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Abstract

:

Geographical information systems have found successful applications to prediction and decision-making in several areas of vital importance to contemporary society. This article demonstrates how they can be combined with machine learning algorithms to create crime prediction models for urban areas. Selected point of interest (POI) layers from OpenStreetMap are used to derive attributes describing micro-areas, which are assigned crime risk classes based on police crime records. POI attributes then serve as input attributes for learning crime risk prediction models with classification learning algorithms. The experimental results obtained for four UK urban areas suggest that POI attributes have high predictive utility. Classification models using these attributes, without any form of location identification, exhibit good predictive performance when applied to new, previously unseen micro-areas. This makes them capable of crime risk prediction for newly developed or dynamically changing neighborhoods. The high dimensionality of the model input space can be considerably reduced without predictive performance loss by attribute selection or principal component analysis. Models trained on data from one area achieve a good level of prediction quality when applied to another area, which makes it possible to transfer or combine crime risk prediction models across different urban areas.
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1. Introduction


The last two decades have brought a huge increase of the scope and complexity of the applications of computational methods and tools developed within the field of geographical information science  [1,2,3]. They have become essential components of the information infrastructure of contemporary societies and their institutions. One possibility of increasing the utility of geographical information systems even further is to combine them with artificial intelligence methods for inference, decision making, optimization, and prediction. This work direction has been active for a long time [4,5,6,7], but the increased available computational power and the onset of more refined and effective algorithms makes it more promising than ever [8]. In particular, machine learning algorithms may be used to discover and generalize non-trivial relationships between geographical information and other factors or quantities, turning them into reusable predictive models.



One specific important application area where geographical information science meets machine learning is predictive policing [9]. The capability to predict which areas have particularly high risk of specific types of criminal events may help to effectively allocate law enforcement resources where they are most needed. Crime prediction using analytic algorithms from machine learning and statistics has, therefore, become a popular area of research and practical applications [10,11,12,13,14,15]. The potential contribution of achievements in this direction to the public security provides high motivation for applying a variety of methodologies to various kinds of potentially useful data. Besides police crime records, these may include, e.g., sociodemographic and economic statistics, social media posts, or data from geographical information systems. A widely available and frequently updated type of the latter are point of interest (POI) locations, which may provide a useful characteristic of urban areas.



1.1. Contributions


This work demonstrates how machine learning algorithms can be applied to data from geographical information systems to create crime prediction models. This confirms the high predictive utility potential of geographical information on one hand, and provides practical guidelines on applying machine learning algorithms with geographical data on the other hand. The latter includes a data preparation process with geographical aggregation to grid micro-areas, assigning class labels, deriving geographical attributes, handling class imbalance, dimensionality reduction, and model reuse across different areas.



Crime prediction for urban areas can be considered a classification task where a model is created predicting the risk of particular types of criminal events based on attributes characterizing the properties of particular micro-areas. Creating such a model requires preparing a combined dataset that includes both geographical attributes of micro-areas derived from POI locations and crime risk labels derived from crime records. Classification algorithms make it possible to capture and generalize the relationships between the former and the latter. The resulting models can be applied to predict the crime risk level for arbitrary new micro-areas for which geographical attributes are available, including newly developed or substantially transformed city districts for which previously collected crime records are not available or no longer adequately represent future crime risk.



The assumed model creation and prediction scenario can be summarized as follows:




	
geographical aggregation: divide the urban area of interest into micro-areas and aggregate crime records and POI counts on the level of micro-areas,



	
geographical attribute derivation: describe micro-areas by geographical attributes, derived from aggregated POI locations,



	
hotspot identification: label micro-areas as high/low risk with respect to the number of aggregated historical crime events,



	
hotspot modeling: create models for predicting high/low risk labels based on geographical attributes using classification algorithms,



	
hotspot prediction: apply the created models to predict high/low-risk labels for particular micro-areas based on geographical attributes.








The scenario uses historical data to create models capable of predicting future crime risk. It is noteworthy that micro-areas are not represented by identifiers or by coordinates, but rather described exclusively by attributes derived from geographically aggregated POI locations. This makes it possible to capture more general and reusable relationships, independent of a particular city topography.



The experimental procedure used to verify the utility of the proposed approach includes the following additional operations:




	
predictive power evaluation: assess the quality of obtained crime predictions using the k-fold cross-validation procedure and the ROC analysis,



	
attribute predictive utility evaluation: rank geographical attributes with respect to their utility for crime risk prediction using the random forest variable importance measure,



	
dimensionality reduction: verify the possibility of reducing the data dimensionality without degrading model quality by attribute selection and principal component analysis,



	
model transfer: verify the possibility of applying a model trained on data from one urban area for crime risk prediction in another urban area.









1.2. Related Work


Examining the utility of various available data sources to characterize geographical areas and create crime hotspot prediction models based on these characteristics belong to leading directions of crime prediction research. The literature contains several studies that are partially related to this work. A summary of those of them for which the objectives or methods are the most similar to the objectives or methods adopted in this article is presented in Table 1.



Each of these related studies combines crime records for a single urban area with some additional spatial data and performs geographical aggregation into micro-areas of different sizes. Then they apply classification or regression algorithms to either predict the crime risk level (after some form of hotspot identification) or the number of crime events. Two partial exceptions of this common pattern that do not create crime prediction models are the works of Traunmueller et al. [16] and Malleson and Andresen [17]. The former analyze the correlation between crime counts and the sociodemographic profile of people visiting particular micro-areas, based on footfall counts and customer attributes obtained from a mobile phone provider. The latter look for relationship patterns between population and area characteristics on the one hand, and crime hotspots on the other hand.



Distinguishing features of this work include:




	
using data from four different urban areas, unaddressed by previous research, rather than a single city,



	
risk prediction performed separately for several different crime types, with varying occurrence frequency,



	
fine-grained   300 × 300  -meter micro-areas used for geographical aggregation, hotspot labeling, and prediction, instead of much larger LSOA, community, or public statistics dissemination areas,



	
a broad set of POI categories used to describe micro-areas,



	
handling class imbalance by appropriate algorithm setup,



	
systematic comparison of prediction quality using the ROC analysis,



	
examining the effect of dimensionality reduction by attribute selection and principal component analysis,



	
examining the possibility of transferring crime prediction models across different urban areas.








It is noteworthy that several prior studies listed in Table 1 analyze both the spatial and temporal dimensions of crime  [18,19,20,21,22,23]. This is achieved either by applying autocorrelation and autoregression analysis of crime event time series, or by adding clock and calendar attributes (such as the hour or hour interval, day of the week, and month) to model inputs. Most of them also combine two or more spatial data sources to derive a more complete and useful micro-area characteristic. It may, therefore, appear to be a limitation of this work that it combines crime data with only one source of spatial data and does not include any temporal factors. While incorporating more sources of spatial and temporal information to crime risk modeling is a natural and promising continuation direction, this research is deliberately focused on POI locations only. This provides a clear picture of the predictive utility of this easily available data source and permits a more systematic and in-depth investigation of the modeling procedure, including the issues of dimensionality reduction and model transfer that received little or no attention so far.
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	Work
	Area
	Data Sources
	Aggregation Units
	Hotspot Identification
	Algorithms





	traunmueller et al. [16]
	London
	cellular networks
	grid cells a
	none
	correlation analysis



	bogomolov et al. [18,19]
	London
	sociodemography, cellular networks
	cellular network cells
	comparison to median
	random forest



	Malleson and Andresen [17]
	London
	sociodemography, cellular networks, social media, POI
	LSOA units b
	comparison to neighborhood
	correlation analysis, descriptive statistics



	Wang et al. [24]
	Chicago
	POI, taxi traffic
	community areas c
	none
	linear regression, negative binomial regression



	Yang et al. [25]
	New York
	POI, social media
	grid cells d
	kernel density estimation
	logistic regression, naive Bayes classifier, SVM, neural network, decision trees, random forest



	Lin et al. [20]
	Taoyuan
	POI
	grid cells e
	comparison to a threshold
	neural networks, kNN, SVM, random forest



	Dash et al. [21]
	Chicago
	school, library, and police station locations, library visits, emergency number calls
	community areas c
	none
	polynomial regression, SVM, autoregression



	Yi et al. [22]
	Chicago
	sociodemography, POI, taxi trajectories, city hotline requests
	community areas c
	none
	correlation analysis, clustered continuous conditional random field



	Bappee et al. [23]
	Halifax
	POI, streetlight infrastructure, social media
	dissemination areas f
	comparison to a threshold
	random forest, gradient boosting







a A variable-resolution grid defined by the mobile operator providing the data, between   210 × 210   m and   425 × 425   m. b The lowest level geographical areas used since 2001 for UK public statistics, typically with a population of 1500–1800. c 77 areas used for planning and public statistics in Chicago. d A geographical coordinate grid was applied with dimension   0.01 × 0.01   degrees, which corresponds to about   1110 × 840   m. e A   100 × 100  -meter grid. f 599 areas used for public statistics in Halifax.












1.3. Paper Overview


Section 2 presents the datasets used for this work, the data preparation procedure applied to crime and POI data, the algorithms used for creating crime risk prediction models, and the experimental procedure. The results of the experiments are presented in Section 3. The main findings and future work directions are discussed in Section 4.





2. Materials and Methods


2.1. Data


The experimental study presented in this article uses two sources of publicly available data: UK Police crime records and OpenStreetMap point of interest locations.



2.1.1. Crime Data


UK Police crime records are available from the data.police.uk website. For the purpose of this work, crime records were retrieved for the following territorial police forces:




	
Greater Manchester Police,



	
Merseyside Police,



	
Dorset Police,



	
West Yorkshire Police,








Covering the time span between October 2016 and September 2019. For each crime event the geographical location and crime type information is available.



The four crime datasets were filtered to only include the corresponding biggest urban areas, i.e., respectively, the following UK districts:




	
Manchester District (referred to as Manchester thereafter),



	
Liverpool District (referred to as Liverpool thereafter),



	
Bournemouth, Christchurch and Poole District (referred to as Bournemouth thereafter),



	
Wakefield District (referred to as Wakefield thereafter).








The filtering was performed using the UK administrative boundaries available from the ordnancesurvey.co.uk website.



Out of 14 originally included crime types the following subset is used for the experiments:




	
Anti-social behaviour (referred to as ANTISOCIAL thereafter),



	
Violence and sexual offences (referred to as VIOLENCE thereafter),



	
Burglary (referred to as BURGLARY thereafter),



	
Shoplifting (referred to as SHOPLIFTING thereafter),



	
Other theft (referred to as THEFT thereafter),



	
Robbery (referred to as ROBBERY thereafter).








Figure 1 presents crime count barplots for these crime types within each of the urban areas of interest. Figure 2 illustrates crime locations on the borderline maps of the corresponding areas. The distribution of crime types is similar for each urban area, with the ANTISOCIAL and VIOLENCE types being the most frequent, the BURGLARY, SHOPLIFTING, and THEFT types having a medium frequency, and the ROBBERY type being the least frequent. The frequency and spatial density of crimes are the highest for Manchester and the lowest for Wakefield.




2.1.2. POI Data


The point of interest data were obtained as shapefiles with selected OpenStreetMap layer extracts, available from Geofabrik.de [26]. POI shapefile loading and preprocessing was performed using the rgdal [27] and sp [28] R packages. The following layers were used:




	pois:

	
POI objects represented as points,




	pois_a:

	
POI objects represented as polygons,




	transport:

	
transport objects represented as points,




	transport_a:

	
transport objects represented as polygons.









Each POI object is described by geographical coordinates and a category. The number of actually occurring categories differs across areas and ranges from 107 for Liverpool to 122 for Bournemouth. There are 97 common categories occurring in each of the four urban areas and only these are used in the experimental study.



Figure 3 presents POI count barplots for the most frequent 30 categories within each of the urban areas of interest. Figure 4 illustrates POI locations on the borderline maps of the corresponding areas. The most frequent POI categories are mostly the same for all urban areas. The main difference is that the bus_stop category, which is always the most frequent, absolutely dominates other categories for Manchester, Liverpool, and Wakefield, whereas it is just slightly above the next category for Bournemouth.




2.1.3. Geographical Aggregation


For the purpose of simple hotspot identification, each urban area was partitioned into a square grid with dimensions of   300 × 300   m, as illustrated in Figure 5. The POI data were aggregated using the same   300 × 300   grid. POI counts within   300 × 300   grid cells for each of the common POI categories serve as input attributes for prediction.



The applied grid resolution may be considered a reasonable tradeoff between providing crime hotspot predictions at the level of small micro-areas for maximum utility on one hand, and using larger micro-areas for greater prediction reliability on the other hand. A fine-grained grid would make model predictions more useful for law enforcement agencies, making it possible to more precisely allocate prevention resources, but the number of POI objects within grid cells might be too small to permit discovering generalizable patterns with predictive value. A coarse-grained grid would ensure that there are enough data points within grid cells, but the resulting predictions would be of questionable practical utility. The   300 × 300   grid cells are much smaller micro-areas than those used in most previous studies mentioned in Section 1.2, but still sufficiently large to usually contain several POI objects.




2.1.4. Hotspot Identification


Crime counts for particular crime types within grid cells were converted to binary high/low risk labels using the 3rd quartile as the cutoff point (high risk if the event count is above the 3rd quartile, low risk otherwise). The resulting binary risk indicators serve as target attributes for prediction. High-risk micro-areas can be considered crime hotspots [29].



The applied method of hotspot identification is simple and efficient, but clearly imperfect. Arbitrary square grid boundaries and fixed resolution, insensitive to differences in building and population density as well as traffic patterns, are its obvious shortcomings. This approach is adopted for this work, despite its limitations, to focus on the utility of POI data and the level of prediction quality possible to obtain in a most basic setting, and postpone investigating more refined variable-resolution methods to future work.



One possible alternative to a regular fixed-resolution grid could be dividing the urban area along street boundaries [30]. Since traffic, residential buildings, offices, shops etc. concentrate along streets, determining boundaries based on their layout and connections may identify more homogeneous micro-areas with respect to the risk and type of criminal events. They could be also more useful for planning crime prevention activities.



Geographical aggregation of crime events within micro-areas, even with a variable resolution, implies fixed boundaries and step changes between adjacent micro-areas. Even very close locations belonging to two different micro-areas could be then assigned substantially different risk levels. A more adequate representation of actual risk could be a smoothed risk level, gradually changing with the distance. This can be achieved using kernel density estimation (KDE) [31]. In this approach, event locations are used to estimate a probability density function by smoothing, controlled by a bandwidth parameter. This produces a continuous mapping of points from an analyzed area to an event probability density. Micro-areas with the highest probability density, considered hotspots, have no arbitrarily predefined boundaries, but are identified based on event distribution [32,33,34,35]. Combining  crime risk modeling and prediction based on POI attributes with a KDE-based hotspot identification method could be an interesting future work direction.



The idea of crime hotspots can be extended to incorporate crime frequency changes in time, besides their territorial density. Such spatio-temporal hotspots represent combinations of micro-areas and time windows with a high risk of criminal activity [14,36]. This study does not incorporate the time dimension into the analysis, though, to entirely focus on the predictive utility of POI data.




2.1.5. Combined Data


Joining the geographically aggregated crime data and POI data by grid cells yields combined datasets for each urban area that are used for model creation and evaluation. Rows of these datasets correspond to grid cells and columns correspond to the risk indicators and POI attributes. Each of these datasets is limited to grid cells that fall within or intersect with the corresponding urban area, according to UK district boundaries. Table 2 presents the size of each dataset and the hotspot percentage for particular crime types. For the least frequent crime types this percentage is substantially below the expected level of 25%. This occurs when there are less than 25% grid cells with non-zero event counts for the corresponding crime type.





2.2. Algorithms


An arbitrary classification algorithm can be used to predict high/low risk labels based on POI attributes. A selection of the most useful algorithms known from the literature is applied in this work: logistic regression, support vector machines, decision trees, and random forests [37].



2.2.1. Logistic Regression


Logistic regression is an instantiation of generalized linear models which adopts a composite model representation function, with an inner linear model and an outer logit transformation [38]. Training a logistic regression model consists in finding model parameters which maximize the log-likelihood of training set classes.



Due to the probabilistic objective function used for parameter estimation, logistic regression can generate well-calibrated probability predictions and is often the classification algorithm of the choice where this is required. It is easy to apply and not overly prone to overfitting unless used for high-dimensional data. In our experiments, logistic regression serves as a natural comparison baseline for the more refined support vector machines algorithm which extends linear classification, achieving better overfitting resistance and permitting nonlinear relationships.




2.2.2. Support Vector Machines


Support Vector Machines (SVM), which often belong to the most effective general-purpose classification algorithms, can be viewed as a considerably strengthened version of a basic linear-threshold classifier with the following enhancements [39,40,41]:   




	
margin maximization: the location of the decision boundary (separating hyperplane) is optimized with respect to the classification margin,



	
soft margin: incorrectly separated instances are permitted,



	
kernel trick: complex nonlinear relationships can be represented by representation transformation using kernel functions.   








The SVM algorithm assumes a binary classification scenario with two classes. Class predictions are generated using a standard linear-threshold rule. Model parameters are found by solving a quadratic programming problem defined to achieve classification margin maximization, i.e., placing the decision boundary so as to maximize the distance from the closest correctly separated instances, with a penalty for constraint violations controlled by a cost parameter.



Transforming this problem to a dual form by applying Lagrange multipliers provides substantial advantages [42,43]. A particularly important property of the dual form is that it only uses attribute value vectors within dot products, both during model creation and during prediction. This makes it possible to apply the kernel trick—an implicit representation transformation. Instead of dot products of original attribute value vectors kernel function values are used, which represent dot products of enhanced attribute value vectors. This achieves the effect of transforming attribute values vectors without actually applying the transformation.



Instead of binary linear-threshold SVM predictions, it may be often more convenient to use probabilistic predictions. This is possible by applying a logistic transformation to the signed distance of classified instances from the decision boundary, with parameters adjusted for maximum likelihood [44].



A noteworthy property of SVM is the insensitivity of model quality to data dimensionality, which—unlike for many other algorithms—does not increase the risk of overfitting because model complexity is related to the number of instances close to the decision boundary rather than to the number of attributes.




2.2.3. Decision Trees


A decision tree [45,46] is a hierarchical structure that represents a classification model. Internal tree nodes represent splits applied to decompose the domain into regions, and terminal nodes assign class labels or probabilities to regions believed to be sufficiently small or sufficiently uniform.



Decision trees are popular in many applications due to their capability of combining reasonably good prediction accuracy with the human readability of models. They may require appropriately tuned stop criteria or pruning to avoid overfitting. In our experiments, decision trees serve as a natural comparison baseline for the more refined random forest algorithm which combines multiple trees to achieve better prediction quality and overfitting resistance.




2.2.4. Random Forest


Random forests belong to the most popular ensemble modeling algorithms [47], which achieve improved predictive performance by combining multiple diverse models for the same domain. A random forest [48] is an ensemble model represented by a set of unpruned decision trees, grown based on multiple bootstrap samples drawn with replacement from the training set, with randomized split selection. It can be considered an enhanced form of bagging [49] that additionally stimulates the diversity of individual models in the ensemble by randomizing the decision tree growing algorithm used to create them.



Random forest growing consists in growing multiple decision trees, each based on a bootstrap sample from the training set (usually of the same size as the original training set), by using an essentially standard decision tree growing algorithm [45,46]. Since the expected improvement of the resulting model ensemble over a single model is contingent upon sufficient diversity of the individual models in the ensemble [47,49], the following modifications are applied to stimulate the diversity of decision trees that are supposed to constitute a random forest:




	
large maximally fitted trees are grown (with splitting continued until reaching a uniform class, exhausting the set of instances, or exhausting the set of possible splits),



	
whenever a split has to be selected for a tree node, a small subset of available attributes is selected randomly and only those attributes are considered for candidate splits.








Random forest prediction is achieved by simple unweighted voting of individual trees from the model. Vote distribution can be also used to obtain class probability predictions. With sufficiently many diversified trees (typically hundreds) this simple voting mechanism usually makes random forests extremely accurate and resistant to overfitting. As a matter of fact, in many cases, they belong to the most accurate classification models that can be achieved.





2.3. Dimensionality Reduction


A large number of attributes may prevent some modeling algorithms, particularly those prone to overfitting, from achieving high quality models. This is because model creation is a search process in the model representation space, the complexity of which usually directly depends on data dimensionality [50]. This increases the risk of overfitted models with insufficient generalization capabilities. Some of the available attributes may have no real predictive value and exhibit a relationship with class labels only by chance.



The datasets prepared for the analysis as described in Section 2.1 have 97 input attributes, corresponding to POI categories common for all the four urban areas. This can be considered relatively high dimensionality, particularly given the moderate size of the datasets (between about 1500 and 4000), in which instances correspond to grid cells. It may therefore be interesting to see whether dimensionality reduction techniques can lead to improved prediction quality.



Two types of dimensionality reduction will be considered:




	
attribute selection, which retains a small subset of the set of original attributes,



	
representation transformation, which replaces the original attributes with a small subset of new attributes.








2.3.1. Attribute Selection


The purpose of attribute selection is to limit the full set of available attributes to its possibly small subset with the highest predictive utility [51]. Attribute selection methods include filter approaches that use some measures of predictive utility of individual attributes and attribute subset without assuming any specific target modeling algorithm, and wrapper approaches in which a pre-established target algorithm is used to create models on attribute subset to evaluate their utility [52]. The latter may have advantages when the most useful attribute for a single algorithm is required, but the former is more convenient when experimenting with multiple algorithms, as in this work.



One type of attribute selection filters that has gained high popularity is based on attribute utility measures that can be calculated as a “side effect” of the random forest algorithm [48], often referred to as random forest variable importance. One of those measures, called mean decrease accuracy (MDA) and considered the most reliable, is the estimated decrease of prediction accuracy due to a random attribute value permutation [53]. The higher the decrease, the more useful the attribute appears to be. Unlike simple statistic relationship measures, this type of variable importance is sensitive to the context provided by other available attributes.



There are two inconveniences associated with directly applying random forest variable importance to attribute selection. One is instability, resulting from the algorithm’s randomness, and the other is the lack of automated subset selection mechanism determining how many of the most useful attributes should be used. These inconveniences are overcome by the Boruta [54] algorithm, which repeatedly applies the random forest to decide which attributes should be retained and which ones can be removed from the subset. This comes at a significant computational expense, though. For the experiments presented in this article, the MDA variable importance is used directly, but the stability is increased by averaging importance values from all models created within a cross-validation procedure. These averaged importance values are then used to select subsets of top attributes of a few arbitrarily pre-determined sizes.




2.3.2. PCA Transformation


An alternative approach to dimensionality reduction consists in transforming data to another representation by applying some algebraic transformation. It generates a new smaller set of attributes, each of which is functionally dependent on some or all of the original attributes. The most common type of such a transformation is principal component analysis (PCA) [55,56].



The PCA transformation is performed by identifying new attributes as principal components—uncorrelated linear combinations of the original attributes. Each subsequent principal component is supposed to maximize the variance while preserving orthogonality to the preceding ones. This can be achieved by determining eigenvectors and eigenvalues of the attribute correlation or covariance matrix or by applying the singular value decomposition [57] to the covariance matrix.



To reduce the original dimensionality n one has to select   k < n   first principal components. When using the dataset of reduced dimensionality to create predictive models, it is necessary to transform new data at the prediction phase to the same representation as determined based on the training data, by multiplying by the corresponding projection matrix.





2.4. Predictive Performance Evaluation


The most common classification quality measures such as the misclassification error or classification accuracy are not very useful whenever classes are unbalanced or likely to have different predictability. They also do not adequately capture the predictive power of probabilistic models which can be used in various operating points, corresponding to different probability cutoff values. This is why, in the experiments reported in this article, classification quality is visualized using ROC curves, presenting possible tradeoff points between the true positive rate and the false positive rate  [58,59]. The former is the ratio of the number of all crime hotspots correctly predicted by the model to the number of all actual crime hotspots, and the latter is the ratio of the number of non-hotspot grid cells incorrectly predicted by the model to be hotspots to the number of all non-hotspot grid cells. Model operating points visualized by ROC curves are summarized using the area under the ROC curve (AUC). It serves as an overall measure of predictive power and can be interpreted as the probability of a hotspot grid cell achieving a higher crime risk prediction than a non-hotspot grid cell. It is proportional to the value of the Mann–Whitney U statistic for testing the hypothesis that hotspots receive higher risk predictions than non-hotspots.



To achieve reliable, low-bias and low-variance predictive performance estimates, the 10-fold cross-validation procedure repeated 10 times is applied [60]. It makes effective use of the available data for both model creation and evaluation by randomly splitting it into 10 equally sized subsets, each of which serves as a test set for evaluating the model created on the combined remaining subsets, and repeating this process 10 times to further reduce the variance. The true class labels and predictions for all   10 × 10   iterations are then combined to determine ROC curves and AUC values.




2.5. Algorithm Implementations and Setup


The following algorithm implementations are used in the experiments:




	
logistic regression: the implementation provided by the standard glm R function [61],



	
SVM: the implementation provided by the e1071 R package [62],



	
decision trees: the implementation provided by the rpart R package [63].



	
random forest: the implementation provided by the randomForest R package [64].








For the logistic regression and SVM algorithms parameters controlling the underlying optimization process were left at default values. The SVM parameters specifying the optimization problem were set as follows:




	
the cost of constraint violation (cost): 1,



	
the kernel type (kernel):radial,



	
the kernel parameter (gamma): the inverse of the number of attributes (input dimensionality),



	
class weights in constraint violation penalty (class.weights): 3 for the high risk class, 1 for the low risk class.   








For the decision tree algorithm, the default stop criteria were used, including minsplit (the minimum number of instances required for a split) set to 20 and cp (the complexity parameter) set to   0.01  . This is supposed to prevent overfitting and verify whether the relationships between crime risk and POI attributes are simple enough to enable successful prediction with relatively small trees. Uniform prior probabilities for the two classes were set via the prior parameter.



For the random forest algorithm, the following setup was used:   




	
the number of trees (ntree): 500,



	
the number of attributes for split selection at each node (mtry): the square root of the total number of available attributes,



	
the stratified bootstrap sample size (sampsize): the number of instances of the high risk class (the minority class).   








It is worthwhile to notice that the parameter setups for the SVM, decision tree, and random forest algorithm include settings responsible for properly handling unbalanced classes (ensuring sufficient sensitivity to the minority class). This is achieved by specifying class weights for SVM (assigning a higher weight to the minority class when calculating the constraint violation penalty term in the optimization objective), setting uniform class priors for decision trees, and specifying stratified bootstrap sample size for the random forest algorithm (drawing the maximum possible number of minority class instances and the same number of the majority class instances). These settings were verified to indeed improve model quality. No form of class rebalancing is necessary for the logistic regression algorithm, since any class weights or priors would only shift the default class probability cutoff point used for predicted class label assignment. This would serve no useful purpose given the fact that the ROC analysis used for predictive performance evaluation is based on predicted class probabilities instead of class labels anyway.





3. Results


The experimental evaluation of the utility of POI data for crime risk prediction is based on the assessment of the quality of classification models which predict risk indicators for the selected crime types based on POI attributes. The experiments are organized into the following three studies:




	
prediction quality: evaluating the level of crime risk prediction quality achieved by particular algorithms using all POI attributes,



	
attribute predictive utility: assessing the predictive utility of particular POI attributes,



	
dimensionality reduction: examining the effects of dimensionality reduction by attribute selection and principal component analysis,



	
model transfer: verifying the possibility of applying a model trained on data from one urban area to predict crime risk in another urban area.








3.1. Prediction Quality


The ROC curves visualizing the prediction quality for logistic regression (LR), SVM, decision tree (DT) and random forest (RF) models are presented in Figure 6, Figure 7, Figure 8 and Figure 9. The area under curve values are provided in the plot legends. The gray dashed diagonal line represents the random guess performance with an AUC of   0.5  .



The following observations can be made:




	
good quality risk prediction for each of the six selected crime types is possible using POI attributes, with AUC values approaching or exceeding   0.8   for most urban areas and crime types,



	
reasonable operating points with a true positive rate of about   0.8   and a false positive rate of at most   0.2   are usually achievable (and can be identified, e.g., by selecting class probability cutoff values yielding the maximum true positive rate with the false positive rate not exceeding   0.2  ),



	
the random forest algorithm achieves the best predictive performance regardless of the urban area and the crime type,



	
the SVM algorithm is similarly successful in most cases,



	
logistic regression and decision tree models give clearly inferior prediction quality, which suggests that the relationship between crime risk and POI attributes may not be simple enough to be adequately represented by a linear function or a small tree,



	
crime predictability for Wakefield appears to be better than for the other urban areas, with AUC values approaching or exceeding   0.9  ,



	
SHOPLIFTING appears to be the best predictable crime type based on POI attributes, which is not surprising given its obvious relationship to store locations.








To verify whether the observed differences in algorithm performance are statistically significant, the nonparametric DeLong test [65] for AUC comparison was applied. For each of the four urban areas and the six crime types, and for each pair of algorithms, the p-value was determined for the alternative hypothesis that the AUC value achieved by the first algorithm is greater than the one achieved by the other algorithm. Table 3 summarizes the obtained test results, by providing for each pair of algorithms    alg 1  ,  alg 2   , where   alg 1   is a table row label and   alg 2   is a table column label, the number of times (i.e., urban area-crime type pairs) for which   alg 1   significantly outperformed   alg 2   at the   0.01   level of significance.



It can be immediately seen than the random forest was better than both logistic regression and decision trees in all 24 cases, and better than SVM in 14 out of 24 cases. The latter was always better than logistic regression, and almost always better than decision trees. Logistic regression performed mostly similarly as decision trees, being significantly better in 10 out of 24 cases and significantly worse in 4 out of 24 cases. The decision tree algorithm exhibits the worst overall performance.




3.2. Attribute Predictive Utility


The random forest mean decrease accuracy variable importance measure was used to examine the predictive utility of POI attributes for particular crime types. The corresponding MDA values from the random forest models previously created for prediction quality evaluation were averaged over all cross-validation iterations and over crime types. The results are presented in Figure 10. In each plot, the top 30 attributes are presented, ranked from the most useful to the least useful.



The rankings of predictive utility do not vary substantially across urban areas. The following are among the most predictively useful categories of POI objects: bus_stop, supermarket, post_box, pub, school, cafe, convenience, fast_food, restaurant, telephone. While bus_stop, post_box, pub, cafe and fast_food belong to the most frequent POI categories (as it can be seen in Figure 3), this is not quite the case for supermarket, convenience, or telephone. The importance of POI categories cannot be therefore attributed just to their occurrence frequency.




3.3. Dimensionality Reduction


To examine the effect of dimensionality reduction, the experiments from the prediction quality study were repeated in the following two modified variants:




	
with attribute selection: using 5, 10, and 25 top attributes according to the random forest variable importance ranking,



	
with PCA: using 5, 10, and 25 first principal components.








To save space, only AUC values, averaged over all crime types, are presented for this dimensionality reduction study: in Table 4 for attribute selection and in Table 5 for PCA. For easier comparison with the results obtained using the original dimensionality, for each algorithm there is an additional row corresponding to attribute subset size or the number of principal components equal 97, i.e., the number of all POI attributes used in the previously presented experiments.



The following observations can be made:




	
dimensionality reduction helps the logistic regression and decision tree algorithms achieve better prediction quality (only PCA gives an improvement for the latter),



	
the quality of SVM and random forest predictions does not improve due to dimensionality reduction,



	
dimensionality reduction by PCA is more effective than by attribute selection (the latter gives a smaller improvement for logistic regression and no improvement for decision trees),



	
the top 25 attributes are usually sufficient to achieve the best possible level of prediction quality,



	
the first five principal components are usually sufficient to achieve the best possible level of prediction quality.









3.4. Model Transfer


In the model transfer experiments, all pairs of different urban areas were considered. For each pair, the dataset for one urban area was used to create prediction models for all crime types. The obtained models were then applied to generate crime risk predictions for the other urban area. The quality of these predictions was evaluated, as before, using the area under the ROC curve. Notice that, unlike in the previous two studies, the   10 × 10  -fold cross-validation procedure was not used. This is because the datasets for model creation and for model evaluation are naturally disjoint, as coming from two different urban areas.



Since input attributes used by the predictive models are POI counts within grid cells of a fixed uniform resolution, they actually represent densities and therefore need no normalization by area to enable model transfer. Other forms of normalization—e.g., by population or by the overall number of POI objects in a given urban area—might be useful to compensate for differences between densely-developed and sparsely-developed urban areas, but examining the impact of such techniques on model transfer performance is postponed for future work.



The AUC values obtained in the model transfer study are presented in Table 6. A separate section of this table corresponds to each crime type and contains rows and columns corresponding to the four urban areas. Rows correspond to urban areas used for model creation (training) and columns correspond to urban areas used for model application (prediction). Diagonal values, however, are not obtained by training and evaluating on the same dataset. These are the cross-validated AUC obtained in the prediction quality study (Figure 6, Figure 7, Figure 8 and Figure 9). This makes it possible to compare the prediction quality of models transferred to a different urban area and models used in the same urban area where they were trained (although on previously unseen data).



The observations can be summarized as follows:




	
model transfer can be generally considered successful, with the difference of AUC values between “foreign” and “native” models not exceeding   0.05  –  0.1   in most cases,



	
the models trained on the Manchester and Liverpool data have better transfer performance than those trained on the Bournemouth and Wakefield data,



	
when applied for prediction in Bournemouth and Wakefield, “foreign” models are as good as the “native” ones.










4. Discussion


This paper experimentally investigated the utility of point of interest data for crime risk prediction. The study was performed using police crime records for selected UK urban areas OpenStreetMap POI layers. A simple grid aggregation method for combining geotagged crime events with point-of-interest locations was applied. The results suggest that POI attributes are highly useful for crime prediction, making it possible to accurately discriminate between high-risk and low-risk areas. High-quality models for crime hotspot prediction based on POI attributes may become essential components of predictive policing systems, allowing law enforcement agencies to more effectively prevent crime using constrained resources [9].



It is worthwhile to underline that crime risk predictions are made using per-category POI counts as the only type of area description, without any area identifiers or coordinates. The created models capture relationships between crime risk and POI density observed in historical data and use them to predict future crime risk, without being tied to a particular city topography.



The patterns of relationship between crime risk and POI attributes are not trivial, though, since logistic regression and decision trees are outperformed by SVM and random forest models by a substantial margin. The superiority of the latter two algorithms, verified to be statistically significant, is not unexpected given the fact that they belong to the most successful classification algorithms. In particular, they are both relatively resistant to overfitting, which turns out to be a significant advantage in this application, with nearly a hundred POI attributes and no more than a few thousand grid cells to learn from. This is also consistent with the observation that their performance did not improve after applying dimensionality reduction, which suggests that they can use use the full set of available attributes without overfitting.



The classification quality achieved by both decision trees and logistic regression improved due to dimensionality reduction by PCA. It turned out more effective than attribute selection: no small subset of POI categories turned out sufficient for high quality crime prediction, but projection into a space of just a few principal components permitted achieving nearly the same predictive performance as the full set of attributes. This confirms that the relationships between crime risk and POI attributes cannot be adequately captured by formulas or attribute-value conditions based on a small number of the most common or most characteristic POI categories.



Further work is needed to verify the usefulness of POI attributes for crime prediction for multiple diverse cities. It would be also interesting to examine the impact of grid resolution on prediction quality and the utility of more refined methods of spatial aggregation and hotspot identification, including variable-resolution grids and kernel density estimation. By comparing crime records and predictions obtained using time-tagged POI data (e.g., from map extracts collected over a period of several months or years) it may be possible to observe how new city district development is reflected by changing POI counts corresponding to emerging new risk areas. More extensive model transfer experiments, enriched by the analysis of urban area differences with respect to population characteristics and the level of development and normalization techniques compensating for these differences, could help identify conditions under which successful model transfer is possible. It may be also interesting and useful to have the detected relationships between specific POI categories and crime types examined by criminology experts.



The promising results obtained with classification models provide an encouragement to consider other types of modeling using crime records and POI attributes, such as regression for crime count prediction or clustering for identifying similarity patterns between micro-areas with respect to POI and crime occurrence. It would be also worthwhile to verify the utility of other data sources from which attributes describing city areas can be derived, such as geotagged social media data and mobile network data.



While this research only considers the relationship of crime risk to area attributes, a natural extension would be to additionally consider attributes describing time. These could include, in particular, hour, day of week, month of year, and a holiday indicator, as well as attributes describing actual or forecasted weather conditions. This work direction could be further extended by adopting some spatio-temporal hotspot identification methods [14,36] and appropriate spatio-temporal prediction evaluation procedures [66].
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The complete data and code used to perform this study are available in the figshare.com repository at the link https://doi.org/10.6084/m9.figshare.11662359.








Funding


This research received no external funding.




Conflicts of Interest


The author declares no conflict of interest.




References


	



Goodchild, M.F. Geographic Information Systems and Science: Today and Tomorrow. Ann. GIS 2009, 15, 3–9. [Google Scholar] [CrossRef]

	



Longley, P.A.; Goodchild, M.F.; Maguire, D.J.; Rhind, D.W. Geographic Information Systems and Science, 4th ed.; Wiley: New York, NY, USA, 2015. [Google Scholar]

	



Faiz, S.; Mahmoudi, K. (Eds.) Handbook of Research on Geographic Information Systems Applications and Advancements; IGI Global: Hershey, PA, USA, 2017. [Google Scholar]

	



Smith, T.R. Artificial Intelligence and Its Applicability to Geographical Problem Solving. Prof. Geogr. 1984, 36, 147–158. [Google Scholar] [CrossRef]

	



Leung, Y.; Leung, K.S. An Intelligent Expert System Shell for Knowledge-Based Geographical Information Systems: 1. The Tools. Int. J. Geogr. Inf. Syst. 1993, 7, 189–199. [Google Scholar] [CrossRef]

	



Leung, Y.; Leung, K.S. An Intelligent Expert System Shell for Knowledge-Based Geographical Information Systems: 2. Some Applications. Int. J. Geogr. Inf. Syst. 1993, 7, 201–213. [Google Scholar] [CrossRef]

	



Hagenauer, J.; Helbich, M. Mining Urban Land-Use Patterns from Volunteered Geographic Information by Means of Genetic Algorithms and Artificial Neural Networks. Int. J. Geogr. Inf. Sci. 2012, 26, 963–982. [Google Scholar] [CrossRef]

	



Janowicz, K.; Gao, S.; McKenzie, G.; Hu, Y.; Bhaduri, B. GeoAI: Spatially Explicit Artificial Intelligence Techniques for Geographic Knowledge Discovery and Beyond. Int. J. Geogr. Inf. Sci. 2019. [Google Scholar] [CrossRef]

	



Perry, W.L.; McInnis, B.; Price, C.C.; Smith, S.; Hollywood, J.S. The Role of Crime Forecasting in Law Enforcement Operations; Technical Report RR-233-NJ; RAND Corporation: Santa Monica, CA, USA, 2013. [Google Scholar]

	



Chen, H.; Chung, W.; Xu, J.J.; Wang, G.; Qin, Y.; Chau, M. Crime Data Mining: A General Framework and Some Examples. Computer 2004, 37, 50–56. [Google Scholar] [CrossRef]

	



Bernasco, W.; Nieuwbeerta, P. How Do Residential Burglars Select Target Areas? A New Approach to the Analysis of Criminal Location Choice. Br. J. Criminol. 2005, 45, 296–315. [Google Scholar] [CrossRef]

	



Bowers, K.J.; Johnson, S.D.; Pease, K. Prospective Hot-Spotting: The Future of Crime Mapping? Br. J. Criminol. 2004, 44, 641–658. [Google Scholar] [CrossRef]

	



Short, M.B.; D’Orsogna, M.R.; Brantingham, P.J.; Tita, G.E. Measuring and Modeling Repeat and Near-Repeat Burglary Effects. J. Quant. Criminol. 2009, 25, 325–339. [Google Scholar] [CrossRef]

	



Mohler, G.O.; Short, M.B.; Brantingham, P.J.; Schoenberg, F.P.; Tita, G.E. Self-Exciting Point Process Modeling of Crime. J. Am. Stat. Assoc. 2011, 106, 100–108. [Google Scholar] [CrossRef]

	



Malleson, N.; Heppenstall, A.; See, L.; Evans, A. Using an Agent-Based Crime Simulation to Predict the Effects of Urban Regeneration on Individual Household Burglary Risk. Environ. Plan. Plan. Des. 2013, 40, 405–426. [Google Scholar] [CrossRef]

	



Traunmueller, M.; Quattrone, G.; Capra, L. Mining Mobile Phone Data to Investigate Urban Crime Theories at Scale. In Proceedings of the Sixth International Conference on Social Informatics, Barcelona, Spain, 10–13 November 2014. [Google Scholar]

	



Malleson, N.; Andresen, M.A. Exploring the Impact of Ambient Population Measures on London Crime Hotspots. J. Crim. Justice 2016, 46, 52–63. [Google Scholar] [CrossRef]

	



Bogomolov, A.; Lepri, B.; Staiano, J.; Oliver, N.; Pianesi, F.; Pentland, A. Once Upon a Crime: Towards Crime Prediction from Demographics and Mobile Data. In Proceedings of the Sixteenth International Conference on Multimodal Interaction, Istanbul, Turkey, 12–16 November 2014. [Google Scholar]

	



Bogomolov, A.; Lepri, B.; Staiano, J.; Letouzé, E.; Oliver, N.; Pianesi, F.; Pentland, A. Moves on the Street: Classifying Crime Hotspots Using Aggregated Anonymized Data on People Dynamics. Big Data 2015, 3, 148–158. [Google Scholar] [CrossRef] [PubMed]

	



Lin, Y.L.; Yen, M.F.; Yu, L.C. Grid-Based Crime Prediction Using Geographical Features. ISPRS Int. J. Geo Inf. 2018, 7, 298. [Google Scholar] [CrossRef]

	



Dash, S.K.; Safro, I.; Srinivasamurthy, R.S. Spatio-Temporal Prediction of Crimes Using Network Analytic Approach. arXiv 2018, arXiv:1808.06241. [Google Scholar]

	



Yi, F.; Yu, Z.; Zhuang, F.; Zhang, X.; Xiong, H. An Integrated Model for Crime Prediction Using Temporal and Spatial Factors. In Proceedings of the Eighteenth IEEE International Conference on Data Mining, Singapore, 17–20 November 2018. [Google Scholar]

	



Bappee, F.K.; Petry, L.M.; Soares, A.; Matwin, S. Analyzing the Impact of Foursquare and Streetlight Data with Human Demographics on Future Crime Prediction. arXiv 2020, arXiv:2006.07516. [Google Scholar]

	



Wang, H.; Kifer, D.; Graif, C.; Li, Z. Crime Rate Inference with Big Data. In Proceedings of the Twenty-Second ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, San Francisco, CA, USA, 13–17 August 2016. [Google Scholar]

	



Yang, D.; Heaney, T.; Tonon, A.; Wang, L.; Cudré-Mauroux, P. CrimeTelescope: Crime Hotspot Prediction Based on Urban and Social Media Data Fusion. World Wide Web 2017, 21, 1323–1347. [Google Scholar] [CrossRef]

	



Ramm, F. OpenStreetMap Data in Layered GIS Format. Available online: https://www.geofabrik.de/data/geofabrik-osm-gis-standard-0.6.pdf (accessed on 22 May 2018).

	



Bivand, R.; Keitt, T.; Rowlingson, B. rgdal: Bindings for the ’Geospatial’ Data Abstraction Library. R Package Version 1.3-4. 2018. Available online: https://cran.r-project.org/web/packages/rgdal/index.html (accessed on 26 June 2020).

	



Pebesma, E.J.; Bivand, R.S. Classes and Methods for Spatial Data in R: The sp Package. R News 2005, 5, 9–13. [Google Scholar]

	



Eck, J.E.; Chainey, S.; Cameron, J.G.; Leitner Wilson, R.E. Mapping Crime: Understanding Hot Spots; National Institute of Justice Special Report; National Institute of Justice Special: Rockville, MD, USA, 2005.

	



Rosser, T.; Bowers, K.J.; Johnson, S.D.; Cheng, T. Predictive Crime Mapping: Arbitrary Grids or Street Networks? J. Quant. Criminol. 2017, 33, 569–594. [Google Scholar] [CrossRef]

	



Wand, M.P.; Jones, M.C. Kernel Smoothing; Chapman and Hall: London, UK, 1995. [Google Scholar]

	



Hirschfield, A.; Bowers, K. (Eds.) Mapping and Analysing Crime Data: Lessons from Research and Practice; CRC Press: London, UK, 2001. [Google Scholar]

	



Chainey, S.P.; Ratcliffe, J.H. GIS and Crime Mapping; John Wiley & Sons: Chichester, UK, 2005. [Google Scholar]

	



Chainey, S.; Tompson, L.; Uhlig, S. The Utility of Hotspot Mapping for Predicting Spatial Patterns of Crime. Secur. J. 2008, 21, 4–28. [Google Scholar] [CrossRef]

	



Gerber, M.S. Predicting Crime Using Twitter and Kernel Density Estimation. Decis. Support Syst. 2014, 61, 115–125. [Google Scholar] [CrossRef]

	



Shiode, S.; Shiode, N. Network-Based Space-Time Search-Window Technique for Hotspot Detection of Street-Level Crime Incidents. Int. J. Geogr. Inf. Sci. 2013, 27, 866–882. [Google Scholar] [CrossRef]

	



Cichosz, P. Data Mining Algorithms: Explained Using R; Wiley: Chichester, UK, 2015. [Google Scholar]

	



Hilbe, J.M. Logistic Regression Models; Chapman and Hall: London, UK, 2009. [Google Scholar]

	



Cortes, C.; Vapnik, V.N. Support-Vector Networks. Mach. Learn. 1995, 20, 273–297. [Google Scholar] [CrossRef]

	



Platt, J.C. Fast Training of Support Vector Machines using Sequential Minimal Optimization. In Advances in Kernel Methods: Support Vector Learning; Schölkopf, B., Burges, C.J.C., Smola, A.J., Eds.; MIT Press: Cambridge, MA, USA, 1998. [Google Scholar]

	



Hamel, L.H. Knowledge Discovery with Support Vector Machines; Wiley: New York, NY, USA, 2009. [Google Scholar]

	



Cristianini, N.; Shawe-Taylor, J. An Introduction to Support Vector Machines and Other Kernel-Based Learning Methods; Cambridge University Press: Cambridge, UK, 2000. [Google Scholar]

	



Schölkopf, B.; Smola, A.J. Learning with Kernels; MIT Press: Cambridge, MA, USA, 2001. [Google Scholar]

	



Platt, J.C. Probabilistic Outputs for Support Vector Machines and Comparison to Regularized Likelihood Methods. In Advances in Large Margin Classifiers; Smola, A.J., Barlett, P., Schölkopf, B., Schuurmans, D., Eds.; MIT Press: Cambridge, MA, USA, 2000. [Google Scholar]

	



Breiman, L.; Friedman, J.H.; Olshen, R.A.; Stone, C.J. Classification and Regression Trees; Chapman and Hall: London, UK, 1984. [Google Scholar]

	



Quinlan, J.R. Induction of Decision Trees. Mach. Learn. 1986, 1, 81–106. [Google Scholar] [CrossRef]

	



Dietterich, T.G. Ensemble Methods in Machine Learning. In Proceedings of the First International Workshop on Multiple Classifier Systems, Cagliari, Italy, 21–23 June 2000. [Google Scholar]

	



Breiman, L. Random Forests. Mach. Learn. 2001, 45, 5–32. [Google Scholar] [CrossRef]

	



Breiman, L. Bagging Predictors. Mach. Learn. 1996, 24, 123–140. [Google Scholar] [CrossRef]

	



Mitchell, T. Machine Learning; McGraw-Hill: New York, NY, USA, 1997. [Google Scholar]

	



Liu, H.; Motoda, H. Feature Selection for Knowledge Discovery and Data Mining; Springer: New York, NY, USA, 1998. [Google Scholar]

	



Kohavi, R.; John, G.H. Wrappers for Feature Subset Selection. Artif. Intell. 1997, 97, 273–324. [Google Scholar] [CrossRef]

	



Strobl, C.; Boulesteix, A.L.; Zeileis, A.; Hothorn, T. Bias in Random Forest Variable Importance Measures: Illustrations, Sources and a Solution. BMC Bioinform. 2007, 8, 25. [Google Scholar] [CrossRef]

	



Kursa, M.B. Feature Selection with the Boruta Package. J. Stat. Softw. 2010, 36, 1–13. [Google Scholar] [CrossRef]

	



Jolliffe, I.T. Pricipal Component Analysis; Springer: New York, NY, USA, 2002. [Google Scholar]

	



Abdi, H.; Williams, L.J. Principal Component Analysis. WIREs Comput. Stat. 2010, 2, 433–459. [Google Scholar] [CrossRef]

	



Trefethen, L.N.; Bau, D., III. Numerical Linear Algebra; SIAM: Philadelphia, PA, USA, 1997. [Google Scholar]

	



Egan, J.P. Signal Detection Theory and ROC Analysis; Academic Press: New York, NY, USA, 1975. [Google Scholar]

	



Fawcett, T. An Introduction to ROC Analysis. Pattern Recognit. Lett. 2006, 27, 861–874. [Google Scholar] [CrossRef]

	



Arlot, S.; Celisse, A. A Survey of Cross-Validation Procedures for Model Selection. Stat. Surv. 2010, 4, 40–79. [Google Scholar] [CrossRef]

	



R Development Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna, Austria, 2018. [Google Scholar]

	



Meyer, D.; Dimitriadou, E.; Hornik, K.; Weingessel, A.; Leisch, F. e1071: Misc Functions of the Department of Statistics; R Package Version 1.7-0; Probability Theory Group (Formerly: E1071), TU Wien: Vienna, Austria, 2018. [Google Scholar]

	



Therneau, T.; Atkinson, B.; Ripley, B. rpart: Recursive Partitioning and Regression Trees. R Package Version 2017, 4, 1–9. [Google Scholar]

	



Liaw, A.; Wiener, M. Classification and Regression by randomForest. R News 2002, 2, 18–22. [Google Scholar]

	



DeLong, E.R.; DeLong, D.M.; Clarke-Pearson, D.L. Comparing the Areas under Two or More Correlated Receiver Operating Characteristic Curves: A Nonparametric Approach. Biometrics 1988, 44, 837–845. [Google Scholar] [CrossRef]

	



Adepeju, M.; Rosser, G.; Cheng, T. Novel Evaluation Metrics for Sparse Spatio-Temporal Point Process Hotspot Predictions—A Crime Case Study. Int. J. Geogr. Inf. Sci. 2016, 30, 2133–2154. [Google Scholar] [CrossRef]








[image: Ijgi 09 00459 g001 550] 





Figure 1. Crime counts for each crime type within each urban area. 
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Figure 2. Crime locations within each urban area. 
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Figure 3. POI counts for the most frequent 30 categories within each urban area. 
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Figure 4. Point of interest (POI) locations within each urban area. 
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Figure 5. The   300 × 300  -meter grid for geographical aggregation. 
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Figure 6. The ROC curves for crime risk prediction in Manchester. 
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Figure 7. The ROC curves for crime risk prediction in Liverpool. 
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Figure 8. The ROC curves for crime risk prediction in Bournemouth. 
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Figure 9. The ROC curves for crime risk prediction in Wakefield. 
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Figure 10. The average variable importance plots for crime risk prediction. 






Figure 10. The average variable importance plots for crime risk prediction.



[image: Ijgi 09 00459 g010]







[image: Table] 





Table 2. Data size and hotspot frequency.
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Manchester

	
Liverpool

	
Bournemouth

	
Wakefield




	
Number of Rows

	
1460

	
1626

	
2006

	
4035






	
Hotspot percentage




	
ANTISOCIAL

	
25%

	
24%

	
25%

	
24%




	
VIOLENCE

	
25%

	
25%

	
25%

	
24%




	
BURGLARY

	
24%

	
25%

	
23%

	
25%




	
SHOPLIFTING

	
22%

	
24%

	
13%

	
7%




	
THEFT

	
23%

	
25%

	
24%

	
22%




	
ROBBERY

	
22%

	
22%

	
13%

	
9%
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Table 3. Pairwise area under the ROC curve (AUC) comparison test summary.
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	#(↓ better than →)
	Logistic Regression
	Support Vector Machines
	Decision Trees
	Random Forest





	Logistic Regression
	
	0
	10
	0



	Support Vector Machines
	24
	
	22
	0



	Decision Trees
	4
	0
	
	0



	Random Forest
	24
	14
	24
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Table 4. Average AUC values for dimensionality reduction by attribute selection.
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Logistic Regression




	
Subset size

	
Manchester

	
Liverpool

	
Bournemouth

	
Wakefield




	
5

	
0.75

	
0.77

	
0.75

	
0.85




	
10

	
0.76

	
0.78

	
0.78

	
0.87




	
25

	
0.76

	
0.77

	
0.79

	
0.88




	
97

	
0.70

	
0.71

	
0.71

	
0.84




	
Support Vector Machines




	
Subset size

	
Manchester

	
Liverpool

	
Bournemouth

	
Wakefield




	
5

	
0.72

	
0.72

	
0.71

	
0.79




	
10

	
0.73

	
0.74

	
0.73

	
0.83




	
25

	
0.75

	
0.75

	
0.76

	
0.83




	
97

	
0.76

	
0.76

	
0.78

	
0.86




	
Decision Trees




	
Subset size

	
Manchester

	
Liverpool

	
Bournemouth

	
Wakefield




	
5

	
0.68

	
0.70

	
0.73

	
0.81




	
10

	
0.68

	
0.70

	
0.74

	
0.82




	
25

	
0.68

	
0.70

	
0.74

	
0.82




	
97

	
0.69

	
0.69

	
0.74

	
0.82




	
Random Forest




	
Subset size

	
Manchester

	
Liverpool

	
Bournemouth

	
Wakefield




	
5

	
0.73

	
0.75

	
0.76

	
0.85




	
10

	
0.75

	
0.76

	
0.78

	
0.87




	
25

	
0.77

	
0.77

	
0.79

	
0.87




	
97

	
0.78

	
0.78

	
0.81

	
0.88
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Table 5. Average AUC values for dimensionality reduction by principal component analysis (PCA).
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Logistic Regression




	
Subset size

	
Manchester

	
Liverpool

	
Bournemouth

	
Wakefield




	
5

	
0.77

	
0.77

	
0.80

	
0.85




	
10

	
0.77

	
0.76

	
0.80

	
0.87




	
25

	
0.76

	
0.76

	
0.80

	
0.85




	
97

	
0.70

	
0.71

	
0.71

	
0.84




	
Support Vector Machines




	
Subset size

	
Manchester

	
Liverpool

	
Bournemouth

	
Wakefield




	
5

	
0.76

	
0.77

	
0.78

	
0.86




	
10

	
0.77

	
0.77

	
0.79

	
0.86




	
25

	
0.76

	
0.75

	
0.78

	
0.85




	
97

	
0.76

	
0.76

	
0.78

	
0.86




	
Decision Trees




	
Subset size

	
Manchester

	
Liverpool

	
Bournemouth

	
Wakefield




	
5

	
0.73

	
0.71

	
0.77

	
0.84




	
10

	
0.73

	
0.72

	
0.78

	
0.84




	
25

	
0.73

	
0.72

	
0.78

	
0.84




	
97

	
0.69

	
0.69

	
0.74

	
0.82




	
Random Forest




	
Subset size

	
Manchester

	
Liverpool

	
Bournemouth

	
Wakefield




	
5

	
0.76

	
0.76

	
0.79

	
0.87




	
10

	
0.76

	
0.76

	
0.79

	
0.87




	
25

	
0.75

	
0.76

	
0.79

	
0.86




	
97

	
0.78

	
0.78

	
0.81

	
0.88
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Table 6. AUC values for model transfer.






Table 6. AUC values for model transfer.





	
ANTISOCIAL




	
training↓/prediction→

	
Manchester

	
Liverpool

	
Bournemouth

	
Wakefield




	
Manchester

	
0.84

	
0.80

	
0.82

	
0.88




	
Liverpool

	
0.75

	
0.84

	
0.82

	
0.88




	
Bournemouth

	
0.76

	
0.76

	
0.85

	
0.88




	
Wakefield

	
0.73

	
0.76

	
0.82

	
0.89




	
VIOLENCE




	
training↓/prediction→
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