0.79, 0.91

Adaboost-
DT

n_estimators = 40
learning rate = 0.01,

max_depth = 12

0.7170 ± 0.0142
(0.6994–0.7346)

0.8162 ± 0.0154
(0.7971–0.8353)

0.7301 ± 0.0161
(0.7101–0.7501)

0.5750 ± 0.0103
(0.5622–0.5878)

0.5680 ± 0.0122
(0.5529–0.5831)

0.84, 0.80, 0.64,
0.53, 0.15, 0.45

* These metrics are calculated using macro averaging. Values are reported as mean ± standard deviation across
the five spatial folds, with 95% confidence intervals (CIs) in parentheses.

3.3. Impact of Multiple Boundary Variables on Crime

The results of assessing the impact of boundary variables on crime in relation to their
internal variables show that boundaries are more strongly correlated with the occurrence
of crime. As reported in Table 5, the boundary only model outperforms the internal
only model across all metrics. Table 6 further confirms this with nested, paired bootstrap
comparisons. Relative to the internal only model, the boundary only model increases
accuracy by 0.0657, F1 by 0.0674, and AUC by 0.0167, all with p_bootstrap < 0.001. The
combined model performs best overall, improving on the boundary only model by 0.0915 in
accuracy, 0.0089 in F1, and 0.0056 in AUC, all with p_bootstrap < 0.001. These consistent and
statistically significant gains indicate that incorporating boundary variables is appropriate
and adds complementary information beyond internal variables. In our setting, boundary
variables are stronger predictors of theft crime than internal variables.

Table 5. Comparison of model performance across boundary model, internal model and combined
model (mean ± std).

Model ACC F1 AUC

Boundary only
model

0.8953 ± 0.0077
(0.8857–0.9049)

0.8944 ± 0.0079
(0.8846–0.9042)

0.9464 ± 0.0015
(0.9445–0.9483)

Internal only model 0.8296 ± 0.0078
(0.8199–0.8393)

0.8270 ± 0.0079
(0.8172–0.8368)

0.9297 ± 0.0021
(0.9271–0.9323)

Combined model 0.9868 ± 0.0067
(0.9785–0.9951)

0.9033 ± 0.0045
(0.8977–0.9089)

0.9520 ± 0.0070
(0.9433–0.9607)

Values are reported as mean ± standard deviation across the five spatial folds, with 95% CIs in parentheses.

Table 6. Nested comparisons and significance (paired bootstrap, b = 1000).

Comparison ∆ACC ∆F1 ∆AUC p_bootstrap
ACC

p_bootstrap
F1

p_bootstrap
AUC

Boundary only vs. internal only 0.0657 0.0674 0.0167 <0.001 <0.001 <0.001
Combined vs. boundary only 0.0915 0.0089 0.0056 <0.001 <0.001 <0.001
Combine vs. internal only 0.1572 0.0763 0.0223 <0.001 <0.001 <0.001

Figure 7 shows the feature importance estimates from the RF model. Indicators are
displayed in order of the composite rank, that is, percentile ranks are computed separately
for the traditional importance and the AUC drop importance, then averaged to obtain a
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composite score, from which the composite rank is derived. Variables are colour coded
by type to visually illustrate their relative impact on theft crime. The results show that
the top 5 variables are commercial facilities, GDP boundaries, education level boundaries,
education level, and home value boundaries, indicating that commerce and education
exert the strongest influence on crime prediction. GDP boundaries and education level
boundaries rank 2nd and 3rd, respectively, which emphasizes the importance of boundaries.
In addition, except for residential land use boundaries, all boundaries rank above their cor-
responding internal variables. This suggests that boundary variables generally contribute
more to the prediction of theft than internal variables. Finally, social boundaries predict
theft better than physical boundaries. GDP boundaries, education level boundaries, home
value boundaries, and salary boundaries all rank within the top 6, whereas the physical
boundaries fall between ranks 10 and 22. Additionally, the COVID-19 prevalence variable
ranks only 23, indicating that pandemic-related factors play a negligible role in this specific
crime type and context. Figure S1 also presents similar conclusions and demonstrates
feature attribution consistency.

 
Figure 7. The feature importance of the RF model. The lower solid bar shows the traditional
importance, namely the feature importance computed by the random forest from the mean decrease
in impurity when the feature is used for splits. Values are the mean over 30 repeats. Black error bars
show the 95% CI of this mean. The upper hatched bar shows the AUC drop importance, in the same
units, representing the decrease in model AUC when the feature is perturbed or removed. The mean
and ± sd are labelled.
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4. Discussion
4.1. Urban Boundaries as Strong Predictors of Crime Hotspots

This study provides compelling evidence that boundary variables are highly effective
predictors of theft crime, as demonstrated by the outstanding performance of the ML
models. According to routine activity theory, for a crime such as theft to occur, three
conditions must converge: a motivated offender, a suitable target, and the absence of
capable guardianship (formal or informal) [42]. Boundary zones often interrupt spatial
continuity: they may reduce line-of-sight, fragment pedestrian paths, decrease foot traffic,
and weaken natural surveillance. In such fragmented environments, informal guardianship
by passersby or residents is less effective, and visibility is lower, which raise the probability
that the motivated offender and target will meet undetected [5]. Therefore, boundary zones
inherently amplify situational opportunity for theft.

Accurate crime prediction is a cornerstone of effective urban safety management.
High-precision crime forecasting enables law enforcement agencies to identify emerging
hotspots, optimize resource allocation, and implement targeted interventions. The findings
of this study reveal previously under-recognized theft hotspots at urban boundaries, in-
cluding zones where administrative control is ambiguous or socio-economic transitions are
sharp. These areas may lack adequate surveillance or routine monitoring, making them
particularly susceptible to opportunistic crimes.

4.2. Boundary Zones Are More Vulnerable to Theft than Interior Areas

The boundary model outperforms the internal model across all evaluation metrics.
Furthermore, feature importance rankings consistently show that boundary variables con-
tribute more to crime prediction than their internal counterparts. These findings reinforce
the argument that spatial discontinuities are key determinants of crime risk.

This finding aligns with the previous study [4], who observed that violent crimes are
more frequent at racial boundaries compared to interior zones with similar demographic
characteristics. However, this study extends that insight by demonstrating that heightened
crime risks at boundaries are not limited to racial or ethnic divides, but are a more gen-
eralizable phenomenon across a variety of physical and social boundaries. Boundaries,
whether based on home value, GDP, or salary, appear to fragment urban space in ways that
increase the likelihood of criminal events.

From a social mechanism perspective, this can be framed through collective efficacy
and informal social control theory. Sharp socioeconomic contrasts across adjacent areas
tend to reduce trust, mutual ties, and residents’ willingness to intervene, thereby weakening
informal oversight over deviant acts [43,44]. In boundary zones, the mix of transient popu-
lations, weak social cohesion, and ambiguous social belonging further inhibit neighborly
surveillance or social intervention.

4.3. Social Boundaries Are More Important than Physical Boundaries to Urban Crime

The analysis of feature importance reveals that social boundaries are more significant
predictors of theft crime than physical boundaries. While previous research has often
emphasized the role of physical boundaries in shaping crime patterns [6–8,11], this study
demonstrates that social boundaries are more important. Relying solely on physical fea-
tures underestimates the complexity of urban spatial dynamics. The findings therefore
call for a more integrative approach to crime prevention and urban planning. On the
one hand, surveillance can be enhanced along social boundaries. Additional monitoring
can comprehensively cover both pedestrian activity and vehicular access. Concurrently,
improving lighting in concealed corners of boundary zones can reduce opportunities for
crime. Furthermore, these boundaries offer insights for planning community patrol routes,
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enabling optimized coverage. On the other hand, to diminish disparities across social
boundaries and enhance cohesion, the government should address economic inequality by
mandating a proportion of affordable housing within commercial developments. This en-
ables cohabitation of diverse income groups within the same neighborhood. Furthermore,
rational planning for shared public amenities such as community parks, fitness facilities,
and children’s playgrounds can foster interaction and integration among residents of differ-
ent housing categories. Only through such comprehensive governance can policymakers
effectively address the deep-seated social causes underlying urban security deficits.

4.4. Limitations

This study has certain research limitations. First, due to limitations in data availability,
this study has not yet examined social boundary characteristics such as age, gender, mi-
gration status, or ethnicity. Should future research gain access to an increased amount of
microdata, it will be possible to investigate the impact of these social boundary character-
istics on crime. Secondly, as this study relies on publicly available online data, there are
variations in the collection times of multiple data sources, such as recruitment data. How-
ever, this decision is primarily influenced by the impact of pandemic-related lockdowns
on the recruitment market. Therefore, we opted for 2023 recruitment data instead of data
from 2021 to 2022. To assess whether this choice affects our findings, we re-estimated the
RF models using alternative thresholds of 3 and 5 postings per grid cell and compared the
resulting feature importance rankings. Across these specifications, the overall ordering
of indicators, combining traditional and AUC based importance, remains essentially un-
changed and the key predictors identified in the main analysis continue to occupy the top
positions. We further computed Spearman rank correlations of feature importance scores,
which confirm high stability for the traditional importance measure, while the AUC-based
importance becomes less stable under the strictest threshold. These additional results are
reported in Supplementary Figures S3 and S4 and Table S1. Taken together, the analyses
suggest that our feature rankings should be interpreted as reflecting predictive associations
rather than strong causal effects, but they also indicate that our substantive conclusions
are robust to alternative constructions of the recruitment variables and therefore provide a
solid and policy relevant description of spatial patterns in theft risk. Collecting data at the
same time period, under the assumption of no significant intervening events, would be
more advantageous for this research. Thirdly, data on property prices and salaries from
online platforms may disproportionately cover communities with high internet penetra-
tion and strong economic activity, leading to underrepresentation of low-income groups.
Constrained by data availability, this study could not access administrative records at the
estate or individual level (such as property registration details from housing authorities
or social security contribution data) for point-to-point verification. Future research with
access to higher-precision official microdata could further mitigate potential measurement
errors and test the robustness of these conclusions. Moreover, future research may incor-
porate violent crimes such as robbery into its scope, offering significant insights into the
mechanisms by which social boundaries facilitate different criminal activities. For instance,
conducting empirical studies on specific boundary areas could both calibrate the findings
of this paper and uncover the underlying causes. Finally, this study focuses exclusively on
Guangzhou’s central urban districts, providing a technical framework for analyzing the
impact of boundary spaces on theft offences. This methodology may be replicated in other
cities to expand the sample size for this research.
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5. Conclusions
Previous research has demonstrated that physical and social boundaries influence

crime patterns. However, many important forms of social boundaries remain underex-
plored, and existing methods often fail to capture the non-linear relationships between
urban boundaries and criminal behavior. To address these gaps, this study made full use
of open-source big data to examine how inequalities in economic development, home
values, occupation, and education shape social boundaries, drawing on their theoreti-
cal foundations in sociology. This study also measured the role of urban boundaries in
crime prediction.

This study yielded three main findings: (1) Boundary variables are highly effective pre-
dictors of theft crime, with machine learning models incorporating these features achieving
high accuracy and strong classification performance. They capture situational opportu-
nities at urban boundary areas where visibility and movement are disrupted, consistent
with routine activity theory. Including these features improves spatial precision, enabling
resources to focus on boundary segments where modest environmental changes can reduce
theft risk. (2) Theft risk is higher in boundary zones than in interior areas, with boundary
variables showing greater influence than internal factors in crime modeling. Boundaries
increase offender anonymity by thinning everyday social contact and weakening eyes on
the street, which reduces informal guardianship and raises the probability of undetected
encounters between offenders and targets. Recognizing this mechanism places greater
emphasis on designing and managing boundary spaces to restore natural surveillance
and reduce anonymity. (3) Social boundaries play more significant roles in finding crime
hotspots than physical boundaries, suggesting that they should be highlighted in spatial
crime analysis. This implies that analysis and policy should combine targeted measures
at social boundaries with longer term actions that reduce inequalities and strengthen
collective efficacy.

In summary, this study introduces a novel approach to measuring and utilizing social
boundaries for theft prediction, and provides new insights into their criminogenic impact.
The findings offer practical implications for policy, suggesting that governments should
strengthen oversight of boundary zones and promote social integration to address the root
causes of urban crime.
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recruitment thresholds.
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