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Abstract

:

Tangible cultural heritage is vulnerable to various risks, particularly those stemming from criminal activity. Through analyzing the distribution and flow of crime risks from a spatial perspective based on quantitative methods, risks can be better managed to contribute to the protection of cultural heritage. This paper explores and summarizes the spatial characteristics of crime risks from 2011 to 2019 in China. Firstly, the average nearest neighbor (ANN) and the Jenks Natural Breaks Classification method showed that the national key protected heritage sites (NPS) and crime risks exhibit clustering features in space, and most of the NPS were located in the middle and lower reaches of the Yangtze River and the Yellow River. Secondly, the economy has no impact on crime risks in the spatial statistical analysis. However, the population density, distribution of NPS, and tourism development influenced specific types of crime risks. Finally, Global Moran’s I was used to examine the strong sensitivity between crime risks and cultural relics protection policies. The quantitative results of this study can be applied to improve strategies for crime risk prevention and the effectiveness of heritage security policy formulation.
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1. Introduction


Cultural heritage, encompassing both tangible and intangible forms, constitutes a valuable asset for all of humanity. Tangible cultural heritage takes on physical forms, such as buildings and paintings, and may fall victim to criminal acts. Given its immense cultural and economic significance, unscrupulous individuals seeking substantial financial gain resort to various means, including the theft, looting, and smuggling of artifacts, resulting in the catastrophic loss of and irreparable damage to cultural relics. Moreover, illegal approaches to cultural heritage are progressively becoming more sophisticated, intelligent, violent, and covert; therefore, tangible cultural heritage encounters enormous risks, particularly from criminal destruction.



It is also crucial to investigate crime risks in the real world. Taking China as an example, from 2017 to June 2021, more than 7900 cases of cultural relic vandalism were handled, and more than 8600 criminals were arrested (Please see the website: http://www.gov.cn/xinwen/2021-06/11/content_5617030.htm (accessed on 20 June 2022)). Yet, theories on crime risk regarding cultural heritage have been developed relatively late. In 2013, Grove studied the human destruction of cultural relics and defined related concepts to promote the development of the field [1]. In 2014, Grove and Thomas edited a book that systematically introduced heritage crime worldwide and advanced approaches for tackling heritage crime [2]. Two years later, Charney edited a book introducing various types of heritage crime, including terrorists, tomb raiders, forgers, and thieves. Scholars have a clearer picture of the crime risk to cultural heritage [3].



More finely, tangible heritage crime encompasses various violations, including unlawful excavation, illegal reselling, theft, and vandalism. This concept defines the object of the crime rather than a specific type of offense. In China, the objects that are unlawfully excavated usually consist of ancient cultural relics and tombs. Ancient cultural relics denote areas created and left by ancient humans throughout history, indicating their level of cultural development; ancient tombs, on the other hand, refer to fixed burial places where people in ancient times (generally before the Qing Dynasty) placed the remains of the deceased along with funeral objects. Illegal reselling and smuggling are related but distinct activities. Smuggling refers to the act of exporting cultural relics prohibited by the state beyond national borders through customs, while reselling involves selling cultural relics prohibited by the state for profit. However, few criminal cases in China pertain to the smuggling of cultural relics. Hence, it is not a significant risk and is thus excluded from our analysis. Theft, as used here, pertains to the act of stealing a cultural heritage object in an infringement of property crime. Vandalism, meanwhile, entails intentional or unintentional damage to cultural relics or historical sites. This type of crime involves destroying the main body of cultural relics.



Regarding the crime risks associated with tangible heritage, a distinctive feature of heritage crime is that it can only occur at a heritage site, and a combination of historical, cultural, and topographical factors influence the geographical distribution of these sites. As a result, understanding the spatial characteristics of heritage sites is crucial to preventing and controlling heritage risks. This paper focuses neither on natural risks nor risks to heritage sites caused by industrial development or urban expansion but on risks caused by human criminal acts against heritage sites. Analyzing heritage crime risks from a spatial perspective can improve the system of heritage risk management in a more refined dimension.



The paper’s structure comprises six main sections: Introduction, Literature Review, Materials and Methods, Results, Discussion, and Conclusion. The Literature Review examines pertinent research in the field and outlines their respective strengths and limitations. The Materials and Methods section provides data sources and outlines the scope of data usage as well as the primary methods utilized in the study. The Results section is divided into three parts. First, it analyzes the geographical distribution pattern of crime risks. Second, it employs statistical methods to examine the influence of four factors on the spatial distribution of crime risks. Third, it applies the Global Moran’s I to establish a connection between China’s crackdown actions and the spatial distribution characteristics of risks. The Conclusion section summarizes the paper’s analytical findings. The Discussion section identifies limitations and innovations in the study.




2. Literature Review


2.1. Risks of Tangible Cultural Heritage


Although cultural heritage preservation is urgent, research on heritage protection has been comparatively slow. Previous studies have mainly focused on the natural damage risks [4,5,6] or employed new technologies to guard against ontological threats [7,8,9,10]. There was limited quantitative analysis of the crime risk associated with cultural heritage.



Today, governments and international organizations have begun to increase investment in cultural heritage protection, and there are more data sources for cultural heritage risk analysis, such as the European Interoperable Database platform (EID) [11]. Moreover, more scholars perform quantitative analyses using heritage risk data [12,13,14]. Springer also released a book series in 2021 titled Studies in Art, Heritage, Law, and the Market. Among them, Crime and Art categorized heritage crimes globally from three aspects: crime methods, theoretical research, and data utilization, and used open source data of cultural relics to develop models for cultural heritage crime analysis [15].




2.2. Geographical Analysis of Cultural Heritage


The risks facing cultural heritage are significantly impacted by their geographical location, and the study of heritage risk management from a spatial perspective requires further development.



The current research on the spatial analysis of heritage risks mainly focuses on natural risks, such as flooding [16] and wildfires [17]. The spatial modeling of heritage risks is also dominated by the simulation of natural environmental damage [18], with Earth observation data providing important information to assess this damage [19,20,21]. Based on big Earth data, the features of spatial–temporal distribution, material types, civilization and religion characteristics, capital investment capacity, and risks have been described [22]. Also, many types of cultural sites, including monuments, cultural routes, and rock-art sites [23], have been analyzed in terms of risk. However, less attention has been given to studying human factors that contribute to heritage risks. One notable study on this topic is Nebbia et al.’s examination of the destruction of heritage sites in southern Tajikistan caused by urban encroachment and infrastructure development [24].




2.3. Factors Affecting Crime


Crime is widely regarded as a multifaceted social phenomenon, with various factors influencing its occurrence. Different types of crime are impacted by specific factors, with climate and weather conditions being widely analyzed in relation to crime rates [25]. For example, robbery and burglary are less likely to occur during periods of extreme weather [26], while both violent and non-violent robbery rates increase significantly with heat stress in spring [27]. Haze pollution has the greatest impact on theft, drug-related, and assault crimes [28], and bus pickpocketing increases with worsening air quality [29]. Urban construction can also affect crime, such as the positive correlation between nightlight gradients and street robbery rates, but negative correlation between nightlight gradients and burglary rates [30]. Various types of land-use features can also encourage or discourage different types of crimes to varying degrees [31]. Furthermore, large-scale social events—from regional gatherings [32] to global pandemics such as COVID-19 [33]—can strongly influence crime. The following sections explore the factors influencing heritage crime.





3. Materials and Methods


This section outlines the data sources and analysis methods used in the study. Figure 1 provides an overview of the framework, which encompasses all of the analysis processes.



3.1. Data Description


The risk data utilized in this paper was obtained from China Judgments Online (https://wenshu.court.gov.cn/ (accessed on 20 June 2022)), an online platform established by the Supreme People’s Court of China in 2013 for disclosing legal judgments. Criminal verdicts related to heritage crimes between 2011 and 2019 were downloaded, and key information, such as time and location, was extracted from the documents. To obtain coordinates for textual addresses, an online conversion tool (https://github.com/sjfkai/mapLocation (accessed on 20 June 2022)) was deployed.



In addition to the general factors that influence risk, such as economic status and population, this study also considers specific factors, namely protected heritage sites and tourism development. The data sources for these factors are described in Table 1.



3.1.1. Protected Heritage Sites


Protected heritage sites in this study refer to ancient cultural sites, tombs, buildings, grotto temples, and stone carvings with significant historical, artistic, and scientific values. As an institution established by the state to protect cultural relics through legislation, the sites are categorized into three levels: National Key Protected Heritage Sites (NPS), Provincial-level Protected heritage sites, and County-level Protected heritage sites. Currently, there are 5058 NPS that have been declared as such by the State Council from 1961 to 2019 in eight batches, which can be downloaded from the website of the State Council of China.



Given that the geographical distribution of protected heritage sites may impact crime risks, it was factored into the analysis. Due to the significance and representation of NPS, this paper only analyzes data regarding NPS. Notably, the number of NPS changed only once during the period analyzed in this study, with the sixth batch announced in 2006, the seventh in March 2013, and the eighth in October 2019. The NPS catalog can be downloaded from the Chinese government website (https://www.gov.cn/ (accessed on 20 June 2022)).




3.1.2. Tourism Development


Most NPS in China are open to tourists, and the significant tourist activities occurring at these sites provide ideal cover for criminals seeking to approach their targets. Additionally, sites with a large number of tourists typically enjoy high revenues, making them lucrative targets for theft. This means that cultural relics situated within developed tourist areas may face greater risks than other sites. Unfortunately, the provincial statistical yearbooks do not offer financial expenditure details on tourism industry development. Accordingly, this paper chooses two indicators—tourism revenue and the number of visitors—to reflect the level of tourism development within each province. Both data sources can be found within the provincial statistical yearbooks




3.1.3. Economy


The regional economy may impact the risks of crime in several ways [34,35]. For instance, the economic conditions within a region could directly or indirectly affect the construction of preventative facilities. Within the context of cultural heritage sites, the economy may determine the amount of capital invested in developing security measures around such sites. To capture the economic level of each region quantitatively, three indicators were selected: urbanization rate (urbanization rate refers to the proportion of urban population to the total population.), per capita GDP (per capita GDP is the ratio of GDP to the resident population of a region), and urban–rural income gap (the urban–rural income gap is the ratio of the per capita disposable income of urban households to the per capita disposable income of rural households). These data sources were derived from the statistical yearbooks of the respective provinces.




3.1.4. Population


As economies develop, large numbers of laborers typically move into major cities, leading to high population density and a significant proportion of migrant workers. The Chinese Ministry of Public Security published the National Temporary Resident Statistical Data Collection from 2011 to 2014, covering statistics on the number of migrants in each province. The two indicators of floating population and migrant worker population can be extracted from these books. In addition, population density sourced from statistical yearbooks could represent the population as a third indicator.





3.2. Jenks Natural Breaks Classification


The Jenks Natural Breaks Classification (Jenks) is a popular data classification method widely utilized in Geographic Information Systems (GIS) and is an inherent feature of ArcGIS Pro version 3.0.1. The method was developed in the 1960s, in which Jenks [36,37] posits the presence of breakpoints between data as the basis for classifying them using “natural” divisions. The key principle of this algorithm is cluster analysis, which maximizes between-group variance and minimizes within-group variance.



Firstly, calculate the sum of squared deviations for array mean (SDAM). The mean value     X  ¯    is calculated as follows:


    X  ¯  =   1   n     ∑  i = 1   n      X   i      



(1)







The equation for SDAM is:


      S D A M =    ∑  i = 1   n           X   i   −   X  ¯      2          



(2)




where   n   is the number of elements in the array;     X   i     is the value of the i-th element.



Then, iterate through each range combination, calculate the “sum of squared deviations for class means” (SDCM_ALL), and find the minimum of these values, denoted as SDCMmin. The   N   elements are divided into   k   classes, so that the classification result can be divided into   k   subsets, one of which is the case of       X   1     X   2   …   X   i     ,     X   i + 1     X   i + 2   …   X   j     , … ,     X   j + 1     X   j + 2   …   X   n      . Calculate the SDAMi, SDAMj,…, SDAMn for each subset, and sum SDCM1 as:


        S D C M   1   =   S D A M   i   +   S D A M   j   … +   S D A M   n        



(3)







Similarly, the classification results can also be classified into other cases of class   k  . The value of       S D C M   2   , … , S D C M     C   n   k       is calculated successively, and the smallest one of them is selected as the final result SDCMmin, so that the classification range is the best classification.



Finally, the “goodness of variance fit” (GVF) is calculated:


        G V F   i   =   S D A M −   S D C M   i     S D A M        



(4)







The value of     G V F   i     is between 0 and 1, 1 indicates an excellent fit and 0 indicates a very poor fit. The higher the gradient indicates the greater the difference between classes, and the test proves that the classification obtained by the smallest SDCMmin in step (2) has the largest gradient value, which can lead to the conclusion that the results of the natural breaks classification method are desirable.




3.3. Geographical Weighted Regression


The linear regression is the most commonly used model in statistical analysis, while the most basic method is Ordinary Least Squares (OLS) [38]. The idea is to make the following:


      f   x   =   a   1     φ   1     x   +   a   2     φ   2     x   + … +   a   m     φ   m     x        



(5)




where     φ   k   ( x )   is a set of linearly independent functions selected in advance,     a   k     is a coefficient to be determined (k = 1, 2…, m, m < n), and the fitting criterion is to make     y   i   ( i = 1 , 2 , … , n )   minimize the sum of the squares of the distances     δ   i     from   f (   x   i   )  .



There are two basic assumptions of OLS: the errors are random and the model residuals are uncorrelated. However, there is always spatial heterogeneity and spatial autocorrelation in the associations between spatial data, thus violating the principle of using OLS models. Geographical Weighted Regression (GWR) is a local linear regression method based on the modeling of spatially varying relationships [39,40], which generates a regression model describing local relationships at each location in the study area, thus effectively explaining the local spatial relationships and spatial heterogeneity of the variables. The GWR model can generally be expressed as follows:


        y   i   =   β   0       u   i   ,   v   i     +    ∑  k = 1   m       β   k       u   i   ,   v   i       x   i k     +   ε   i        



(6)




where     y   i     is the value of the dependent variable at position   i  ;     x   i k   ( k = 1 , 2 … m )   is the value of the independent variable at position   i  ;      u   i   ,   v   i       are the coordinates of point   i   of the regression analysis;     β   0       u   i   ,   v   i       is the intercept term; and     β   k   (   u   i   ,   v   i   ) ( k = 1 , 2 … m )   are the coefficients of the regression analysis.




3.4. Global Moran’s I


Spatial autocorrelation is a common method for spatial econometric analysis. Its theoretical source is Tobler’s First Law of Geography (TFL), proposed by Waldo Tobler in 1970, that is, “Everything is related to everything else, but near things are more related than distant things” [41]. Spatial autocorrelation can be used to describe the relationship between things in space, that is, to evaluate whether the distribution pattern of a group of elements in space is discrete, an aggregated pattern, or a random pattern. Spatial autocorrelation is generally expressed by Global Moran’s I, and statistical Z-scores and p-values are used to assess the confidence of the results. Moran’s I is an inferential statistic based on the null hypothesis. In the case of the null hypothesis, the distribution between the elements is random. The statistical significance of the p-value and Z-score at this time is the significance of the test results rejecting the null hypothesis. When the p value is not statistically significant, it means that the null hypothesis cannot be rejected, and the elements are randomly distributed in space; when the p value is statistically significant and the Z score is positive, it means that the null hypothesis can be rejected and the elements are more spatially clustered than expected; when the p-value is statistically significant and the Z-score is negative, it indicates that the null hypothesis can be rejected and the features are more spatially dispersed than expected.



Moran’s I was proposed around 1950 [42,43] and can be expressed as:


  I =   n     S   0         ∑  i = 1   n      ∑  j = 1   n      ω   i , j     z   i     z   j           ∑  i = 1   n      z   i   2        



(7)







In the above formula,     ω   i , j     is the spatial weight of element   i ,   and   j   and   n   represent the total number of all features.     S   0     represents a set of all spatial weights, and     z   i     represents the deviation of   i   from its mean. Among them,     S   0     is expressed as:


    S   0   =   ∑  i = 1   n      ∑  j = 1   n      ω   i , j        



(8)







Z-score can be calculated with the following formula:


    z   I   =   I − E   I      V   I       



(9)






  E   I   = −   1   n − 1    



(10)






  V   I   = E     I   2     − E     I     2    



(11)







Global Moran’s I is widely used in crime analysis. For example, in environmental criminology, it is used to compare the degree of clustering of environmental variables with resident variables [44]. Harinam et al. viewed it as a metric that compares the standardized magnitude of difference between the spatial concentration of counted crimes relative to crime severity [45]. This tool also could be used to identify clusters of violent crime during the 3 months of the 2020 COVID-19 lockdown compared to crime rates during an equivalent period [46]. In this paper, the global Moran’s I is used to detect the spatial clustering of heritage crimes and NPS.





4. Results


4.1. Spatial Distribution Pattern Analysis


4.1.1. NPS and Crime Risks


The NPS catalog (see Data collection) was used to extract addresses that were later converted into coordinates. The coordinates were then imported into ArcGIS Pro version 3.0.1, and the Jenks Natural Breaks Classification method (Jenks) was used to classify the number of NPS in China. The analysis reveals that the Shanxi, Henan, and Shaanxi provinces have the highest concentration of NPS. More specifically, the densest distribution is observed in the region where Shanxi borders Henan, followed by the Yangtze River Delta. Throughout its history, China has had many dynasties, with each choosing a city as its capital. As capitals are typically more prosperous than other cities, they tend to leave more cultural heritage behind. The seven ancient capitals of China, which are Xi’an, Luoyang, Nanjing, Beijing, Kaifeng, Hangzhou, and Anyang [47], were chosen due to their superior conditions. Therefore, it is reasonable to suggest that the distribution of NPS is aligned with the division of China’s seven ancient capitals, with Xi’an, Luoyang, Kaifeng, and Anyang located in the provinces of Shanxi, Henan, and Shaanxi.



Additionally, our analysis reveals that the majority of NPS are located in the middle and lower reaches of the Yellow River and the Yangtze River. We further verified this finding by importing a water system map into the software, as shown in Figure 2, where the yellow lines represent the Yangtze River and Yellow River systems, and the blue dots indicate NPS. The distribution of NPS along these two river systems is consistent with archaeological research that highlights multiple foundations of Chinese civilization, with both the Yangtze River and Yellow River being considered the birthplace of this civilization [48]. This paper briefly investigates this phenomenon from two perspectives. First, as the civilizations of the Yellow River and the Yangtze River Basin emerged early, artifacts and relics from these areas are more likely to be preserved over time. Secondly, the natural environment around the rivers is conducive to human life, while water transportation was historically critical for political and economic exchange. Therefore, throughout various dynasties, more people chose to live in these areas and even built their capitals there, resulting in the creation of a wealth of cultural sites.



Moreover, to test the spatial clustering in the distribution of risks and NPS, the Average Nearest Neighbor (ANN) method was employed, which measures the distance between each feature centroid and its nearest neighbor’s centroid location, subsequently obtaining their average value [49,50]. The ANN ratio is given as:


      A N N =       D  ¯    O         D  ¯    E          



(12)




where       D  ¯    O     is the observed mean distance between each feature and its nearest neighbor and       D  ¯    E     is the expected mean distance for the features given in a random pattern. The ANN method takes NPS points or risk points in the space as the inspection objects, calculates the average distance between each observation point and its nearest neighbor, and then compares it with the average distance between two random points. If the former is smaller than the latter, it means that the spatial distribution of the analyzed NPS points or heritage crime points is clustered. In the case of the opposite, it is regarded as decentralized. The ANN index can be expressed as the ratio of the observed average distance to the expected average distance. An ANN of less than 1 corresponds to an aggregated distribution pattern, and an index greater than 1 corresponds to a dispersed distribution pattern [51].



The results of the ANN method are shown in Table 2. It can be found that the ANN of both NPS and risks are less than 1, and the Z scores are less than −2.58, all of which pass the test at a 0.01 significance level and present significant aggregation characteristics.




4.1.2. Upstream and Downstream Analysis of Risks


The crime of acquiring cultural objects directly from an unexplored heritage site or NPS is defined in this section as an upstream crime, including unlawful excavation and theft. The re-flow of cultural objects illegally obtained from upstream crime or the resale of cultural objects whose trade is prohibited by law is defined as a downstream crime in this section, including illegal reselling. The crime risk data were organized according to the above classification method, and the classified data were separately used to create hotspot maps (Figure 3) for upstream and downstream crimes in ArcGIS Pro software.



It can be seen that upstream risks are scattered on a large scale in the center and east, and downstream risks are more concentrated, mainly concentrated in the Shaanxi Province. In addition, the Shanxi province also has small-scale hotspots. Therefore, the Shaanxi Province is China’s main hub for combating downstream risks and should continue to intensify its efforts to cut off the chain of cultural heritage risks.



The clustering of downstream risks can be attributed to the fact that illegal reselling typically occurs among acquaintances within the same or neighboring provinces, resulting in relatively small spatial spans. As cultural relics are often advertised and sold online under the false pretenses of being “crafts” or “collectibles,” it requires considerable professional knowledge to authenticate their authenticity. This has made distinguishing cultural relics more challenging and fueled greater volumes of reselling.



To ascertain whether online sales of artifacts have affected the spatial distribution of downstream heritage crimes, we applied the ANN method to analyze the historical heritage crime sites from 2011 to 2019, as detailed in Table 3. The Nearest Neighbor Index did not exhibit an increasing or decreasing trend over the years but instead exhibited a steady cycle of “increasing and then decreasing.” Therefore, it can be deduced that, at this stage, online transactions have yet to present a decisive impact on the geographic pattern of heritage crimes, implying that downstream heritage crimes primarily occur offline.





4.2. Analysis of Influencing Factors


The distribution of crime risk can be influenced by several factors, including the presence of NPS (as discussed earlier), as well as economic, population, and tourism development. In this section, we treat risks as the dependent variable and these four categories of factors as explanatory variables. To examine their spatial relationships, we performed a spatial regression analysis using the GIS software. Specifically, we used the exploratory regression tool to test the indicators and then applied the Ordinary Least Squares (OLS) method for regression analysis. Based on the results obtained from the OLS analysis, the Geographical Weighted Regression (GWR) model was chosen to examine the spatial heterogeneity of risk.



Taking into account the data availability of the indicators (the data of floating population and migrant workers are only available from 2011 to 2014), and regarding the uniformity of the time, 2011, 2014, and 2019 were selected as the samples for analysis. The exploratory regression tool can evaluate all possible combinations of input explanatory variables and rank the results in reverse order of AdjR2 (adjusted R-squared). The combination with a larger AdjR2 value and fewer explanatory variables is regarded as the optimal combination, and the final results are shown in Table 4. Most of the AdjR2 values are less than 0.5. Only the AdjR2 value for the illegal reselling in 2019 is 0.6, and its corresponding explanatory variable combinations are NPS, urban–rural income gap, and population density. The AdjR2 value for unlawful excavation in 2011 is 0.53, and the corresponding explanatory variable combinations were NPS, the number of domestic tourists, and domestic tourism income. In the next step, the OLS analysis was only carried out on the risk of unlawful excavation in 2011 and illegal reselling in 2019. The results are shown in Table 5, and the diagnosis results are shown in Table 6. From the results, it can be concluded that:



(1) VIF in Table 5 represents the variance inflation factor (VIF), and if VIF is less than 3, it means there is no multicollinearity problem between variables. Only “illegal reselling in 2019” can pass the test.



(2) The Koenker (BP) statistic in Table 6 indicates whether the relationship between the dependent variable and the explanatory variable is stable. The Koenker (BP) for the two risks listed in the table is significant, indicating that both types of data are not stationary. In this case, the Robust_Pr (robustness indicator of probability) in Table 6 needs to be considered rather than the p value. In 2011, the Robust_Pr of all independent variables of unlawful excavation was less than 0.05. The Robust_Pr value of NPS and population density of illegal reselling in 2019 was less than 0.05, while the value of the urban–rural income gap was greater than 0.05, which shows that the urban–rural income gap index is not helpful for the regression model. On the other hand, the significant Koenker (BP) value also means that the two risks can be further analyzed by the GWR model to verify their spatial heterogeneity as follows:



(3) When the Koenker (BP) value is significant, if the joint chi-square statistic is also significant, the model is significant.



(4) The Jarque–Bera statistic in Table 6 indicates whether the residuals of the model conform to a normal distribution. The Jarque–Bera statistic of unlawful excavation in 2011 in the table is significant, indicating that the model is biased and key explanatory variables are missing. The Jarque–Bera statistic for illegal reselling in 2019 is not significant, indicating that the model meets the needs. Therefore, only illegal reselling in 2019 was allowed for the next step of GWR analysis to compare the performance of OLS and GWR.



(5) The performance of the model was tested by R-squared, adjusted R-squared, and Akaike information criterion (AICc). R-squared or adjusted R-squared indicated the goodness of fit of the model. The goodness of fit of the two risks was between 0.5 and 0.6, and the overall performance of the model was average. The goodness of fit of the illegal reselling in 2019 was slightly better than that of the unlawful excavation in 2011. The AICc value is often used to compare the performance between models. The smaller the AICc value, the better the model performance. Generally, a difference of more than 3 indicates that the improved model is better than the original model. In the next step, this indicator was be used to compare the model performance of OLS and GWR.



(6) The linear equation of the illegal reselling in 2019 can be expressed as:


  y = 0.001   x   1   + 0.039   x   2   − 12.972  



(13)







To test the spatial heterogeneity of illegal reselling in 2019, this risk was used as the dependent variable, NPS and population density were used as explanatory variables, and the model type was selected as a continuous (Gaussian) for GWR analysis. The R-squared value of the GWR model was 0.6108, and the adjusted R-squared value was 0.4899, both lower than the OLS model. The AICc value was 184.4841, which is larger than the value under OLS of 173.521, so the overall performance of the GWR model was lower than that of the OLS model, and there was no spatial heterogeneity in illegal reselling in 2019.



After conducting OLS and GWR analysis of crime risks, the following conclusions can be drawn:



(1) Regarding the economic conditions, the three indicators of urbanization rate, per capita GDP, and urban–rural income gap did not have a significant impact on crime risks. One possible explanation is that provinces with good economies may not have allocated sufficient funds for security facility construction. Another explanation could be that, while provinces with good economies may have invested more in security facility construction, there are issues with system usage or the daily management of NPS. Further field research is recommended to determine appropriate measures for enhancing the security of cultural relics.



(2) Among population factors, the floating population and migrant workers had no impact on crime risks; only population density had an impact on illegal reselling in 2019. In China, migrants are typically defined as individuals residing in a location for six months or longer. However, since criminals do not usually remain near heritage sites for extended periods, this indicator cannot properly reflect their movements. Moreover, higher incidences of illegal reselling occurred in provinces with higher population densities.



(3) Regarding NPS, both unlawful excavation in 2011 and illegal reselling in 2019 were impacted by them, demonstrating that even the highest level of protected NPS faces a significant risk of being illegally excavated. This highlights the enormous historical and cultural value of these items, as well as their high economic worth. Heritage criminals eagerly target such NPS sites for profit.



(4) Tourism development had an influence on unlawful excavation in 2011. Many of China’s NPSs are tourist attractions, and a booming tourism industry can mean more protected heritage sites in a province, increasing the risk of crimes occurring in accordance with the analysis in the previous paragraph.




4.3. The Global Moran’s I Analysis of Crime Risks


This section describes the calculation of the Global Moran’s I of four crime risks and NPS and summarizes the distribution of cultural heritage risks among provinces. Firstly, to reduce the error of spatial calculation, the coordinate system was also spatially projected. Secondly, the total number of crime risk events for the period of 2011–2019 was calculated, and the data, along with the eighth batch of NPS data, was imported into the projected coordinate system, with the conceptualization of the spatial relationship choosing “adjacent edge corners.” The results are shown in Table 7. It can be seen that the p values of NPS and the four risks are all less than 0.05, and the Z scores are all greater than 1.96, so their distributions all have significant clustering characteristics. Among them, unlawful excavation is the most concentrated.



In the next step, the sum of the four risks for each year were calculated and expressed. Ten sets of results are shown in Table 8, which were obtained by calculating Global Moran’s I for each year. The Z-scores and p-values show that each group presented a significant aggregation state. To further observe the geographical distribution trend, a line graph was made out of the Global Moran’s I values (Figure 4).



Figure 4 indicates that the Global Moran’s I of NPS has remained relatively stable over time, with only minor fluctuations despite an increase by 1943 in the number of NPS announced in the seventh batch in March 2013. At this point, the Global Moran’s I increased further, indicating stronger clustering. This illustrates that the additional NPS listings originated mostly from provinces possessing significant cultural relics that border each other geographically. Conversely, the Global Moran’s I for crime risk was more volatile, declining since 2011, with a notable trough occurring in 2014. In the same year, there was also a shift in p-value significance level, changing from 0.01 to 0.05, followed by a continuous increase in Global Moran’s I. After peaking in 2017, it began to decrease again, and a second trough emerged in 2019.



The appearance of these trends stems from China’s specific campaign against heritage crimes. Typically, after significant police operations are concluded in China, updates are released via the official website (www.mps.gov.cn (accessed on 20 June 2022)) of the Ministry of Public Security (MPS). These releases can be used to deduce the anti-crime actions taken by individual provinces at a macroscopic level. As previously analyzed, heritage crimes tend to happen in contiguous regions, such as the Shaanxi-Shanxi-Henan Province region, the Yangtze River Delta region, etc. Therefore, provinces rich in cultural relics and sharing borders are susceptible to clustering characteristics, contributing to the sustained elevation of the Global Moran’s I for crime risks.



According to MPS’s official website, China’s first special campaign against heritage crimes was conducted from December 2009 to June 2010, covering only nine key provinces. In May 2011, an eight-month long campaign was launched again, expanding the scope to seventeen key areas. As the number of provinces involved increased, crime risks were more evenly distributed across the country, leading to the sustained decline of Global Moran’s I until 2014. Another downward trend appeared after 2017, when the MPS and State Administration of Cultural Heritage jointly initiated a three-year-long nationwide campaign. During these campaigns, each province took actions to combat heritage crimes, offsetting the clustering characteristics of some heritage-rich and border-connected regions.



However, between 2015 and 2017, no national-level special campaigns were held. News reports indicate that provinces with significant cultural relics continue to conduct their own special campaigns in recent years. For instance, Shanxi launched a hundred-day operation to combat heritage crimes in 2015, while the Shaanxi Province implemented the “Eagle” special campaign. This phenomenon can be attributed to two factors. Firstly, provinces with abundant cultural relics may experience more heritage crimes. Secondly, these provinces gain more experience in resolving heritage crimes, leading to the reporting of more news and case-solving activities. When provinces with adjacent borders and rich cultural relic resources see significantly more criminal cases than others, they will again exhibit clustering.





5. Discussion


Preventing crime risks has both contemporary and future merits. By utilizing methods such as spatial analysis, correlation analysis, and spatial econometrics, this paper provides in-depth insights into the geographical distribution patterns, influencing factors, and policy sensitivities of crime risks. The results suggest that, when establishing security systems for protected heritage sites, their spatial characteristics, impact of tourism and economy, and potential policy effects on heritage crime risk should all be taken into account. Meanwhile, national or local governments should formulate heritage conservation policies based on fine-grained data and thorough analysis at the micro level. Targeted policies are needed for NPS in different spatial environments with varying economic and tourism conditions.



To circumvent the lack of crime risk data for cultural relics, this paper pioneers an approach of obtaining crime data from public judgment documents, which may have broader applications in the acquisition of other crime data.



In analyzing the influencing factors of heritage crime, crime is seen as a complex social phenomenon, and there are many factors that influence crime. Heritage managers should consider variables such as staff capacity, visitor limits, and heritage ontology alongside crime risk reduction when assessing the impact of tourism on heritage crime. While migrant workers are often assumed to be the main perpetrators of heritage crime, identifying them can require a much longer policy period than the time frame for detecting heritage crime trends. Impact factor analysis can thus provide useful indicators for detecting macro-level crime trends.



Criminal policy, particularly for non-traditional types of crime such as heritage crime, can also significantly impact crime distribution. Therefore, legislative safeguards against heritage crime should be strengthened if policy is found to substantially affect crime distribution.



While limited by the quality of crime risk data and available spatial analysis techniques, this paper highlights current crime risk patterns and emphasizes the need to enhance heritage security facilities and prioritize the protection of precious historical heritage.




6. Conclusions


Based on the crime risk data obtained from the Judgment Document Online, this paper used the ANN method, Directional Distribution (Standard Deviational Ellipse), OLS, GWR, and Global Moran’s I methods to explore and summarize the spatial characteristics of crime risks. The main conclusions are as follows:



Both NPS and crime risks showed clustering distribution characteristics in space. Most of the hot spots were located in the middle and lower reaches of the Yangtze River and the Yellow River, and the directional distribution showed different characteristics. Cases of cultural heritage crime involving illegal reselling typically remain within the province where the offence took place or nearby regions, with little spatial dispersion. However, the emergence of online reselling in recent years has made the flow of cultural heritages more scattered. The economy does not have an impact on crime risks. Specific types of crime risks are influenced by factors such as population density, distribution of NPS, and tourism development, while crime risk itself does not exhibit significant spatial heterogeneity. The agglomeration of crime risks in the time scale analyzed is related to China’s special campaign against heritage crime, and Global Moran’s I declined when a nationwide campaign was launched.



Extensive research has been conducted on the quantitative analysis of crime, and its findings have significantly informed practical police work, with their efficacy in crime control now being widely acknowledged. However, there has been limited quantitative research in the subdivision of heritage crime risk, and developing a systematic theory of heritage crime control requires a great deal of work. In-depth research on heritage crime is particularly significant, as it not only helps maintain the stability of the social environment but also protects precious historical and cultural heritage, as well as substantial economic interests. Therefore, conducting quantitative criminological research on heritage conservation and applying the findings to the practical work of heritage conservation is crucial. Utilizing a range of time–space criminological theories can support law enforcement efforts, and practical experience in combating heritage crime can also contribute to generating new criminological theories.
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Figure 1. Research Framework. 
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Figure 2. NPS is mainly distributed in the Yangtze and Yellow River basins. 
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Figure 3. Heat map of upstream and downstream crimes. 
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Figure 4. Global Moran’s I line graph of crime risk from 2011 to 2019. 
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Table 1. Data description.






Table 1. Data description.











	Data Name
	Type
	Sources
	Sub-Indicators





	Heritage crime
	The basic elements of the crime, such as time, place, etc.
	Website: China Judgments Online
	Unlawful excavation, illegal reselling, theft, and vandalism



	Protected heritage sites
	Geographic Information
	website of the State Council of China
	



	Tourism development
	Standard Statistics
	The provincial statistical yearbooks
	Tourism revenue and the number of tourists



	Economy
	Standard Statistics
	The statistical yearbooks
	Urbanization rate, per capita GDP, and urban–rural income gap



	Population
	Standard Statistics
	The National Temporary Resident Statistical Data Collection and the statistical yearbooks
	Floating population, migrant worker population and the population density
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Table 2. Analysis results of ANN.






Table 2. Analysis results of ANN.





	Risks
	ANN
	Z
	p
	Distribution





	NPS
	0.390
	−83.74
	0.01
	Aggregation



	Unlawful excavation
	0.164
	−126.16
	0.01
	Aggregation



	Theft
	0.691
	−11.62
	0.01
	Aggregation



	Vandalism
	0.498
	−24.55
	0.01
	Aggregation



	Illegal reselling
	0.379
	−46.99
	0.01
	Aggregation
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Table 3. Analysis of heritage crime sites for each year from 2011 to 2019 using ANN methodology.
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	Year
	ANN
	Z
	p
	Distribution





	2011
	0.533829
	−8.78338
	<0.01
	Aggregation



	2012
	0.319549
	−16.1018
	<0.01
	Aggregation



	2013
	0.540087
	−9.63822
	<0.01
	Aggregation



	2014
	0.351735
	−14.2485
	<0.01
	Aggregation



	2015
	0.638677
	−6.946833
	<0.01
	Aggregation



	2016
	0.466119
	−9.84957
	<0.01
	Aggregation



	2017
	0.528205
	−7.5515
	<0.01
	Aggregation



	2018
	0.458759
	−13.2195
	<0.01
	Aggregation



	2019
	0.575465
	−7.70487
	<0.01
	Aggregation
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Table 4. Exploratory regression tool output for indicators.
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Risks

	
Optimal AdjR2 Value




	
2019

	
2014

	
2011






	
Unlawful excavation

	
0.32

	
0.30

	
0.53




	
Theft

	
0

	
0.04

	
0.15




	
Illegal reselling

	
0.62

	
0.39

	
0.1




	
Vandalism

	
0.13

	
0.16

	
0











[image: Table] 





Table 5. The output of the OLS method.
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Risks

	
Variable

	
Coefficient

	
STD Error

	
t

	
Probability

	
Robust

_SE

	
Robust

_t

	
Robust

_Pr

	
VIF






	
Unlawful excavation in 2011

	
Intercept

	
−16.583

	
8.405

	
−1.973

	
0.059

	
4.906

	
−3.380

	
0.002 *

	
—




	
NPS

	
0.264

	
0.078

	
3.407

	
0.002 *

	
0.064

	
4.113

	
0.000 *

	
1.184




	
Domestic tourism income

	
−0.012

	
0.007

	
−1.841

	
0.077

	
0.006

	
−2.088

	
0.046 *

	
4.203




	
Number of domestic tourists

	
0.002

	
0.001

	
3.046

	
0.005 *

	
0.001

	
2.979

	
0.006 *

	
4.426




	
Illegal reselling in 2019

	
Intercept

	
−12.972

	
5.445

	
−2.382

	
0.025 *

	
5.363

	
−2.419

	
0.023 *

	
—




	
urban–rural income gap

	
3.088

	
1.902

	
1.624

	
0.116

	
1.734

	
1.781

	
0.086

	
1.031




	
population density

	
0.001

	
0.001

	
1.644

	
0.112

	
0.000

	
2.373

	
0.025 *

	
1.053




	
NPS

	
0.039

	
0.006

	
6.076

	
0.000 *

	
0.009

	
4.269

	
0.000 *

	
1.028








* p < 0.05.
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Table 6. OLS diagnostic report.
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	Unlawful Excavation in 2011
	Illegal Reselling in 2019





	AICc
	290.531
	173.521



	Multiple R-squared
	0.573
	0.623



	Adjusted R-squared
	0.526
	0.581



	Joint F
	12.086
	14.845



	Prob(>F)

degrees of freedom
	0.000 *
	0.000 *



	Joint Wald Statistic
	45.804
	24.214



	Prob(>chi-squared)

degrees of freedom
	0.000 *
	0.000 *



	Koenker (BP)
	8.818
	11.552



	Prob(>chi-squared)

degrees of freedom
	0.032 *
	0.009*



	Jarque–Bera
	6.891
	0.282



	Prob(>chi-squared)

degrees of freedom
	0.032 *
	0.868







* p < 0.05.
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Table 7. The Global Moran’s I of four crime risks and NPS.
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	Global Moran’s I
	Z Score
	p Value





	Unlawful excavation
	0.370
	3.681
	0.000



	Theft
	0.213
	2.264
	0.024



	Illegal reselling
	0.195
	2.577
	0.010



	Vandalism
	0.138
	1.964
	0.050



	NPS
	0.216
	2.121
	0.034
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Table 8. Global Moran’s I of crime risk.
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	Year
	Global Moran’s I
	Z Score
	p Value





	2011
	0.408
	3.748
	0.01



	2012
	0.347
	3.428
	0.01



	2013
	0.323
	3.355
	0.01



	2014
	0.176
	2.104
	0.05



	2015
	0.272
	2.887
	0.01



	2016
	0.337
	3.535
	0.01



	2017
	0.394
	3.922
	0.01



	2018
	0.353
	3.591
	0.01



	2019
	0.236
	2.439
	0.05
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