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Introduction
Predictive Methods for Law Enforcement

Overview

Law enforcement agencies have increasingly acquired database management systems (DMBS) and
geographic information systems (GIS) to support their law enforcement efforts. These agencies use
such systems to monitor current crime activity and develop collaborative strategies with the local
communities for combating crime. However, in general these strategies tend to be reactive rather than
préactive. A more proactive approach requires early waming of trouble with sufficient lead-time to
formulate a plan. Early waming, in tum, necessitates the development of predictive models in space
and time that can inform Jaw enforcement of pending “hot spots” and areas with declining crime activity.

The focus of the proposed research was on the prediction of crime events. Prediction of this sort is
now feasible because of modern data collection and analysis systems. Records management systems
implemented in DBMS and GIS exist in many jurisdictions and can provide the basis for more formal
analysis of local crime events. The formal analysis that we developed consists of mathematical models
that describe the functional relationships between demographic, economic, social, victim, and spatial
variables and numerous measures of criminal activity.

. The results presented in this report show impressive effectiveness in predicting crime. Despite coarse
feature variables, the method outperformed standard density estimation techniques for identifying
regions of increased crime activity. We believe this the approach developed through this grant provides

promise for both more accurate prediction of criminal events as well as testing theories regarding
factors that contribute to rising crime rates.

Objectives
The goatl of this research was to develop predictive models that would enable law enforcement

agencies and their communities to proactively address criminal activity. We had the following specific
research objectives.

1. Devise and implement predictive models that specifically address the needs of law enforcement.

2. Investigate and implement methods that can identify the most useful features for criminal incident

prediction.

3. Empirically evaluate the effectiveness of the prediction models and feature selection techniques

using data from Richmond and/or Charlottesville-Albemarle.

4. Disseminate the most promising of the models for use by law enforcement agencies.
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‘ Contents

This report provides results from our research organized into three papers. The first of these provides
the theoretical foundation for our new approach to crime event prediction. This approach is built out of
results in space-time point processes. We review fundamentals from this area and then give the
theoretical details of our approach.

The second paper shows applications of our approach to a crime prediction problem in Richmond,
Virginia. Specifically, we examined breaking and entering events and used data from one week to
predict both the next week and the next two weeks. We compared our predictions to those provided by
several density estimation approaches (e.g., kernel estimates) and found that we significantly
outperformed these estimates. This suggests that the use of feature data can improve the predications
of criminal events. We believe that even better (more accurate, higher resolution) feature data will
further improve performance.

The third paper and final paper provides an extension of the model to handle temporal features. The
paper discusses the problem of measuring similarity between temporal features and shows our
approach for handling this problem. We then show how temporal features can be used with point
process model to provide for both space-time attributes. We tested this approach using data from
Richmond, Virginia and found that in some cases the temporal features improved performance, but this
was not always the case. Clearly to use these features effectively, we need a filter that identifies
incidents that have low variance in certain temporal features. These incidents then become the best
candidates to use temporal features in prediction.

The last paper also provides information on our implementation of the prediction methodology. In to
order to complete this research we had to build a more flexible interface into the algorithms underlying

. the methodology. The papers shows some of the results from this work since they could serve as the
foundation for implementing the approach in crime analysis software.
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Theoretical Foundations for a New Point Process Transition Density

. Model for Space-Time Event Prediction
Hua Liu Donald E. Brown
Lucent Technologies, Inc. Department of Systems Engineering
One Main Street University of Virginia
Cambridge, MA 02142 Charlottesville, VA 22903
hualiu@lucent.com brown@yvirginia.edu

Abstract: A new point process transition density model is proposed based on the theory
of point patterns for predicting the likelihood of occurrence of spatial-temporal random
events. The model provides a framework for discovering and incorporating event
‘injtiation preferences in terms of clusters of feature values. Components of the proposed
model are specified taking into account additional behavioral assumptions such as the
“journey to event” and “lingering period to resume act.” Various feature selection
techniques are presented in conjunction with the proposed model. Extending knowledge
discovery into feature space allows for extrapolation beyond spatial or temporal
continuity and is proved to be a major advantage of our model over traditional
approaches. We examine the proposed model in the context of predicting criminal events
in space and time. :

Key Words: Space-Time Marked Shock Processes, Forecasting, Criminal Event

‘ Prediction, Probability Density Estimation

1. Introduction

Consider the following scenario from the domain of law enforcement: Within a
monitoring region marked by jurisdictional boundaries, a crime analyst is interested in
mapping out the areas that are more likely to be struck by a certain type of crime within a
given time range. Data available to the analyst are the past crime incidents of the same
type, times of occurrence, locations of occurrence, and characteristics (or features) of the
crime scene. The problem facing the crime analyst is how to extrapolate these data into
the likelihoods of future incidents occurring at specified locations in space and time.
Ideally the analyst wants an image map showing the intensities of future crime activities

at each location within the their jurisdictional boundaries. This solution and its display
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are obviously useful in crime prevention since they would allow the police to allocate the
police resources to the areas of higher risk.

This problem 1s not confined to law enforcement. For ‘example, in military
actions, one may want to predict the future location of an enemy target (e.g., a tank)
moving over terrain based on its past locations (observed over predeﬁnéd sampling
intervals) and terrain features. In an urban development, developers are interested in
predicting consumer behavior toward a new shopping mall using data from past behavior
tc;Ward existing malls. They would also use data regarding surrounding neighborhoods
and the physical infrastructure in the area (e.g., major highways, schools, and bridges). »

The common characteristic in these problems is prediction based on spatio-
temporal event data. A number of researchers have invegtigated forecasting over space
. and time. A significant advance in this area was the development of space-time
autoregressive moving average (STARMA) models [10]. These models offer a way of
generalizing the ARMA (autoregressive moving average) models in time series analysis
to combined spatial-temporal domains. They are characterized by linear dependence
lagged in both space and time. Several authors [1], [3], [26], [32] discussed issues of
stationarity and invertibility arising from model parameter estimation based on the
assumption that spatial dependence is instantaneous. The STARMA model was further
generalized by Pfeifer and Deutsch [33] to include temporal differences (STARIMA
models) and by Stoffer [41], [42] to include a nonstationary mean function of
independent variables (STARMAX models).

While the STARMA models may effectively and simultaneously capture the

. continuity in space and time, they fail to take into account event-related feature
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information which may very well reveal and represent the underlying pattern of event
occurrences. This is especially important when event initiation is marked by human
intelligence. We argue that for “intelligent” human initiated events, their future locations
are correlated to a larger extent with site selection preferences (as represented by event-
related features) than with spatial proximity. By extending analysis into feature space, we
are able to identify highly likely future event locations that are not necessarily in the
vicinity of past event locations. This is the very aspect where the STARMA models fail.
The central theme of this paper is to develop a new space-time prediction model
that incorporates all three kinds of event data (i.e., times, locations, and featur@s). In
particular, the available data are viewed as a realization of a marked space-time ‘shock
point process, and the space-time prediction problem is formulated as the estimation of
. the transition density of the stochastic process (Section 2). A model of the transition
density is constructed and the underlying technical assumptions are justified by the
behavioral theories of events’ initiation (Section 3). Next, we discuss the criteria for
selecting key features (Section 4) and the procedures for estimating individual
components of the proposed model (Section 5). Finally, we summarize the advantages of
our model and point out some future research directions (Section 6). Throughout this

paper, we use criminal event prediction as a motivating example.

2. Problem Statement

The space-time prediction problem we described in last section can be stated as
follows: Having observed a senes of events of the same type (e.g., incidents of a type of
crime) in a monitoring region, namely, the locations and times of the events, and the

values of an array of features that are known or believed to be relevant to the occurrence
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s

of the events, we would like to predict the likelihood that another event occurs at certain

location within the region and within a certain time range. Mathematically, we consider
the locations (s) and times (1) of the events, (s,,1,), (5,,2,), - (5,.2,),
t,=0<1t <t,<..<t, and their corresponding features (or marks), X, ,, X, ,, -

X as a realization of a marked space-time shock point process of the form

Snaln 2
{x“ex:seD,teT} 2.1)

where ¢, s, and x,, are all random (bold indicates vectors). The location of an event is

confined within a study region or geographic space D c R’ and is designated by a pair

of coordinates, say longitude and latitude, i.e., s = (s,,sz). T c R* is the collection of

the times when the events could occur, and is termed the study horizon. y c R” is the
‘ collection of the possible values of the p-dimensional feature vectors (i.e., the marks),

and is termed feature space. Let F'? = {f,,fz,...,fp} where f,, I=12,...,p, is the /th
feature or the /th dimension of the feature space. Then each x, , is an instantiation of
these p features. We abbreviate x, , as x; from now on. But the reader should bear in
mind that x;’s are feature observations of different events and taken together these events
comprise one realization of the point process. Let T, = {t,,tz,...,t"}, D, = {s,,sz,...,sn}
and g, =1{x,,X,,...,x,} wherc s, =(s,,s,,) and x, =[x, .. x,] . Given that we
observed T,, D,, and y, up to instant ,, we are interested in estimating, for s,,, € D

and 7,,, >t , the transition density

n+l?

D,.T,.z,) lim PriN(ds, ., d1,..)=1|D,.T,. 7.}

2.2
v(ds, s ).ty —0 V(dS"” )(,r”“ ( )

' l//n (sn+]’tll+l
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and t .. are the realizations of the location and the time of the next event,

n+l

‘ where s,

respectively, v(ds,,,) is the Lebesgue measure of ds,,, and N(dsm,dtm) counts the

incidents that happen within ds,,, and dr ., .
By (2.2), the transition density is formally defined as the probability that a single

event occurs within a specified infinitesimal region (e.g., ds,,,) and within a specified
infinitesimal time interval (e.g., dt,,,). “Single” or uniquely identifiable events are

ensured in theory 1f we postulate a simple point process. In practice, however, one should

pay attention to what constitutes single events. The notion has no bearing on either event

scale or event duration. For example, the Oklahoma City Bombing involving massive

explosions and multiple casualties and bombing of an abortion clinic with a single

explosion and no serious injuries are both considered single bombing incidents since they
. can both be uniquely identiﬁed by the unique location and time of occurrence.

Prior to model development, we require additional description of the set of
“features”. First, we divide the set of features into the set of (inherently) temporal
features and that of all others. By “(inherently) temporal features”, we mean features that
“label” time intervals so that categorization of time instants can be obtained. Some
examples are “seasons of the year”, “holiday / non-holiday”, “segments of a day (e.g.,
morning / afternoon / night)”. A temporal feature partitions the time axis R* into
consecutive time intervals, and the time instants in a single interval are all identified with
the same temporal category. The purpose of segmenting the time axis with a temporal
feature is to provide us with suitable and meaningful time intervals in which we may
postulate stationary models for the temporal aspect of the process. Depending on which

temporal category 1,,, belongs to, we may only use (local) data in the same category in

n+1
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these models. Modeling temporal heterogeneity (i.e., heterogeneity in the ‘series
t,,1,,...,1,) 1s not the focus of this work. However, theoretically we can incorporate
temporal heterogeneity by using ARIMA-like models for temporal transition estimation.
This will add a common factor for every location in the study region at any given time
with the transition density model we are proposing (discussed further in the next section).
Since the synthesized effect of different tenﬁporal cafegories on event occurrence 1s

contained in the complete series ¢,,¢,,...,7, , we may exclude all temporal features from
the feature set F'” = {f,, Sosees fp}. Additionally we assume temporal features are

independent of geographic locations. Formally, we make the following assumption:

Assumption 2.1: F = {f,,fz,...,fp} is the set of features that depend on (but not

necessarily only on) geographic locations; i.e., the feature space y < R’ does not

contain temporal features.

Secondly, although many features (e.g., proximity to major highways) can be
considered static within the study horizon if we do not consider randomness involved in
taking the measurements, we nevertheless model the feature vector in its entirety as
random to take into account features of probabilistic nature (e.g., occupancy of the
victimized household, race of the offender). For static features, we regard them as
random variables taking on certain values with probability one. Static features are
usually directly derived from relations with static geographic surroundings or

establishments.
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. 3. Model Development

We describe a model that captures the mechanism governing event occurrences

over the study horizon and the study region. Model development consists of a two-step

D,,,T,,,Z,,)- In this Section, we

decomposition of the transition density y/n(s”,,t”,

combine both intuitive and formal descriptions of our model.
The first step of the decomposition is to separate the spatial and temporal
transitions. We postulate that the occurrences of events over time and space are separable

in the sense that

T,) (3.1)

Dn’Xn ’Tn ’tn+l )‘V/:Z)(tnﬂ

Dn’Tn’Zn)=v/l(l])(sn+]

y/n (sn+l ”n+]

7,)

D,.x,.T..t,.,) will be called spatial transition density and y®(t,,,

n>"n+l n

where y"(s,.,

. temporal transition density. Equation (3.1) would be a standard Bayesian decomposition

D,,,,(,,,T,,). D, and y, were left

if the second term on the right-hand side was ¥ ®(r, .,

out under two assumptions: Assumption 2.1 specified in last section and Assumption 3.1
as follows.

Assumption 3.1: Temporal evolution (transition) of the point process (2.1) does not

depend on spatial (locational) evolution (transition).

In other words, we assume that spatial dependence arises from the integration of causal
factors over time, but not vice versa. In the crime analysis scenario, for example, we do
not regard the past crime intensity at a site as a direct factor to influence how soon
criminals are going to strike again. However, this past behavior does tell us about the
preferences of site selectors and we directly model these preferences in the second step of

' the decomposition below.
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We now proceed with this second step of the decomposition: modeling the spatial

transition density w"(s,.,|D,, Z,.,T,.Jm)- To develop this model, we first introduce

some behavioral theory that accounts for the intelligent site selection by event initiators,
and then give the relationship between features of geographic locations and site selection
behavior. Intuitively speaking, our modeling philosophy is to use past site selection
behavior to inform where events are likely to occur again.

For human-initiated events over a geographic region, one primary behavioral
assumption is that event initiators (e.g., offenders in crime scenario) choose the site of an
event based upon a set of preferences over the values of the attributes (features) at
alternative sites. This is well documented for the crime‘analysis scenario as it appears
frequently in criminology literature [8], [30], [31], [35], [38]. Preferences are measured in

. feature space ( y ), and a set of preferences (pertaining to a group of event initiators) is
defined when a subset of features (corresponding to the set of spatial attributes actually
considered by the group of event initiators) and a partial ordering of available values for
these features are specified. For a specific group of event initiators, if we knew their set
of preferences (i.e., the subset of features and the partial order for each feature), we
would examine all locations in geographic space for their feature values and score them
accordingly. However,‘without this knowledge of site selection preferences, we must
“discover” it from the data, or specifically, from the point pattern in feature space. We
make two assumptions here: (1) If multiple groups of event initiators are present, we
assume that they muake site selection decisions based on common set of features. This
assumption is inevitable if we want to deal with multiple groups simultaneously. (2) The

. set F'P of features that we choose initially coincides with that of the event initiators (the
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“true” feature set). By making this assumption, we postpone part of the knowiedge
discovery task (feature selection) until the next section. To establish the relationships
between site selection preferences and the point pattern in feature space, we essentially
rely on this “stationarity” assumption: Preferences remain stable (stationary in a
probabilistic sense) over the study region and study horizon for each group of event
initiators. Given the data of repeated site selection decisions by a group, the set of
preferences of this specific group must manifest itself as a small-variation distribution of
values in feature space. This small-variation distribution can be described as a clique in
point process theory (or less formally as a cluster). If multiple groups with distinct
preferences are present over the study region, we expect to see a clustering (point) pattern
with multiple cliques in feature space (See Figure 3.1).

. The second behavioral assumption for intelligent site selection is concermed with
the spatial interaction or dependence between selected sites over the study region. Given
that two geographic locations have the same set of feature values, it is often reasonable to
postulate that event iné’tiators are in favor of the geographically closer location to start
the next event. For example, the “journey to crime” theory in criminology states that the
distance to the place of the crime is important [2], [5], [9], [22] and many types of crimes
have their own defined “radii” [36], [37]. In view of this assumption, a model of spatial
interaction should give decreasing weight to past events with increasing distance to the
location of interest. Another behavioral assumption that may hold true for certain
scenarios (e.g., serial crimes of certain type) is that event initiators tend not to wuit long

before they act again. A model incorporating this assumption should weigh the impacts
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' of ﬁast events on future events according to their “ages”. The more recently an 'event
occurred, the higher weight it gets.
Figure 3.1 illustrates event occurrences in different spaces. Although the
distribution of events on'time axis as well as that in geographic space could very much

Time o 1 4 t ot o SR T
Axis ! | 1 1 | 1 1 1

=

v

Feature -
Space

Geographic

. Space

Figure 3.1. Three views of event occurrences.

lack any systematic pattern, stable and distinct clustering patterns should be observed in
feature space. Each clique in feature space corresponds to a set of preferences. It is often
the case that locations in close geographic proximit have similar feature values. Then

neighbors in geographic space are neighbors in feature space (e.g., s, ands, ). However,

proximity in feature space does not necessanly translate into proximity in the geographic
space (e.g., s, and s;). It is quite possible that two locations that are far apart have the

same feature values and thus it is only reasonable to assign an equal score to both

' locations if we extrapolate event occurrence based solely upon site selection preferences.
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The merit of integrating feature space information into space-time event prediction is that
potential event areas (e.g., areas not previously struck as frequently by crimes but at high
risk nevertheless) can be picked out.

We are ready to formally describe our model for spatial transition density.

Suppose that the set y, of feature vectors 1s partitioned into C disjoint subsets

{ m:j:l,Z,...,C} corresponding to the cliques in feature space (i.e., sets of

n

preferences). Correspondingly, the set D, (T,) of locations (times) of past events is also
partitioned into C disjoint subsets {D,(,f’ j =1,2,...,C} ({Tn‘j) :j=1,2,...,C}). Let x,,, be
the estimated feature values at location s, ., and instant f,,,. Conditional on x,,,, the

D ,x,.T,,t ) in (3.1) is assumed to take the form

n2"n+}

transition density x//f,')(s

o)
. Wn (Sn+]

n+1

) W (@)
DnJ ’Tnj ’tn+l)Pr{xn+l € lnl }

Dn’ZrﬂTn ’tn+l)= a- W:”) (xn+]|ln ) i;)y/r(ll:,)(sﬂﬂ

(3.2)

an

where y/, (xm x") is termed the first order spatial transition density” and reflects event

Dr(rj) ’Tn(l)’tn-l-l )’

in feature space. V/"Z)(sm

n

intensity (i.e., first order effects) at x

n+l
j=12,...,C, are termed second order spatial transition densities, which reflect

interaction (i.e., second order effects) of new event location s_,, with past event locations

n+l

in each D!, respectively. Pr{xm e,(,‘,f’}, j=12,..,C, are spatial interaction

probabilities or the probabilities that x,,, and each y!” form a clique in the feature

n+l

space. a is a normalizing constant.

. " This is probability mass function in the case of discrete feature space. We shall use the term “density” in
both continuous and discrete cases.
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Model (3.2) incorporates all elements of site selection behavior and puts them into

a formal framework — spatial point process theory. A spatial point pattern can be
regarded as the result of first order effects coupled with second order effects. We model
first order effects as the event initiators’ site selection preferences or altemative sites’
potential to attract futufe events (feature space analysis) rather than the average number
of events already accumulated at alternative sités (geograi)hic space analysis). This notion
of site selection preferences is more fitting for prediction given that the same sets of
preferences will carry on to f,,, over the study region (‘“stationarity” assumption).
Technically, the assumptions concerning site selection preferences can be considered
equivalent to the following assumption:

Assumption 3.2: The spatial point process in (true) feature space is Markovian over a

. small range.

Roughly speaking, this assumption ensures that in feature space, there are no second

order effects (i.e., dependence or interaction) between cliques, and since range (or clique
radius) is small, only first order effects are important within each clique. In
correspondence with the behavioral assumptions concerning spatial dependence, tﬁe
second order effects are modeled in geographic space. Notice that it is only approprniate
to examine spatial dependence for events in the same feature-space clique (i.e., events
initiated by the same group of people). However, due to the uncertainty associated with
assigning a new event to a specific clique (or claiming that a specific group is responsible
for a new event), we weigh second order effects pertaining to individual cliques by the
probabilities that they quantify the uncertainty (i.e., spatial interaction probabilities).

. Technically, we estimate the weighted average of the second order effects of (' thinned
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point processes in geographic space, aiming to maintain continuity in parallel with the
ordering of inter-event geographic distances and/or that of inter-event temporal distances.
A realization of each thinned point process is the set DY’ of events corresponding to

)]

n

those that form the cliqué .’ in feature space.

Finally, we need to point out that the spatial transition density model (3.2) needs

“prior” adjustment when the predicted feature values (x,,,’s) for all locations within the
study region (D) do not form a uniform distribution. Let x,(x,,,) denote the probability

density function of x,,, over all predicted feature values for locations s,,, € D. Non-

n+l n+l

uniformity of x, (x,,+,) indicates certain feature values are more typical ‘than chers m the
study region. Individual locations with typical feature values, if preferred by event
initiators, should be at lower risk compared with those with rare feature values simply
because event initiators have more choices over the region but they may engage
themselves at only one location at any instant”. To put all locations on an equal footing,

we adjust (3.2) as follows.

7.)

Dn’Zn!Tn>tn+])= ﬂ '(I/Kn(xnﬂ))"//r(n”)(xnﬂ

c (12)(
: ijly/n Sn+l

where S is a normalizing constant. When x,(x,,,) is uniform, (3.3) reduces to (3.2).

n
Wn (sn+l

DO, T 1, Prix,. € 27 (33)

x,(x,,,) can be easily estimated in the case that all features are static over the study
horizon. We use (3.2) when we do not have knowledge of «, (xm). We term «, (xM)

the geographic-space feature density.

" Technically, we have assumed that no two events happen at the same location or at the same time.
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. In order to implement the spatial-temporal transition density model given by (3.1),
(3.2) and (3.3), two areas of work need to be done. They are selection of the key features

to be used in the model and estimation of individual model components. We address

these two areas in the next two sections, respectively.

4. Feature Selection

For real applications, we frequently come across a fairly large initial feature set F ‘7.
Large amounts of data are good for us in the sense that we have a better chance of
covering the set of spatial features that actually prompt the selection of past event
locations, or the true feature set. However, it is also natural to conclude that not all

features in the initial set carry equal weights towards event initiation. In fact, we want to

find the smallest feature subset (of the initial feature set F'‘* )) that is necessary and
sufficient to account for the underlying spatial pattern of event occurrences. A small or
parsimonious feature subset is important for building an empirical model. It has been
long understood that an empirical model constructed with a larger number of features
may fit the training data set quite well but it seldom generalizes nearly as well on new
data sets. We term the selected feature subset the key feature set and denote it as F'?,

where ¢ is number of key features contained in F'© and 1 < g < p. The feature subspace

defined by F'? is termed the key feature space.

A feature selection problem can generally be specified by a triplet (F, ¢, s), where
F is the initial feature set, ¢ a criterion function defined for subsets of F, and s is a subset
search or selection procedure. Our emphasis in this paper is on feature sclection criteria.

. In particular, we discuss briefly the unique characteristic of the feature sclection problem
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in the intelligent event initiation scenario and then summarize two categories of feature
selection criteria applicable to the problem. In theory, a number of exact or inexact
feature selection procedures may be used with these criteria to identify the key féature
set. '

Feature selection problems have been discussed mainly within the contexts of two
research areas: pattern recognition and regressilon modellbuilding. In either area, there is
a target concept (as defined by a class variable in pattern recognition and a response
variable in regression) “outside” of the features. A natural “external” feature selection
criterion would be how well the outside target is described by the chosen feature subset.
Unlike these areas, there is not an “outside” target concept in the intelligent 'event
initiation scenario. All information regarding event initiation preferences is contained in

‘ the feature data. In other words, the feature data are “unsupervised”. In this case, we need
to resort to “‘internal” criteria, which describe the desired (or intrinsic) data structure (or
point pattern) in the lower-dimensional feature space believed to be the true feature
space. The intrinsic data structure is usually problem-specific and only partially
‘observable in the initial feature space.

Based upon our analysis in the last section, a distinct clustering pattern consisting
of small and well-separated cliques should be observed in the true feature space.
Consequently, it is required that, as the first and primary criterion, the events form a
distinct clustering pattern or a cohesive point pattern in the key feature space. All the
initial features were chosen with the belief that they are all somewhat relevant to event
occurrence. Therefore, as a second criterion, if any systematic pattern is manifest in the

. initial feature space, it should be roughly preserved in the key feature space. We say
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“roughly” due to two facts. First, the initial pattern or data structure cannot be completely
preserved in any feature subspace for real problems. Second, we may in fact only wish to
roughly preserve the initial pattern since some initial features are unimportant to the

event initiators. We give the technical details in the subsections below.

4.1. Measures of Cohesiveness of a Point Pattern
A point pattern or data (distributional) structure is intuitively said to exhibit cohesiveness
if it consists of distinct clusters (or cliques), i.e., clusters that are tight individually and
well separated between one another. Cohesiveness can be gauged in many ways. One
class of measures assumes that the data are already “optimally” partitioned into the:“best
number” of clusters using some clustering algorithm. The measures in tﬁis class are
essentially functions of the cluster means and the cluster covariances. We may construct a
‘ measure of this class based on the Mahalanobis D?. Let C b’e the number of clusters in
the partition. The Mahalanobis D? for a pair of clusters is the squared distance between

the means of the two clusters normalized by the pooled covariance matrices.
D,jz =(n, —p_,')l(z,' +2_,)_](l1,- _p‘j) 4.1)
where p and I denote the mean vector and covariance matrix of the events in an

individual cluster. The one-dimensional pairwise Mahalanobis D*? is known to

statisticians as the Fisher ratio. The averaged Mahalanobis D’ score is given by

221:' Z/Cem ﬂi”}'Dijz'
C(C N I)Z:] z,im LT

where 7, and 7z, are a priori probabilities of clusters i and j. We may normally let

mad2 =

(4.2)

. 7, =n, /n, where n, is the number of events in cluster i, when no further a priori
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. information is available. Apparently, we can expect large inter-cluster separation and
small intra-cluster spread when mad2 is maximal. We may transform mad2 into a
measure ranging between 0 and 1 as follows.

1

/I = 4.3
" 1+ mad?2 (4.3)

The transformed measure 7, is to be minimized. Friedman and Rubin [17] constructed

several simpler criteria in the same class. Instead of looking at the clusters in pairs, they
used a “pooled within-groups scatter matrix” and a “between-groups scatter matrix”
constructed from all clusters. One practical problem for this class of the measures is that
we have need the “optimal” partition with the “best number” of clusters to actually
evaluate these measures. What is meant by “optimal” is obviously dependent upon the
clustering algorithm used. Besides, it is no trivial problem just to determine the “best
number” of clusters, or equivalently whether an event is an “outlier”, unless this can be
specified by a priori knowledge.

Another class of measures of cohesiveness does not require any partitioning in
advance. These measures are functions of inter-event distances (or similarities). No
matter what functional forms are adopted, these measures always account for a basic
characteristic of cohesive structures: It is nearly always the case that the distance between
a pair of events is either very small or very large (i.e., the two events are either very
similar or very dissimilar); rarely are two events separated by average inter-event
distance. Dash et al. [11] used an entropy-based measure. For two events i and j, and

similanty s, , the entropy measure is defined as

. e; =—s;log,s; —(1-s;)log,(1-5s;). 4.4)
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This is a bell-shaped curve that assumes its maximum value of 1.0 for 5, =0.5, aﬁd the
minimum value of 0.0 for 5,=0.0 and s, = 1.0. The entropy-based measure of
cohesiveness fof a data set of n events was given as

E=3 2 (4.5)

which attains its minimum value when the data structure (or point pattern) is most

\

cohesive. We prefer the normalized form

n-1 n
I = 22,’:1 Zj:i-..] €y

g o (4.6)

The rationale of the entropy-based measure is as follows. For a pair of events, consider
the binary random variable that has two opposite outcomes: The two evénts l;elong to the
same cluster or they do not. When two events are more similar, they are more likely to be

. in the same cluster. Informally, let us assume that the similan’tly of the two events is equal
to the probability that the two events are in one cluster. From information theory, when
the outcome of the binary variable is most uncertain (i.e., both outcomes have equal
probabilities of occurrence), the entropy (as defined by (4.4)) is the largest. If for most
pairs of events, we cannot conclude with much certainty whether they belong to the same
cluster or not, (4.6) is maximized. .Therefore, a minimal value of the entropy-based
measure corresponds to a point pattern that exhibits cohesiveness.

We submit that any other bell-shaped functions may be used in place of (4.4) to
effectively account for the aforementioned characteristic of cohesive patterns. Renyi’s
entropies [6], [34] and the Gini index of diversity are among a number of useful choices.
We used a measure based on the Gini index in the following due to its simple form. For a

‘ pair of events 7 and J, the Gini index is defined as
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g = 4S,~j(l —5;)- 4.7

Like e,, g, attains its maximum of 1.0 at s, = 0.5 and its minimum of 0.0 at s, = 0.0

and 5, =1.0. For a data set of n events, the averaged Gini index (4.8) is a suitable

\

measure of cohesiveness. Again, smaller I, corresponds to higher level of cohesiveness.

g n(n-1)

+

1 (4.8)

To illustrate these ideas, we consider a simple example. Figure 4.1 shows two of a
series of 1-dimensional 4-event point patterns within a fixed range, where & is the
distance between the two events at either end and ¢ is the distance between the two events
in the middle. For 4.2(a), we observe two clusters with b measuring within-ciﬁster scatter
and ¢ between-cluster scatter. As the ratio b/c increases, b and ¢ switch roles and we

. observe a three-cluster pattern like 4.2(b), with the two eventls in the middle falling into

one cluster.

(a)

(b)

Figure 4.1. 1-D 4-event point patterns within a fixed range.

Transforming inter-event distance dj; into similarity s;; using

1

. i

where d is the mean of all inter-event distances, we have

(4.9)
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2 2 2
‘ I 446z +8+202+122 4+14z+12z N 2+3z (4.10)

£ (5+32) (5+62)* ¥ (5+9z2)° (1+32)*

where z denotes b/c. This is plotted in Figure 4.2.

lg 0.8

0.7

06 ) 1 - 3 0
0 2 4 4 B 8 10
. Figure 4.2. Gini index as a measure of cohesiveness.

Not surprisingly, the minimal I, occurs when b/c¢ =0, which corresponds to the

most cohesive two-cluster pattern (with each cluster having two events) within the fixed

range. ], increases dramatically when b/c increases and the four events become more

evenly spaced within the range. It reaches its maximum at around 1.117 or b = c. Then it

decreases gradually as the events group into three clusters. But even when the most

cohesive three-cluster pattern is observed (i.e., when b/c —> ), I, never drops lower

than its value when b/c = 0. This appeals to our intuition: Spanning the same range,
two-cluster patterns appear more cohesive than three-cluster ones.

Notice that none of the three aforementioned measures are intended for
addressing a single-cluster structure. They are calculated only if there is enough vanation

. on every dimension of the data set for feature evaluation (relative to the full range of that
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—

‘ dimension over the entire region of interest). Operationally, we check each dimension of
the data set and exclude the features that do not exhibit enough variation. Domain
knowledge needs to be exercised to determine whether these features are the most
predictive ones or the most irrelevant ones to the problem at hand. Technically, zero-
variation features need to be singled out anyway to avoid singularity when ﬁt‘ting density

estimation models.

4,2. Measures of Disagreement between Point Patterns

Another criterion for dimensionality reduction of unsupervised data stems from the
observation that the intrinsic data structure or point pattern should be partially observable
in the initial feature space due to the fact that all initial features are believed to be

somewhat predictive. The idea is illustrated in Figure 4.3. Suppose that we initially have

2

Figure 4.3. A 2-D 9-event point pattern and its 1-D projections.
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‘ a 9-event point pattern in two-dimensional space. Most people observe two clusters in the

two-dimensional space. The events, when projected onto the f, -axis, all lump together,
whereas the two-cluster pattern can still be clearly identified if projected onto f,-axis.
We say that feature f, is more important than feature f, since the original pattern is

preserved on the f, -axis. Clearly, to compare different projections, we need a measure of
disagreement to quantify how much difference exists between the initial point pattern and
a lower-dimensional projection.

The measures of disagreement between point patterns fall under two classes. The
first class, again, assumes that the data set have been partitioned in the best way. The task
then is to quantify the disagreement between the partition obtained with all initial features
included and that obtained with selected features. Birkenhead [7] gave several measures

‘ in this class. We adapt the simplest one of these for our use here. Suppose that the

partition in a feature subspace consists of C clusters, @,,®,,...,@., discovered by

applying some clustering algorithm. The same clustering algorithm reports C’ clusters,

Q,,9Q,,....,Q . in the initial feature space. For a pair of instances i and j, define a score

b,.j =0 ifi,jew, and i, j € Q, for some u and v,
b; =0 ifi,jew, and i,j ¢ Q foranywuandyv, (4.11)
b. =1 otherwise.

The disagreement between the point patterns in initial feature space and the feature
subspace is then set as

0 )

b n(n-1)

(4.12)
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‘ Notice that 0<7, <1 with 7, =0 indicates the least disagreement or identical‘point
patterns. I, =1 when the two point pattems are {{1,2,...,n}} (all instances in one cluster)
and {{1},{2},...{n}} (every instance in its own cluster). It can be shown that this

\

disagreement measure actually satisfies the properties of a metric or distance measure [7].

Besides /,, we have found the following normalized divergence measure also

works reasonably well. Define the conditional probabilities

w, NQ,

[,

for u=12,.,C and v=12,..,C"'. Let P, and P, denote the partitions {wl,wz,..‘.,wc}

@, NQ,

Pr(w,|Q, )= and Pr(Q,|m, )= (4.13)

u

(2

u

and {Q, ,Q, ,...,QC,}, respectively. Define the divergence score

div(P,,P,) = (ch > [Prla,

This score attains its minimum, 0, when the two partitions P, and P, are identical. It is

@, )])/CC' (4.14)

Q,)-Pr(Q,|, log, [Pr(w, 2, )/Pr(Q,

easily shown that

max, , {div(B,,Py)} = div({L.2,...n}, {1} {2},... {n}}) = 7 mt log, n. (4.15)
The normalized divergence measure is given as
I = div(P_,F,) 4.16)

“ max, p {div(Pw,PQ )}

Again, this class of disagreement measures idepends upon the clustering algorithm used
for partitioning.

The second class of measures for comparing point patterns comes from the area of
multidimensional scaling (see [20], [21], [40] for a review of early work). This approach

‘ does not require that the data are already partitioned. Multidimensional scaling deals with
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the following problem: For a set of observed distances (or similarities) between every
pair of n events, find a representation of the data in fewer dimensions such that the inter-
event distances (or similarities) as they are measured in the subspacé “nearly match” the
initial similarities (or distances). Multidimensional scaling 1s only done with ordinal or
nonmetric data, i.e., the rank orders of the n(n-1)/2 of inter-event distancés'. This 1is
because a particular rank ordering corresponds to a set of point patterns whose
geometrical difference or disagreement is quite small. For example, for a two
dirﬁensional pattern containing as few as 20 instances, a movement of only one instance
on the order of 0.1% of the largest inter-instance distance in the pattern will result in a
modification of the rank ordering about 90% of the time [19]. Suppose that the distance
between instances i and j is ranked kth (1<k < n(n —l)/2) in the initial feature space
‘ compared with all other distances, and it receives a rank r, (1<7r, < n(n—l)/2) when
being projected onto a feature subspace. Denote the rank ordered list of the initial point
pattern as the vector v, = (1,2,...,n(n —1)/2) and that of its lower-dimensional projection
as the vector v = (rl )1 ,...,rn(,,_l)/z). Using only these ranks, we construct a measure of the
extent to which the projected point pattern falls short of a perfect match of the initial one.

This normalized inter-angular measure is defined as

angle(v,,v)

I , 4.17)

°” Max{angle(vﬂ,v)}
where angle(v,,v) is the angle between v, and v. When v,=v, / =0 and the

0He

projection 1s identical to the initial pattern as far as 7, can tell. When

* We assume that the orientation from one event to another is not important.
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v= (n(n-1)/2, n{n—1)/2-1,...,1), then I, =1 and the projection disagrees with the initial

pattern the most.

5. Density Estimation

In Section 3, we described a new framework for spatial-temporal prediction that extends
knowledge discovery into feature space. We describe the estimation of individual model
components in this section. Only key features picked out as the result of the feature

selection step are used for model building. However, in this section we keep the same

notation where no confusion arises in order to keep the amount of notation to minimum.

5.1. The “best” partition of the data

The estimators we consider can effectively accommodate local variations in the data.
‘ However, these estimators require that we estimate the appfopn'ate number of distinct
local (covariance) structures from the data first, unless we know them a priori (e.g.,
crime analysts may tell us how many groups of offenders are likely to be represented by

the data). We use hierarchical clustering with a selection rule to achieve this.

0: Group n instances into n clusters Q,,Q,,...,Q2_, each of which contains one instance.

1: Find the nearest pair of distinct clusters, say Q, and Q , merge Q,  and Q_ and call
the result Q, , delete 2, and decrement the number of clusters by one.

2: If the number of clusters equals one, then stop; otherwise, return to 1.

Figure 5.1. Basic operations of hierarchical clustering algorithms.

The basic operations of hierarchical clustering algorithms are similar, and are

. outlined in Figure 5.1 [14]. The difference between algorithms lies in the definition of
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.

cluster-to-cluster distance (1.e., what we mean by “nearest”). For a data set of n instances,

a hierarchical clustering algorithm generates a succession of n partitions P,,P,...,P, |,

where P,,P,...,FP,_, contain n, n-1, ..., 1 clusters, respectively. What we hope to find is

n-1
the one partition that best represents the “natural structure” of the data set. In other
words, we need a rule to select a partition from the complete hierarchy of n partitions, or
better yet, stop merging clusters further as soon as we find the best partition. The

‘%topping rule” suggested by Mojena [29] is among the most satisfactory proposals. Let

a; (j=0]l,.,n-1) denote the minimum distance between two clusters in partition P;.

a; is called the fusion level at the stage with n— j clusters. P,,, is obtained by merging

+1

the two clusters in P, distanced by ¢ ;. In detail the stopping rule is to select the first
partition P; in the hierarchy satisfying

a.,>d+k-s, (5.1)

where a,, is the fusion level if further fusion were to take place, @ and s, are,

respectively, the mean and unbiased standard deviation of «,,2,,....,a,, and k is a

n-1
constant. The partition selected according to (5.1) consists of 7 — j clusters. The constant
k is usually set to 1.25, as recommended by Milligan and Cooper [28]. The rationale of
Mojena’s proposal is to look for significant “jump” in the « series.

Strictly speaking, Mojena’s rule is not a stopping rule; but rather, it is selection

rule. This is because @ and s, in (5.1) are calculated based on the complete series

a,,q,,....a, , which correspond to the complete hierarchy of n partitions. When n is

n-

This document is a research report submitted to the U.S. Department of Justice.
This report has not been published by the Department. Opinions or points of view
expressed are those of the author(s) and do not necessarily reflect the official
position or policies of the U.S. Department of Justice.



w——,y

+

. large, we find that using the partial a series to calculate the mean and standard deviation
yields similar result. The revised Mojena’s rule is then given as

a,, >& +k-s,, | (5.2)

where @; and s, ; are the mean and unbiased standard deviation of @,,@,,...,a; . This is

a bona fide stopping rule.

an

n (Xn+] Xn)

5.2. First order spatial transition density y

We consider two classes of models for estimating the first order spatial transition density.
Both classes play an important role in modeling data that are believed to come from
multiple underlying categories and sources. The first class is called finite mixture
distributions (see [15], [27], [43]). These distributions are superpositions of (usually
. simpler) component distributions. A finite mixture probability density function (or mass

function in the case of discrete sample space) has the form

fxme)=>"°

Jj=1

.1, (x8,) (5.3)
where 7, >0, j=12,.,C, m,+7m, +..+n. =1, na=[n, .. 7], 0=[0, .. 0.].
f;(x;8) 1s the jth component density with the set 0 of parameters and 7,,7,,...,7 are
mixing weights. © 1is the collection of all component parameters. To fit a finite mixture
distribution one needs to find the number C of component densities first. In our case this
is done by applying hierarchical clustering to the data {x,. =12, n} .

More often than not, it is required that all component densities belong to the same

parametric family. Suppose the vector x represents p numeric variables. The most widely

. used continuous finite mixture models are Gaussian mixture models (GMM), where the C
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component densities are postulated as multivariate Gaussian distributions. In particular,

the jth component density is

fj (X;Oj)z -fj(x’ uj’ Zj)= Ez—)réwe'(”z)(x‘ﬂj)’z;l(x'ﬂj)’ ] = 1,2,...,C (54)
7 i

where p; is the mean vector and X, the covariance matrix. The parameter set

0= {pj,Ej}. Latent class models (ILCM) (see [13]) are an important class of discrete

finite mixture models. Suppose the vector x represents p categorical variables, and /th

variable [x], (/th dimension of x) takes on g, distinct values 0,1,...,g, —1. Assume that

the variables are independent and the outcomes of each variable are also independent.

Then x has a finite mixture distribution (5.3) with the jth component density Being

fj(x591)=fj(X;6j1" ) H/ .Hf’: 0% s J=12,,C (5-5)

where 8 ;, = [5,-10 51.,&_1]' s 1=12,.,p, j=12,.,C,and 6, k=0],.,g, -1, are
the probabilities of [x], =k . Zg' 8 i =1. The indicator variable 1y, _,; equals 1 when

[x], = k and 0 otherwise. The parameter set 6 ; = {61, yes O ) }

To estimate the parameters © =[6, ... 0.], we first calculate these quantities
in accordance with the clusters, and then update them iteratively until the log likelihood
L= Z; log f(x,;7,©) converges to a stationary point. This numeric maximum
likelihood method is known as EM algorithm [12]. We give the detail of the procedure in

Figure 5.1. For the situation where mixed variable types are present, it is trivial to

combine GMM and LCM provided that the numeric dimensions are independent of the

. categorical ones.
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' " The second class of techniques that we use to estimate the first order spatial
transition density belongs to the family of nonparametric models and is known as filtered

kernal estimators (FKE) [25]. They take the general form

2_,ZC PO g (x - x,) :6)

Jl|H

where H;, j= 1,2,..,C, are C px p nonsingular Jocal bandwidth matrices and p; (x),

Jj=12,...,C, which satisfy

OSpj(x)sl and Z;pj(x):l 3.7

for all x, are filtering functions. Local bandwidth matrices contain posterior parameter

settings that enforce localized smoothness for locally varied regions of the subport of the
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0: Let
m=0,

" =n/n, j=12,.,C,

(GMM) g™ = (/n, )57 14 0%, j=12,...C,
(GMM) 20 = (1/n, )3 1o, - ), -0, ) s j=12...C,
@My 85 =, )3 1y e Mintys L =120 P =1.2,,C k= 0L g ~ 1,
f(x‘.;n('"),@('"))= Z 7y, (x;;0¢ m))
" =3" log f(x;x™,0").
1: Let

wim) = ”5'M)fj(XiQOS'M))/f(xi;”(M)’G(M))’ i=12,.,n,j=12,..,C,

i

l i=t Y

ﬂ,(/mu) _ nﬁm»fl)/n , j=12,..,C,

(GMM) pl) = (1/n )" wimix | j=12,..,C,

(GMM) Z0) = (1/n D)5 ) (x, - plr 0 x, —plred) | j=12,.,C,
(LCM) 84 = (i/nlm )57 Wiy, 0 =12, p,j =12,,C k=0, 8, ~ 1,

f(Xl.;n('"H @("Hl)) Z]] 5_m+1)fj(xi;9(im+l))’
5 o e, 00,

2:1f [V — [ < ¢ for some small ¢ >0, stop; otherwise, m = m+1 and return to 1.

Figure 5.1. EM algorithm for fitting GMM and LCM.
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true density. The filtering functions can be interpreted as prior weights over variations of

local smoothness. As a special case (when H; = diag[hj, o hy ), J=12,.,C), the

[filtered product kernel estimators or FPK estimators are given as

J

oLy s 20 [ f1x),-x]
f(x)_nZhle:]hﬂ_“hjp H,=1K[ ; ] (5.8)

where A, (Jj =12,..,C,l=12,.,p) is a local bandwidth for the /th dimension [x], of

the jth locally varied région. The underlying assumption for FPK estimators is that all
dimensions are mutually independent. In principle FKE have advantages over both
standard kernel estimators (SKE) as well as variable kernel estimators (VKE). SKE use
a global bandwidth matrix and are not suitable for handling multi-modal and locally
varied data. VKE require a distinct bandwidth matrix for each data point and it is not

‘ always clear how to best incorporate a priori information about local smoothness into
these estimators

We only consider FPK estimators in this paper. Suppose the data {x Jli= 1,2,..,n}
have been partitioned into C clusters 2,,Q,,...,Q. Let n, be the number of instances in
cluster Q. We construct a FPK estimator using the procedure illustrated in Figure 5.2.

Note that the procedure does not necessarily give an optimal estimator (under any

assumption on the true density) in terms of asymptotic mean integrated squared error or

AMISE. However, it should lead to a good representation of the true density because:

e Using either a finite mixture model or the indicator function to construct the filtering
functions should capture a reasonable amount of local variations among the

. smoothing we need to impose on the locally varied regions.
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' e Consider the data in the cluster Q ; alone. If we were to fit a Gaussian product kemnel

estimator to those data, (5.11) would give the optimal bandwidths in the AMISE
sense assuming the true density is multivariate Gaussian (see [39]). These estimators

should capture sufficient local smoothness for the FPK estimators.

‘

1: Derive the filtering functions in either of the ‘following‘two ways:
e Fit a finite mixture model to the data g(x)= Z; 7,8; (x). Set
p;(x)=7,g,(x)/g(x), j=12..C. (5.9)
o Let the indicator 1y, ) be 1 if {x € Qj} and O otherwise. Se§
| p,(X)=14q)r j=12,..C. (5.10)

. We term this special FPK estimator weighted product kernel estimator or

WPK estimator.

2. Estimate local bandwidths using local data in each cluster. To wit,

A 4 (p+4)
h, =( 2] G, 1=12,.,p,j=12,.,C. (5.11)
p+

where & ; is the standard deviation of the /th vanable [x], using data

{[x‘.]l X, € Qj,i = ],2,...,n}.

Figure 5.2. Procedure for constructing a FPK estimator.

5.3. Spatial interaction probabilities Pr{x,l+l € Z,(,j)}, j=12,.,C

For either finite mixture or filtered kernel estimators, models of distinct local structures

. are readily available. Notice that each local structure corresponds to a clique in a
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clustering point pattern. Spatial interaction probabilities are estimated from these *“local”

models.

When a finite mixture distribution is used to model first order transition density

v (x,, |z, ), spatial interaction probabilities are given as
prix,.. ey =7,1,(x,.:8, )/ f(x,.;;7.0), j=12,.,C. (5.12)
When a filtered kemel estimator is used to model first order transition density
‘//,(.”)(x,,+| x"), spatial interaction probabilities are given as

an

w! 2.)= 1) F(x,), F=12,.,C (5.13)

(xn+l
where f” ; (xm), j=12,.,C, are specified as follows, in correspondence to the generic

form (5.6).

A 1 n i xi - .
SiGa)==2", %K(Hj' (x,.-%,), j=12...C. (5.14)
J

For filtered product kernel estimators (5.8),

7 1 " 'Df(xi) [xn+l] —[xi] . ‘
fj(xn+1)=;2,-=,;‘_—7 H,’;,K(—~;z—' , j=12,.,C. (5.15)
1l 7 Jl

P

5.4. Second order spatial transition densities t//f,'z’(sm DY TPt ), j=12,.,C

n

Two models developed by Fiksel [16] can be used to estimate second order spatial

12)

transition densities y (s, |D'" Tn(j),tm), j=12,...,C. Although other models are

03

»

likely, Fiksel’s models are among the simplest that incorporate the “journey to event
assumption we gave in Section 3. The instant-model also takes into account the

. assumption conceming “lingering period to resume act.”
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.  Remember from Section 3 that D, and T,, the sets of locations and times of n
past events respectively, are partitioned into C disjoint subsets {D,(,j) :j=12,.,C } and

{T”(j) :j=1,2,...,C} in correspondence to the clustering pattern {xf,j) :j=1,2,...,C} in
feature space. We need ;o establish C second order spatial transition density models, one
based on each pair of data subsets D and T’. To simplify the notation we will drop
the subset label j from individual data units. This should not be confusing as long as the
reader bears in mind that the presentation below is abplicab]e to any pair of data subsets
DY and TV,

Let the number of data units in D and T be m and the locations and times of

past events contained in these subsets be s,,s,,..s, and ¢,7,,..,¢,, where

‘ t, <t, <..<t, and s,,s,,...s,, are ordered by 1,,2,,....,t, . According to Fiksel’s order-
model, we postulate the following function for the second-order spatial transition density

4 : A ]
y/f,’z)(s[D:’),T,,“),t)= o (s]s,,...,s,,,)=2—— Zleuﬂs—s,-l (5.16)
.

where ¢ >t 1s a future event’s time of occurrence and "s —s,.” the distance from that

future event’s location s to an older event location s, (i=12,...,m). Notice that if

longitudes and latitudes are used to designate locations, they need to be transformed into
UTM (Universal Transverse Mercator) coordinates before a distance measure can be
calculated. This is called order-model since only the temporal order of the events is

considered. The likelihood of observing the previous m events is then given as

mt A i
SyreenS )@, (8a8 )= T 2= D0 e (5.17)

=t 2m

L(Sl 28y, ;ﬂ') =P (Sm
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Sii —sk||. The maximum likelihood estimate A of the parameter A is

. where d,,,, = I

obtained by maximizing (5.17). Differentiating (5.17) with respect to 4 and equating the

result to zero yields

( . -1
. LY d,e
A=2m-1) Y S Gl (5.18)

l = Z‘ e"‘duu
k=1

which can be solved numerically by fix-point iteration (see [4]).

A second model in [16] is known as instant-model and it utilizes the actual values

of the series ¢,,1,,...,¢, . Based on this model, we postulate that the second order spatial

transition density takes on the form

. -)’ B _ A m o alsesrl-t)
1/12’2)(5|D§’),T,.U ,t)— n, (s|sl,...,s,,,,t, vl 1) = ——————MZZ‘ g Do e .(5.19)

. Similarly, the likelihood function is given as

L(sl,...,sm, st 3 Ay z') 77,,,1( |s 2SSy oty ,tm_,,tm)---n,(szls,,tl,tz)

= H’ g - Z _m‘l Zlﬂe‘mmrfé’,.lk (520)
k= 1

where 4., =t,, —t,. This is to be maximized to yield the maximum likelihood

estimates A and 7.

7,)

5.5. Temporal transition density v ?(,,,

Under appropriate assumptions, both stochastic process models (e.g., Poisson) and time
series techniques (e.g., first-order autoregressive, ARIMA) may be applied. Notice that
the temporal transition density only depends on past event times and thus is constant for

‘ all locations within the study region (Assumption 3.2). When only the relative
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magnitudes of spatiotemporal transition densities are important, temporal transition

element may be omitted.

5.6. Geographic-space feature density x, (xm)

In general, estimation of this density needs sampling over the study region. For example,
we may obtain feature values for the locations on a regular grid over the study region. We
may then fit a density function to these sample values using either finite mixture or

filtered kernel method.

6. Conclusion

In this paper, the problem of predicting the likelihood of space-time random events has
been considered. Unlike the traditional approach that overlooks event-related features, the
current work has aimed at bringing feature-space analysis into space-time prediction.
This added dimension ensures that event initiation patterns frequently hidden in feature
data can be discovered and used to inform future event occurrences. The new approach is
able to identify potential event locations far away from the past event locations. To
demonstrate this claim, we have implemented a version of the model and tested it on a
simulated data set of criminal incidents in the Charlottesville-Albemarle region of central
Virginia. The result was reported in [24]. A real-world application and evaluation of our
model in the regional crime analysis domain will be reported in another paper.

This work represents a first step in the introduction of feature space analysis into
space-time event prediction. There is ample room for future research. The following

several directions warrant further investigation.
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. e Hybrid measures for dimensionality reduction of unsupervised data hold promi’se for
generating the suitable number of features to use. By hybrid measures, we mean those
measures generated by combining a measure of cohesiveness (of a point pattern) and
a measure of disagreement (between two point patterns). Preliminary exploration of
this area can be exa‘mined in [23]. Further work.is desirable to find a sound weighting
scheme or alternative hybrid forms for this éategory of measures.

e In the current application of filtered kernel density estimators, local bandwidths are
obtained by applying Gaussian bandwidth selection rule on local data (see (5.11)).
Although this is a good heuristic, it would be nice if an optimal bandwidth rule‘could
be found fo‘r this class of density estimators based on resampling crite’ria‘ (e.g.,
bootstrap, cross validation).

‘ e The second-order spatial transition densities in our model are estimated by Fiksel’s
spatial transition models. Alternative models (e.g., from Regional Economics
literature) may be used provided that the parameter estimation problem can be easily
solved.

e A previously developed case matching methodology [18] may be integrated into tﬁe
prediction model. In particular, the current model puts equal weight on every feature.
The case matching methodology may be used to find an appropriate weight for each
feature in order to bring partitions in feature space closer to reality (i.e., the actual
preferences of event initiators).

e The current model copes with temporal heterogeneity in an indirect fashion. First, the
gross effect of all temporal features may be incorporated collectively into a temporal

. transition density model. Second, assuming that the spatial feature values are
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dynamica]ly changing with time and the choice of an event location is dependeﬁt on
the current feature values of that location, temporal heterogeneity does play a role in
event site selection decisions through a non-static study region. We would like tcg test
our model in real-world settings where static or non-static study regions are involved
and see how well 1t Performs.

e Again, unless we relax the assumption fhét temporél evolution is independent of
geographic locations (Assumption 3.1), the temporal transition density component
remains constant for every location in the study region. It changes over time and
subsequently changes the magnitude of the spatial-temporal transition density for
every Iocatiop by a common factor. To explicitly consider temporal heterégeﬁeity,
temporal features need to be identified, selected, and analyzed. Although it may not

‘ look so obvious, it seems that the feature space analysis that we presented for spatial

features will follow through for temporal features. Further efforts in this direction

should be rewarding.
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Abstract: Criminal incidents are human-initiated events that may be assumed to be
dictated by certain preferences over space and time. In this paper we first establish the
correspondence between a set of preferences and a cluster of values of certain key event
features and then present a point process transition density model for space-time event
prediction that hinges upon preference discovery or the point pattern in the key feature
space. The added dimension of feature space analysis enables our model to outperform
the traditional “hot spots” approach, as demonstrated statistically by the real-world
application involving breaking and entering incidents in Richmond, Virginia. Being able
to accommodate all measurable features, identify the key features and quantify their
relationship with criminal incident occurrence over space and time, our model provides
the basis for developing and testing theories of criminal activity.

‘ 1. Introduction

Law enforcement agencies have increasingly acquired database management systems
(DBMS) and geographic information systems (GIS) to support their crime analytic
capabilities. These agenciies use such systems to monitor current crime activity and
develop collaborative straiiegies with local communities for combating crime. However,
in general these strategiefs tend to be reactive rather than proactive. A more proactive
approach requires early w'arning of trouble with sufficient lead-time to formulate a plan.
Early warning, in turn, necessitates the development of predictive models in space and
time that can inform law enforcement of pending “hot spots” and areas with declining
crime activity.

Criminal incidents, like many other human-initiated events, are frequently linked

. with the preferences that event initiators (i.e., offenders) have for specific sites and
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‘ speéiﬁc time slots in ten;ls of certain spatial and temporal attributes (or featureé') of |
those sites and time slots,; respectively. The spatial‘aspect of this phenomenon has been
well documented in criminology literature and supported by various spatial theories of
criminal activity. One of the most complete discussions of spatial patterning in crime is
contained in Brantingham and Brantingham (1984). From the standpoint of this work we
are particularly interested in what they call the microspétia] component of crime or the
choice of crime locations by individual criminals. A number of researchers have
documented and formulated descriptions for spatial decision making by criminals (see,
for example, Brantingham and Brantingham, 1975; Molumby, 1976; Newman, 1972;
Repetto, 1974; Scarr, 1973). Some have looked specifically at the question of diétance
from home to crime location (for example, Amir, 1971; Baldwin and Bottoms, 1976;

. Capone and Nichols, 1976; LeBeau, 1987, Rossmo, 1993; Rossmo, 1994). Taken
together this impressive body of research shows that “target selection is a spatial
information processing phenomenon.” (Brantingham and Brantingham 1984, p.344).
Essentially offenders haV(;i certain preferences in their site selection. These preferences

|
can be defined in relation to a selected set of spatial attributes or features.

!
1

It is rather safe to Say that offenders’ preferences constitute an important piece of
information to inform future site selection decisions by criminals. It is desirable that
predictive models for crimé incidents take advantage of this preference information, more
specifically, the pattern revealed by the feature data of the observed incidents. Predictive
models that fail to look into the feature data to address incident initiation preferences are

inevitably not as intuitive and, quite possibly, do not predict as well as what we expect.

. ! We use the term features as a synonym for terms such as predictor or independent variables, which are
commonly used in regression and linear modeling.
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[;
Such models are essentiﬂ?y variants of traditional pin-mapping techniques. They ignore
feature data and basically‘% map out the locations of past incidents and their vicinities as
predicted criminal “hot sﬁots,” based on certain assumptions on spatial dependence. In
this paper, we describe a space-time prediction model that we recently developed based
on the theory of point patterns and multivariate density estimation. The model itself and
the formal analysis that we propose fof building the model establish an approach for
discovering and representing criminal preferences as the functional relationships between
d;mographic, economic, social, victim, and spatial variables and numerous measures of
criminal activity. Our intent is not only to give a new statistical model that integrates
feature space analysis into space-time prediction, but also to provide the critical
infrastructure for building and testing the theories of crirriinal activity that compete with
‘ one another for use in the major law enforcement strategies. Therefore our model must be

understandable to users, accurate, and testable with a variety of theoretical constructs

from current research on crime. By understandable to users, we mean that the model

cannot be a “black box.” The user needs to understand how the inputs to the model are

used to formulate a prediction. This is particularly important for testing theories of

criminal activity. Our model must allow a variety of different features and our approach

i
i

must include a way to test the effectiveness of these features. For example, our model
should conveniently allow us to test a theory that says that proximity to bars or nightclubs
contributes to crime of certain type in an area.

The remainder of this paper is organized as follows: In the next section, we take a
closer look at the distributions of criminal incidents in temporal, geographic, and feature

. spaces, respectively, and explain intuitively how we may capture the incident initiation
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|
‘ preferences in feature space. In Section 3 we give a formal account of the criminal
incident prediction problelm and describe the assumptions and technical details of our
model for solving the problern. In Section 4 we present a real-world application of our
proposed model and the evaluation and comparison of our model against the traditional
“hot spot” approach. Section 5 summarizes our modeling approach and the cbntributions

of this approach to law enforcement and to solving space-time prediction problems in

other domains.

2. Preference Discovery in Feature Space

Criminal incident prediction is usually carried out within a specified geographic region
(e.g., a jurisdiction) and within a specified time range (e.g., a month) for a specified
crime type. In practice, these boundary conditions are defined by law enforcement
agencies. We term the geographic region of interest a study region or geographic space
D c R?, and the time range a study horizon T < R*. To formally capture the criminal
incident prediction problem, we regard the locations and times of the incidents of a
specific type as vectors (sil,tl), (5,.2,)5 s t, =0 <1, <t, <.., where s, € D is the two
dimensional location of iI;icident i and ¢ is the time of this incident. The incidents also
have corresponding feauﬁes (or marks) x,, X,, ... that describe the attributes of the
incidents (e.g. distance to a road, type of residential community, etc.). Suppose that

initially we have p measurable features f,, f;,..., f, that are known or believed to be

relevant to the occurrence of the incidents. Then the hyperspace formed by these p
features is a (p-dimensional) feature space y < R’ . A subset of the initial feature set

. defines a feature subspace. Mathematically, taken together the locations, times, and
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. features of all incidents constitute a realization of a marked space-time shock point

| |
process. ‘

|
i

We have mention;d in the introductory section that for rhany human-initiated
events, one primary behavioral assumption is that event initiators (e.g., offenders in crime
scenario) choose the site and time of an event based upon a set of preferen;:es over the
values of the attributes (features) at alternative sites and times. While the events of a
marked space-time point process may be presented in three hyperspaces (time axis,
geographic space and feature space), event initiation preferences are measured in feature
space. Suppose that the initial set of features contains those attributes that the event
initiators actually factor into their decision making. A set of preferences pertaining to a
group of event initiators is defined when the subset of features actually considered by the

' group of event initiators and a partial ordering of available values for these features are
specified. For a specific group of event initiators, if we knew their set of preferences (i.e.,
the subset of features and the partial order for the feature subset), we would examine all
location-time combinations for their feature values and score them accordingly. However,
without its knowledge, wglla must “discover” it from the data, more specifically, from the
ppint pattern in feature space.

|

Preference discovery in feature space prompts two questions. First, which features
are actually considered by a group of event initiators? We are never going to know with
certainty the answer to this question. Our objective instead is to find the smallest feature
subset (of the initial feature set) that is necessary and sufficient to account for the
underlying pattern of event occurrences. This is known as feature selection. We term the

. selected feature subset the key fearure set and the feature subspace defined by the key
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feature set the key featLre space. By definition, the underlying pattern of | event‘
occurrences should manife'i:st itself most clearly in the key feature space. This leads to the

second question: What km:d of point pattern do we expect to see in the key feature space?

The answer to this seconci question provides the basis for specifying a partial order for

the key feature set. We. givé the formal models for the partial order in the next section.

To answer the second question, we fnéke the foilowing two assumptions: (1) If
multiple groups of event initiators are present, they make site selection decisions based
on common set of features, and (2) preferences remain stable (stationary in probabilistic
sense) over the study region and study horizon for each group of event initiators. The
first assumption‘ is inevitable if we want to deal with multiple groups simultane;)usly.
With the second “stationarity” assumption, we may conclude that given the data of
' repeated event initiation decisions by a group, the set of preferences of this specific group

(or the underlying pattern of event occurrences) must manifest itself as a small-variation
distribution of values in the key feature space. This small-variation distribution can be
described as a clique in point process theory (or less formally as a cluster). If multiple
groups with distinct prefe;rences are present over the study region and study horizon, we

expect to see a clustering époint) pattern with multiple cliques in the key feature space.
We illustrate the ziibove observation in Figure 1, where we have assumed that
initial feature set is the ke;/ feature set. Although the distribution of events on time axis as
well as that in geographic space could very much lack any systematic pattern, stable and
distinct clustering patterns shoyld be observed in feature space. Each clique in feature

space corresponds to a set of preferences. It is often the case that locations in close

' geographic proximity have similar feature values. Then neighbors in geographic space
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‘ are neighbors in feature space (e.g., s, ands, ). However, proximity in feature space does
!

not necessarily translate i,hto proximity in the geographic space (e.g., s, and s;). It is
. | ‘

quite possible that two lochtions that are far apart have the same feature values and thus it
is only reasonable to ass;gn an equal score to both locations if we extrapolate event
occurrence based solely upon site selection preferences. The merit of integrating feature
space information into space-time event prediction is that potential event areas (e.g.,
é.reas not previously struck as frequently by crimes but at high risk nevertheless) can be
picked out. The same rationale applies to the analysis of event occurrences in time.

Time T
Axis . :

‘ Feature -

Space

Geographic
Space

S

Figure 1. Event occurrences in three hyperspaces.

We have intentionally kept the subject of the discussion in this section as
“(human-initiated) events” since preference discovery is not confined to the crime

incident prediction scenario. We will give some other examples in the final section.
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. 3. The Model

Criminal incidents (and bﬂler human-initiated events in a more general context) are

1

. l . . . .
random events in space and time. The quantity of general interest is naturally the

likelihood that a future incident occurs within a study region and a study horizon, given

f
i

the times, locations, and fé:anue values of past incidents of the same type bounded by the
same region and time range. Formally, this likelihood is the transition density of the
marked space-time shock point process we mentioned earlier. Let T, = {f,,t,,.-., },
D, =1{s,.s,,..,s,} and %, ={x,,X,,..,x,} where s, =(s,,5,) and x, =[x, .. x,].
The transition density is defined as follows.

Pr{N(dsm»l ’dtn+1 ) = lan 9Tn 9ln}

S, qstws1|PnsTns Xn)= . lim (1)
'//n( +1 +1 Xn) V(ds,,ﬂ),dl,,“—)O V(dsm )dt,”]
. where s,,, and ?,,, are the location and the time of the next incident, respectively,

v(ds,, ) is the Lebesgue measure of ds,,, and N (ds,.,,dt,,;) counts the incidents that

n+l n+l?

happen within the infinitesimal region ds,,; and the infinitesimal time interval dt,,, . It is

n+l
the probability that a single future incident occurs within specified infinitesimal region
and specified infinitesimal time interval. In theory, “single” or uniquely identifiable

events are ensured if we postulate a simple point process.
{

!

| i
density defined in (1). First, we give a model of the transition density. Such a model can
|

The discussion in this section focuses on two topics surrounding the transition
be used to dynamically generate density estimates over space and time for the occurrence
of future incidents. Second, we present criteria for evaluating and identifying which of

. the features have the most predictive or explanatory power. These two topics are closely

related. From the empirical model building point of view, the second topic, known as
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. feature selection, is a preliminary step to the first topic and it determines which fe'atures'
or predictor variables shopld go into the transition density model. The model from the
first topic, once built wnl} certain features and tested on new data sets, could in turn be
used to assess these featurlés’ contribution to prediction quality and justify their choice. In
other words, the mode‘l fojrmally specifies a partial order over the values of the selected
features. It is important toi note that for both t'o’pics we dévelop our models or techniques

all in accordance with the notion of preference discovery that we illustrated in the last

section.

3.1. The transition density model

The development of our model involves a multi-step componentizatioﬁ of &lC transition

density (1) and the estimation of individual model components. This subsection describes

. the componentization and the next section deals with densit)ll estimation models for the
components. We give both intuitive and formal descriptions of the process in the sequel.

The first step in the process is to separate spatial and temporal transitions. We

postulate that the occurrences of criminal incidents over time and space are separable in

the sense that

U]

Dn’Tn!‘ln)=Wn Dn’Xn’Tn’tnﬂ)'Wr(uz)(tm»lITn) (2)

(S n+l

Wn (sn+1 4 tn+1

where t//(’)(s,,H[D,,, XnsT, ,,jt,,H) will be called spatial transition density and y® (t,,,,, IT,,)

n

temporal transition densitgy. Equation (2) would be a standard Bayesian decomposition if
!
the second term on the right-hand side were y” (t,”]ID,,, 2,T,). D, and y, were left

out under two assumptions: (1) The initial set of features does not contain any

‘ (inherently) temporal features, and (2) temporal evolution (transition) of the marked
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. space-time shock point process does not depend on spatial (locational) evolution
(transition). By “(inherently) temporal features,” we mean features that “label” time
intervals so that categori%ation of time instants can be obtained.‘ Some examples are
“seasons of the year,” “\fveekdays / weekends,” “segments of a day (e.g., morning /

' |
afternoon / night).” Tecjhnically, we may exclude all temporal featureé since the

synthesized effect of different temporal categories on incident occurrence is contained in

the time series ?,t,,...,#, and the heterogeneity in the series may be incorporated by

using ARIMA-like models to estimate temporal transition. The practical reason for not
explicitly considering temporal features is that spatial component is more evident in the
crime scenario and the need for validating spatial theories of criminal activity is more

imminent. With temporal features excluded, 2z, becomes the collection of feature data

. that contains “site selection” preferences. Ignoring the temporal heterogeneity pertaining
to a temporal feature also requires that this heterogeneity does not make site selection
preferences unstable within the study horizon (i.e., does not render the “stationarity”
assumption in Section 2 invalid). Otherwise, we must reduce study horizon to what is
defined by a single category of the temporal feature (which may be considered a
stationary time interval) and trim down the available data accordingly in order for our
subsequent analysis to be tenable. The second assumption mentioned essentially says that
spatial dependence aﬁsesifrom the integration of causal factors over time, but not vice
versa. In the crime analyésis scenario, this means that we do not regard the past crime

|

intensity at a site as a direct factor to influence how soon criminals are going to strike

again. However, this past behavior does tell us about the preferences of site selectors and
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. we directly model these preferences in the subsequent steps of the componentization

below.

The second step of the componentization is concerned with how to model the
!

spatial transition densit;'/, vs,.,
:

philosophy is to use past: site selection behavior to inform where events are likely to

i

occur again. For the moment, assume that the features we select initially are the key

D, xn,Tn,tn+l). Intuitively speaking, our modeling

n

features. By doing so, we postpone the feature selection task until next subsection. In the
last section we have concluded that we expect to see a distinctive clustering pattern in the
key feature space with each clique or cluster defines a set of event initiation preferences.

Suppose that the set y, of feature vectors is partitioned into C  disjoint subsets

n

{ 0 :j=12,..,C , each of which is mapped onto a clique in key feature space.
. Corresponding to {Z,(,j ):j=12,.,C ,the set D, (T,) of locations (times) of past events
is also partitioned into C disjoint subsets {D: j =1,2,..,C ({f: j=12,..,C}). Let

x,,, be the estimated feature vector at location s, ,, and instant ¢,,,. Conditional on x,,,,

n+l

the spatial transition density is assumed to take the form

an

V,r(t])(anIDn’Zn’Tn’tnﬂ)= a 'Wn (xn+1 |ln)

C 12 : . .
* =1 W’(l )(sn+l |Dr(xj)’Tn(J)’tn+l )Pr{xm-] € Zr(nj) (3)

n

where y7(x,,|7,) is termed the first order spatial transition density* and reflects event

‘ ! N
intensity (i.e., first order effects) at x,, in feature space. y/,‘,m(smlD,(,’),T"(“,tM, ),

j=12,..,C, are termed second order spatial transition densities, which reflect

l ? This is a probability mass function in the case of a discrete feature space. We shall use the term “density”
in both continuous and discrete cases.
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. interaction (i.e., second order effects) of new event location s,,; with past event locations

in each DY, respectively. Pr{xm ey, j=12,.,C, are spatial interaction

probabilities or the probabilities that x,,, and each y! form a clique in the feature
space. « is a normalizing constant.

i

Model (3) incorfm%ates all elements of site selection behavior and puts them into a
formal framework — spatial point process theory. A spatial point pattern can be regarded
as the result of first order effects coupled with second ‘order effects. We model first order
effects as the event initiators’ site selection preferences or alternative sites’ potential to
attract future eQents (feature space analysis) rather than the average number of é’vents
already accumuléted at alternative sites (geographic space analysis). This notion of site
selection preferences is more fitting for prediction given that the same sets of preferences
will carry on to ¢,,, over the study region (see the “stationarity” assumption in the last
section). We do not consider second order effects in feature space because we assume
that the spatial point process in the key feature space is Markovian over a small range.
Roughly speaking, this assumption ensures that in the key feature space, there are no
second order effects (i.e., dependence or interaction) between cliques, and since the range
(or clique radius) is small, only first order effects are important within each clique. This
assumption formally characterizes the point pattern in the key feature space (or the site

!

selection behavior revealeﬁ by feature space analysis).

The second order éaffects are modeled in geographic space. Notice that it is only
appropriate to examine sf;atial dependence for events in the same feature-space clique

!

(i.e., events initiated by ihe same group of people). However, due to the uncertainty

associated with assigning a new event to a specific clique (or claiming that a specific
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‘ group is responsible for a new event), we weigh second order effects pertaining to
individual cliques by the probabilities that quantify this uncertainty (i.e., spatial
interaction probabilities). Technically, we estimate the weighted éverage of the second

order effects of C thinnejd point processes in geographic space. A realization of each
|

thinned point process is the set D of events corresponding to those that form the clique

7 in feature space. |

The spatial transition density model (3) needs “prior” adjustment when the

predicted feature values (x,,,’s) for all locations within the study region (D) do not form
a uniform distribution. Let «,(x,,,) denote the probability density function of x,,, over
all predicted feature values for locations s,,, € D . Non-uniformity of x, (x,,,) indicates

certain feature values are more typical than others in the study region. Individual
locations with typical feature values, if preferred by event initiators, should be at lower
risk compared with those with rare feature values simply because event initiators have
more choices over the region but they may engage themselves at only one location at any

instant®. To put all locations on an equal footing, we adjust (3) as follows.

%)

Wr(rl)( n+lan’Zn’ n? n+1) ﬂ (I/K (xn+l)) '//'('“)( n+l

‘ !//f,‘”( $,a|DO. T 1, Prix,., € 29} @)

) is uniform, (4) reduces to (3).

n+1

where £ is a normalizing constant. When x (

1
x,(x,, ) can be easily estimated if all features are static over the study horizon. We use
. !

|
(3) when we do not have¢ knowledge of «x, (x,m). We term «, (x,M) the geographic-
[

‘ space feature density.
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. 3.2. Density estimation

The equations (2), (3) and (4) collectively define our transition density model — a new
framework for spatial-temporal event prediction that takes advantage of preference

'

discovery in feature spaée:;. For our purpose, the estimation of the individual components

involves the following fou:r tasks:

(i) In the key feature spacle, partition the data into the “best” number (C) of clusters.

(2) Estimate the first | order spatial transition density and the spatial interaction

probabilities in the key feature space.
(3) Estimate the second order spatial transition densities in the geographic space.
(4) Estimate the geographic-space feature density where appropriate and feasible.
The astute reader may ask why we do not need to estimate temporal transition

‘ density. The answer is that generally we do need to for space-time prediction but in our

case we do not due to the two assumptions we made when we separated spatial and

temporal transitions (see Equation (2)). With those assumptions, the temporal transition

density y/(z)(th]T,,) is invariant for all locations within the study region at any given

n

instant ¢,,,. To present the predictions made by our model as a series of density maps

over the study region indexed on time instants, only the relative magnitudes of the
density estimates are relevant at any given instant. In fact the reader will see later that

using relative magnitudes is essential to our approach to model evaluation and

|
. | . . - .
comparison. Therefore, we can safely ignore any components in the transition density

model that do not depend on locations. These also include the normalizing constants in

l
Equations (3) and (4), resgectively.

* Technically, we have assumed that no two events happen at the same location or at the same time.
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‘ | Intuitively, the number C of the clusters in the key feature space correspoﬁds to
the number of distinct sets of preferences. Unless we have this information a priori (e.g.,
crime analysts‘may tell us how many groups of offenders are likely to be represented by
the data), we have to “discover” it from the data. Technically, the purpose of partitioning
feature data is to effec}ivély accommodate local covariance structures in the component
density models that we vi/ill see momentaril‘y‘. To acco’mplish this first task, we use a
hierarchical clustering aléorithm to generate partitions and employ a “stopping” rule to
determine which partitior; is the “best.” For a data set of n instances, a hierarchical

clustering algorithm generates a succession of n partitions A,,PR,...,P,,, where
P,,P,....P,_, contain n, n-1, ..., 1 clusters, respectively. It merges two “closest” clusters
in P, to generate P, at each step. What we mean by “closest” obviously depends on the

‘ definition of cluster-to-cluster distance. This definition distinlguishes different flavors of
the algorithm. We will not delve into the details and the interested reader is referred to
Everitt (1991) for a quick introduction. The “stopping” rule that we use is either the one
proposed by Mojena (1977), which is essentially a “selection” rule (in the sense that it

selects a partition from the complete sequence Py, A,,...,P,_, after they are all generated
rather than signaling a stop to the algorithm at an appropriate stage, say, P,;) or a revised
version of it as stated below. Let &, be the shortest distance between any two clusters in

the partition P, (j = 0,1,..;n —1). Then revised rule is to stop merging clusters further and
{
|
select the first partition P, satisfying
' i
| @, > +k-s,, (%)

°
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‘ where @; and s, ; are the mean and unbiased standard deviation of a,,a,,....a ;»and the

constant k is usually set to 1.25, as recorhmended by Milligan and Cooper (1985). When
n is large, we find that this revised rule yields similar result to Mojena’s ori.ginal
proposal. The rationale of ';these rules is to look for significant “jump” in the a series.

We consider two qﬁasses of models for estimating the first order spatial transition
density. Both classes play; an important role in modeling data that are believed to come
from multiple underlyingfcategories and sources. The first class is called finite mixture
distributions (e.g., Everi& and Hand, 1981; Titterington et al., 1985; McLachlan and
Basford, 1988). These distributions are superpositions of (usually simpler) component
distributions. A finite mixture probability density function (or mass function in the case

of discrete sample space) has the form

o Sxn,0)=3" 7,1,(x8,) ©6)
where 7, >0, j=12,..C, 7+, +..+7n. =1, a=[x, .. n:),0=[0, .. 0]
f;(x;8,) is the jth component density with the set 0, of parameters and 7,,7,,...,7. are

mixing weights. @ is the collection of all component parameters. To fit a finite mixture

distribution one needs to find the number C of component densities first. In our case this
is done by task (1) — partitioning the feature data {x, :i =1,2,..,n}.

Two aspects need to be addressed further in order for us to generate a density

estimate by (6). First, further assumptions need to be made on the functional form of the
|

component densities f; (x|;9 ;) (J=12,.,C). For a continuous feature space (where all

J

' |
features are continuous Yariables) we use Gaussian mixture models (GMM), where

. J;(x;0 ). J=12,...C, are postulated as multivariate Gaussian. In the discrete case, we
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. fit the data with a class of Latent Class Models (LCM) (see Everitt, 1984), where we have
assumed that the categorical feature variables are independent and the outcomes of each
variable are also independent. For the situation where mixed variable types are present, it

is trivial to combine GMM and LCM provided that the numeric dimensions are

4

independent of the categoli'ical ones. Second, we need an algorithm to estimate the set of

l
parameters @ =[0, ... (?C]. We use a numeric maximum likelihood algorithm known

{
i

as Expectation-Maximization (EM) algorithm (see, for example, Dempster, Laird and
Rubin, 1977). Basically, the algorithm first calculates these parameters with respect to the

clusters in the feature space partition, and then updates them iteratively until the log
likelihood L = Z; log f (x ,.;u,G)) converges to a stationary point.

The second class of techniques that we use to estimate the first order spatial
' transition density are nonparametric models and was introduced by Marchette et al.

(1996). They are collectively called filtered kernel estimators (FKE) and take the form

70)= X X Sl ) o

where K(°) is termed a kernel function, H ,, j=1,2,...,C, are C px p nonsingular local

bandwidth matrices and p ; (x), j=12,...,C, which satisfy

C
OSpj(x)sl and ZJ,:lpJ.(x):l t))
for all x, are filtering functions. Local bandwidth matrices contain posterior parameter
j
settings that enforce localized smoothness for locally varied regions of the support of the

true density. The filtering ifunctions can be interpreted as prior weights over variations of

‘ local smoothness. We onl'y consider a special case of (6) for our purpose where we set
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‘ _ Hj'=diag[hj1 o h,l, j=12,..,C, where hy (j=12,..,C,l=12,.,p) is a local
bandwidth for the /th dimension [x], of the jth locally varied region. We call these
special class of estimators filtered product kernel (FPK) estimators. The underlying

assumption for FPK estimators is that all dimensions are mutually independent.

In this paper we as;sume that the kernel function is standard multivariate Gaussian.
| ‘ .
To generate a density estimate by (7), we need to specify the filtering functions as well as
, !

|
the local bandwidths. Suppose the data {x, :i=12,.,n} have been partitioned into C

clusters Q,,9Q,,....,Q. Let n . be the number of instances in cluster Q i We derive the

filtering functions in one of the following two ways:
o Fita finite mixture model g(x)= Zil 7,8, (x) to the data. Set
. p; (x)= 7,8 (x)/g(x), j=12,..C. (9)‘
e Let the indicator 1, 1 be 1 if {x eQ j} and 0 otherwise. Set
p,(X)=14qy, j=12,..C. (10)

We term the FPK estimators with the filtering functions defined by (10) weighted product
kernel (WPK) estimators. The local bandwidths are estimated by using local data in each

cluster. To wit,

. 4 1/(p+4)
th =( +2) &j,n;l/(p+4) ,1=12,..,p,j=12,.,C. (11
p

where &, is the standard deviation of the Ith variable [x], estimated from
t

l
{[x,.], :x, €Q,,i=12,.,n . Notice that these bandwidth estimates are optimal in the

i
!

. AMISE sense assuming v"ve were to fit Gaussian product kernel estimators to the local
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. data sets which are in fact samples of multivariate Gaussian distributions (see Scott,

1992).

When we use either finite mixture or filtered kernel estimators to model first order
spatial transition density, models of distinct local structures are readily available. Spatial

interaction probabilities are estimated from these “local” models. When a finite mixture

I
i

distribution is involved, spatial interaction probabilities are given as

Pr{xn+1 € ,}f,(,’)}r- 7, f (x,,+l {:} )/f(x,,ﬂ;n,G)), j=12,.,C. (12)
i
When a filtered kernel estimator is used, spatial interaction probabilities are given as

Pr{xn+l € Z?(lj)}= -;jj(xn-bl )/f(xn+l )’ .] = 1,2,...,C (13)
where
, 1 n ‘(xi) - .
® 7 6a)=— Z’_=l—T’I_I—|K(HJ.‘ (%, -x,))s j=12,...C. (14)
J

The third task on our list is to model second order spatial transition densities. The
models we choose for these densities maintain certain continuity in parallel with the
ordering of inter-event geographic distances and/or that of inter-event temporal distances.
Such orderings reflect some additional assumptions on site selection behavior. First,
given that two geographic locations have the same set of feature values, it is often
reasonable to postulate that event initiators are in favor of the geographically closer
location to start the next event. This assumption is supported by the “journey to crime”
theory in criminology. In view of this assumption, a model of spatial interaction should
give decreasing weight tofpast events with increasing distance to the location of interest.

I

Another behavioral assur‘nption that may hold true for certain scenarios (e.g., serial

!
. crimes of certain type) is that event initiators tend not to wait long before they act again.
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-y

. A model incorporating this assumption should weigh the impacts of past events on future
events according to their “ages”. The more recently an event occurred, the higher weight
it gets. Two models developed by Fiksel (1984), known as the ‘order model and the
instant model, both incorporate the “journey to event” assumption, while the instant

model also take into account the assumption regarding “lingering period to resume act”.

We give these models belc;pw.

Let the number of data units in cluster j be m. Let DY={s,,s,,...,s, } and
!

TO={1,,1,,...1,} Where' t, <1, <..<t, and §,,s,,..s, are ordered by #,,t;,...t, .

Adapting Fiksel’s order model to our case, we postulate the following function for the

second-order spatial transition density for cluster j

w0 (s|D,§” TV ,t) =0, (s|s1 oSy )= A o e k- (15)

| B

where >, is a future event’s time of occurrence and [s—s,| the distance from that

future event’s location s to an older event location s, (i=1,2,...,m). This is called an

order model since only the temporal order of the events is considered. The instant model

actually utilizes the values of the series #,,t,,...,7, . Based on this model, we postulate that

the second order spatial transition density for cluster ; takes on the form

) 0 ) A m-fs-s ()
V/,(,m(SID,,(J),T,,mJ)—77m(Slsla---’smafv'"’tm”)zWZ"W 4 =h) (16)

=1

For both (15) and (16), we can numerically solve for the maximum likelihood estimates

of the parameters (i.e., 4:in (15), 4 and 7 in (16)). The interested reader is referred to

Fiksel (1984).
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. " The fourth and last task on our list is to estimate the geographic-space f‘eature‘
density when appropriate and possible. In general, this needs sampling over the study
region. For example, we may obtain feature values for the locations on a regular grid over
the study region. We may then fit a density function to these sample values using either
finite mixture or ﬁlterqd kernel method. This is the approach we take in the example that

we give in Section 4.
|

3.3. Feature selection |
l

So far we have assumed timat our initial feature set coincides with the key feature set. By
doing so, we have skippeci the feature selection step to be described in this subsection. A
feature selection problem can generally be specified by a triplet (F, c, s), Wﬁere F is the
initial feature set, ¢ a criterion function defined for subsets of F, and s is a subset search
‘ or selection procedure. For the selection procedure, oftentimés we can just compare the
scores of individual features and rank them accordingly. This is known as feature ranking
and will be the approach we apply to the example in next section. If we select a subset of
features based on scores of individual features, the underlying assumption is that these
features are independent. Our emphasis in this paper is on feature selection criteria. In
particular, we will see how we can exploit the point pattern in feature space to discover
which feature or features are most predictive.
In Section 2, we have said that we should observe a distinct clustering (or
cohesive) pattern consisting of small and well-separated cliques in the key feature space.
The question then becorqes how to gauge the cohesiveness of a point pattern in the

|
feature subspace speciﬁea by a given set of features. The cohesiveness of this point

| - |
pattern corresponds to the “goodness” of the feature set. The most straightforward
|
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-ty

approach is to use some clustering algorithm to partition data units into the “best number”
of clusters in the feature subspace and then examine inter-cluster separation and intra-
cluster spread based on the cluster means and the cluster covariances. Friedman and
Rubin (1967) gave several criteria in this class. An obvious problem with these criteria is
* that they require that we partition the data into the “best number” of clusters in the feature
subspace defined by the feature subset to be evaluated. This partitioning problem is
|
frequently not a trivial oné to solve.
| In this paper we loé)k at anofher class of cohesiveness measures that do not require
any partitioning in advan'tce. These measures are functions of inter-event distances (or
similarities). They all accc;unt for a basic characteristic of cohesive structures: It is nearly
always the case that the distance between a pair of eveﬁts is either very small or very
‘ large (i.e., the two events are either very similar or very dissimilar); rarely are two events
separated by average inter-event distance. We define one of such measures in the
following. Let dj; be the distance between two data points 7 and j in the feature subspace
defined by the feature subset to be evaluated. We transform the distance into the
similarity s;; by letting

Si,= 1 .
' 1+ad,

)

where @ =1/d and d is the averaged inter-event distance. Define the Gini index

between these two events as follows.

g, =4s,(1-5,). (18)
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Notice that g; attains its maximum of 1.0 when s, = 0.5 (or d;; = d ) and its minimum of
0.0 when s; — 0.0 (or d; >>1) or s, =1.0 (or d; =0). For a data set of n events, the

averaged Gini index defined by (19) is a suitable cohesiveness measure.

e

!
g n(n-1)

(19)

Smaller /, corresponds to: higher level of cohesiveness of the point pattern or a better set
of features. |

We note several cjaveats when using J, for feature selection in practice. First, I, is
not intended for address:,ing a single-cluster pattern. It is only evaluated if every
dimension of the data set for feature selection exhibits enough variation in values relative
to the full range of that dimension over the entire region of interest. Operationally, we
check each dimension of the data set and exclude the features that do not exhibit enough
variation. Domain knowledge is critical to determine whether these features are among
the most predictive ones or the most irrelevant ones to the problem at hand. Ideally, in the
criminal event scenario, we could have very predictive features with correlations with
event occurrence that are almost deterministic. If we found such a feature (judging from
an analyst’s experience, for instance), we could directly mark out the locations that have
feature values within the feature’s observed range as “hot spots.” It is not necessary to
include such a feature in a multivariate density estimation model because its contribution
to the density score will dominate the contributions of other selected features anyway®.
Second, any cohesive pattern (other than a single-cluster structure) as signaled by small /,

|
could imply strong correlation between the events showing the pattern and the features I,
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‘ serQes to evaluate, but it could also merely reflect the joint distribution of the féatures
over the entire study region, or the prior distribution. In other words, the I, score obtained
for a set of features based on an event feature data set could be severely skewed by the
prior distribution of these features. To single out the effect that the set of features has on
the event of interest, the J; score should be adjusted to eliminate the influence of the prior
feature distribution as long as that distribution is not unifbrm.

Suppose that we c;in sample feature variables at locations on a regular grid, which

is fine enough to represent all the locations within the study region. As opposed to the
‘ i

event feature data set we juse to calculate an unadjusted /g, we call the set of the feature

values at the grid points tfle prior feature data set. We calculate an I, score for thc;, prior

feature data set and let the score be If. Then we may adjust the I, score for an event

‘ feature data set (or a feature subset to be evaluated) as follows.

Adjusted I, = (unadjusted) 7, /I (20)

4. Model Evaluation

In this section, we give a real-world application of our proposed transition density model.
Based on this application, we compare statistically the results of our model with those
obtained from the traditional space-time prediction methodology of using “hot-spots”.
We begin with a description of this traditional approach.

Recall that the transition density model we described in the last section
simultaneously considers times, locations, and features of spatial-temporal events.

Traditional space-time prediction models do not include feature data and criminal

'
!
t
[
i

I
* Technically, as long as the observed variance of a feature is not zero, the inclusion of the feature in a
density estimation model will not cause singularity or infinite density score.

l
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. preferences over this feature data. The most sophisticated law enforcement agencies
model criminal incidents as “hot-spots™ or clusters in space and time. They then predict
-that future incidents will continue to occur in the observed or discovéred clusters.

A variety of methods are used to perform this clustering. To be fair in this
comparison, we will use exactly the same techniques for clustering in space. and time as
we use in our model. Hence, the only difference will be that our model also includes
clustering and preference @iscovew in feature space. As a result, our evaluation with the
cbmparison models (moJlels without feature data) will tell us if we can gain any

predictive power from modeling criminal preferences in feature space as well as in

t
i

geographic space. |
A formal description of the comparison models is as follows. Ignoring the feature

. data, a comparison model predicts the likelihood of the occurrence of a future event

($,.152,.,) based on the locations and times of past events (s,,1,), (5,,8,), ... (s,.%,),
t,=0<1t <t,<..<t,<t,,,. The quantity of interest is the density function

D,,,T,,), where T, ={,t,,..,t,} and D, =1s,,s,,..,5,}. Under the

y/n (sn+l b4 tn+l
assumption that the occurrence of events over time and space are independent, the

comparison model is specified by

T,). 1)

Dn ) Wt(lZ) (tn+l

Dn ’Tn ) = Wr(wl)(sn-fl

l//n (S n+i? tn+l

M

In parallel with our model, we term y, (s,,,{l D,,) the spatial transition density and

U]

v®(,., |T,,) temporal transition density. However, unlike ®(s,,., D, ZnsTost,., ) in our

1
model, v ®(s,,,

D,,) only captures the event continuity in geographic space. In other

{
. words, y/f,')(s D,,) assigns high densities only to the locations in the vicinity of old

n+l

i
!
{
i
i
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. event locations. Due to the reasons we stated for our model in the last section, the

temporal transition density w®(t,,, |T,,) can be safely ignored from the comparison

model in our case.

The space-time events of interest in our application are both commercial and
residential “breaking & entering” (B&E) incidents that occurred in Richmond, Virginia.
A total of 579 such incidents happened between July 1, 1997 and August 31, 1997 and
{hat is the time range foré our study. These incidents are singled out primarily because
they constitute a data setiof reasonable size for rolling weekly and biweekly analyses.
Table 1 summarizes the wgeekly counts of the B&E incidents in the study horizon. Notice
that the crime rate rose to I:a steady level starting the second week of July and did not drop
until the second to last wéek of August. Since the reason for the changes in crime rate is

. not clear, we choose not to use the data from the first week of July and the last two weeks
of August for model building in the sequel.

The data associated with these incidents come from multiple sources. The
locations and the times of the criminal incidents were originally stored in a central dBase
database called Prism, and are made available to us through our project work with the
Richmond Police. Figure 2 shows the locations of the B&E incidents on the map of
Richmond. The subregions on the map are block groups, which are the smallest areas for
which census counts are tallied. We consider three types of features related to B&E
incidents. The demographic and consumer expenditure features data are converted from
the 1997 estimates of certain census categories recorded in “CensusCD+maps” (1998).
The distances from crime locations to geographic landmarks are generated by the GIS

' component of the ReCAP: system, a crime-fighting decision support software being built

|

i
!

I
'
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. by the researchers at the University of Virginia. The three types of feature variabies are
listed in figures 3, 4, and 5, respectively. We assume that the feature values at any given
location in the study region remain unchanged within the study horizon. Simply put, this
means we have a static study region. Given the nature of our initial features and the fact
that our study horizon spans only two months (i.e., July and August of 1997), this seems

to be a rather safe assumption.

: July 7-13 74
; July 14 - 20 71
July 21 -27 72

1 July 28 - August 3 68
i August4-10 69
August 11 - 17 72
August 18 -24 54

. August 25 - 31 49

Table 1. Weekly counts of Breaking and Entering criminal incidents between July
1, 1997 and August 31, 1997 in Richmond, Virginia.
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Figure 2. Breaking and Entering criminal incidents between July 1, 1997 and
August 31, 1997 in Richmond, Virginia.
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® Eeature

Popation, General

POP_DST Per square mile (psm) population
HH DST Households psm

FAM_DST Families psm

MALE DST Male population psm

FEM_DST Female population psm

Work Force

CLS12_DST Private wage and salary workers psm
CLS345_DST Government workers psm
CLS67_DST Self-employed and unpaid family workers psm
Income

PCINC 97 Per capita annual income
MHINC_97 Median annual household income
AHINC 97 Average annual household income
Householder Age

AGEH12_DST Households with householder under 34 years of age psm
AGEH34_DST Households with householder between 35 to 54 years of age psm
AGEHS56_DST Households with householder above 55 years of age psm

Household Size ‘
PPH1 DST 1 person households psm
PPH2 DST 2 person households psm
PPH3_DST 13-5 person households psm
PPH6_DST !6 or more person households psm

. Housing Structure |
HSTR1_DST iOccupied structures with 1 unit detached psm
HSTR2_DST Occupied structures with 1 unit attached psm
HSTR3_DST ‘Occupied structures with 2 units psm
HSTR4_DST Occupied structures with 3-9 units psm
HSTR6_DST Occupied structures with 10+ units psm
HSTRY_DST Occupied trailers psm
HSTR10_DST Other occupied structures psm
Housing, Miscellaneous
HUNT DST Housing units psm
HUNT_PC Per capita housing units
OCCHU_DST Occupied housing units psm
OCCHU_PC Per capita occupied housing units
VACHU_DST Vacant housing units psm
MORTI_DST Owner occupied housing units with mortgage psm
MORT2_DST Owner occupied housing units without mortgage psm
COND1_DST Owner occupied condominiums psm
OWN_DST Owner occupied units psm
RENT _DST Renter occupied units psm

Table 2. Demographic features.

4

|

|

This document is a research report submitted to the U.S. Department of Justice.
This report has not been published by the Department. Opinions or points of view
expressed are those of the author(s) and do not necessarily reflect the official
position or policies of the U.S. Department of Justice.



APPAREL PH Per household annual expenditure (phae) on apparel and footwear
APPAREL_PC  Per capita annual expenditure (pcae) on apparel and footwear
ALC_TOB_PH Phae on alcohol beverages, tobacco and smoking ‘
ALC_TOB_PC Pcae on alcohol beverages, tobacco and smoking

EDU_PH Phae on education

EDU_PC Pcae on education

ET _PH Phae on entertainment

ET PC Pcae on entertainment

FOOD_PH Phae on food

FOOD_PC Pcae on food

MED_PH Phae on drugs, health insurance, medical services and supplies
MED_PC Pcae on drugs, health insurance, medical services and supplies

HOUSING_PH Phae on household furnishings, operations, and shelter
HOUSING_PC Pcae on household furnishings, operations, and shelter
P CARE_PH  Phae on personal care, personal insurance and pension
P CARE_PC Pcae on personal care, personal insurance and pension

REA_PH Phae on reading
REA PC Pcae on reading
TRANS _PH Phae on public transportation, vehicle purchase and maintenance
TRANS PC Pcaq on public transportation, vehicle purchase and maintenance

]

Tal‘)le 3. Consumer expenditure features.

T——————

D _SCHOOL Distance to the nearest school

D _HIGHWAY Shortest distance to the nearest highway
D_HOSPITAL Distance to the nearest hospital
D_CHURCH Distance to the nearest church

D _PARK Distance to the nearest park

Table 4. Distance features.

To select the key feature set, we calculate the I score for each initial feature (shown in
tables 2, 3 and 4) with the feature data pertaining to the B&E incidents between July 7,
1997 and July 20, 1997 (i.e., the event feature data set for feature selection). We then
adjust the score with the /; score obtained based on the feature data pertaining to 2517
locations placed evenly over the Richmond map (i.e., the prior feature data set for feature
selection). This regular grid of 2517 sample points is also involved in constructing model

. comparison statistics that we will describe momentarily. The results are reported in tables

!
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. 5, 6 and 7. It is noted here that before we computed the I, scores, we have first exﬁned
the ratio of the observed range (calculated from the event feature data set) to the full
range (calculated from the prior feature data set) for each initial feature to see whether
there are any features that do not exhibit enough variations in the event feature data set. It
turns out that this ratio is greater than 0.2 for every initial feature in our example. We

deem this an indicator that there is enough variation in every feature dimension.

opulation, General
FAM_DST 0.795109 0.971294 [HSTR9:D 00130 4300408
FEM_DST 0.780887 1.017172 HSTR6_DST  0.578788 0.971377 |
HH_DST 0.766205 1.019083 HSTRI_DST  0.779776 1.037161
POP_DST 0.77807  1.022192 HSTR4_DST  0.603965 1.095686
MALE DST  0.77391  1.037627 HSTR10_DST 0.511243 1.171066
Work Force | HSTR2 DST  0.513737 1.33525
CLS12_DST  0.762812 0.99573 HSTR3_DST  0.442481 1.543366
‘ ‘ CLS67_DST 0.71836  1.013683 Housing, Miscellaneous
CLS345_DST  0.755043  1.020015 CONDEDS TR0 B
Income ! OCCHU_DST 0.766194 1.019019
PCINC_97 0.746605  1.093547 MORT1_DST 0.778619  1.034395
MHINC_97 0.74147  1.100745 HUNT DST  0.764804 1.035979
AHINC 97 0.700613  1.16912 OWN_DST 0.77991  1.051672
Householder Age RENT_DST 0.691134 1.054123
AGEH12_DST 0.689906 0.979065 OCCHU_PC  0.755908 1.070385
AGEH56_DST 0.758949  1.017699 HUNT_PC 0.762469  1.072405
AGEH34_DST 0.776586 1.047537 MORT2_DST 0.74747  1.075255
Household Size VACHU_DST 0.689763 1.088101
PPH1_DST 0.698101  0.999252
PPH2_DST 0.774179  1.019169
PPH3_DST 0.770058 1.019687
PPH6 DST 0.648417 1.096216

Table 5. Demographic features evaluation result.
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P AT

Household

Per

P CARE PH 0.778652
TRANS_PH 0.748267
MED_PH 0.791697
ET _PH 0.789273
HOUSING_PH 0.697043
REA_PH 0.784346
APPAREL_PH 0.784296
EDU _PH 0.759107
ALC _TOB_PH 0.784793
FOOD PH 0.748634

Per Capita ‘

0.886927 P CARE PC  0.804807 0.958234
0.961544 EDU_PC 0.802809 0.978819
0.969762 HOUSING_PC 0.806986 0.980284
0.97886 APPAREL_PC 0.813909 0.99788

1.005566 ET_PC 0.816095 0.998878
1.015941 TRANS_PC 0.821257 1.001076
1.018549 ALC TOB_PC 0.816618 1.007928
1.02109 MED_PC 0.813172 1.012766
1.025226 FOOD_PC 0.804328 1.013596
1.044432 REA_PC 0.798631 1.015429

Table 6. Consumer expenditure features evaluation result.

 HIGHWAY 0.80264

 PARK 0.798587
D SCHOOL  0.756689
D_CHURCH  0.795715

D_HOSPITAL 0.79801

1.003996
1.0291

1.032549
1.036391

Table 7. Distance features evaluation result.

We select one feature from each table to form the key feature set. We do not
select features from the same table so as to avoid strong correlation between any two
features in the key feature set. Independence between features is an assumption for the
versions of the transition density model to be calibrated and evaluated. The features that
we pick based on adjusted I, are FAM_DST (Families per square mile), P CARE_PH
(Per household annual expenditure on personal care, personal insurance and pension) and
D _HIGHWAY (Shortest distance to the nearest highway). We bypass two features
CONDI1_DST and HSTR9_DST which have lower adjusted /; than FAM_DST for both

technical and practical reasons. Technically, these two features have unusually low I

scores on the prior feature data set (as compared with other features), which indicate that
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‘ the i)rior feature data set for either feature is highly clustered or the prior distributi.on of |
either feature is far from uniform. This intuitively makes sense since out of the 207 block
groups in Richmond there are only several that have occupied trailer homes or owner
occupied condominiums. Even with adjustment we still cannot completely eliminate the
influence of the prior patterns on the event feature data for both features. This is reflected
in their very low adjusted I, scores. Practicall)",’we elimiriate these features because when
working with crime analysts we find them unwilling to claim that the lack of trailer
homes or condominiums is linked to higher rate of B&E incidents. However, further
analysis is clearly recommended on this issue and our model easily supports this
additional analysis. |

Geo-mapping shofws that the distribution of each selected feature roughly

|

‘ correlates to criminal event intensity as described in the following. Firstly, the intensity

!
i

of B&E incidents is rou‘,ghly proportional to family density. Second, how much on
average a household within a region spends on personal care products and services is a
reasonable indicator of disposable income with the block group. Most of the criminal
incidents concentrate in the low to middle values of this attribute but not as much in tlie
highest or lowest values. Lastly, areas close to highways are prone to B&E incidents. The
fact that we have combined both residential and commercial B&E incidents may account
for this. Other explanations relate to the opportunity to commit crimes provided by
highways.

We evaluate three versions of our model against their counterparts comparison
models. The three versions are named GMM, WPK and FPK. The GMM version of the

. proposed model uses Gaussian mixture models for estimating both the first order spatial
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. tranﬁtion density and the geographic-space feature density. The GMM version éf the
comparison model also uses a Gaussian mixture model for estimating the spatial
transition density. The WPK version replaces Gaussian mixture estimation with weighted
product kernel estimation and the FPK version uses filtered product kernel estimation.
We build the three versions of the proposed model on four training data sets and for each
version we test it and compare it with the co&espondingl comparison model under three
test scenarios — substituting training data back into the model (resubstitution), predicting
out one week into the future (weekly prediction), and predicting out two weeks into the
future (biweekly prediction). The training sets are the data sets associated with the B&E
incidents that occurred during these four fortnights, July 7 to 20, July 14 to 27, july 21 to
August 3, and July 28 to; August 10, respectively. For every version of the proposed

. model, we always use thé: same set of key features that we just selected (based on the
feature data of the incidenits between July 7 and July 20). By doing so we assume that the
preferences for initiating l%&E incidents remain static during the entire period of July and
August. Alternatively, on;e can repeat the feature selection process described in the last
section on each training data set if one believes that the preferences are dynamic over tlﬁs
period.

To compare the performances of different models, we convert the density

estimates into percentile scores which are on a common scale of 0 to 100. Suppose that

we have placed over the study region a regular grid consisting of N points. In our case,
N =2157. Let sf be the location of the ith grid point. Denote the density estimate

(generated by either the proposed model or the comparison model) at an arbitrary

. location s as d, . The percentile score p, at location s is defined by
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® p, =[100/N)Y"" 1{d, >d, (22)
where l{ds 2d, islif d, 2d, and 0 otherwise. Assuming that the grid is fine enough

to represent the study region well, percentile scores are nothing but re-scaled density
estimates. The higher a percentile score at a specified location then the more likely it is
that a new event will happen at that location.

Basic model evaluation statistics are given in terms of mean predicted percentile
score and its standard deviation for three versions of the proposed model ana three
versions of the comparison model calibrated on the four aforementioned training data sets
in tables 8, 10, 12, 14, respectively. The “best model” is referred to as the version of a
model with the highest mean percentile score out of the three versions of that model. It is
clearly seen from these tal:ﬁles that the proposed model outperforms the comparison model

. in every test scenario in :terms of mean percentile score. But is this result statistically
significant? ;

Two hypothesis tests are performed to answer this question. Assume that the test

data set contains m incidents that occurred at the locations s,,s,,...,s,, , respectively. For
the incident at s,, let the percentile score given by the proposed model be p/ and that

given by the comparison model be p; . Let & be the probability that the proposed model

outperforms the comparison model on a single prediction. We perform the hypothesis test

Ho: 5=0.5,
Ha: 6§ >0.5,

if the test statistic & > 0.5; otherwise, we test the same null hypothesis against

' H.: 6 <0.5.
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‘ The test statistic & for the first hypothesis test is given as follows.
& =(/m)>" 1{p? > pt }. | (23)
The second hypothesis test is built around g which denotes the mean of the difference
between the percentile score given by the proposed model and that given by the

comparison model on a single prediction. We perform the hypothesis test
Ho: =0,
Ha: >0,

if the test statistic 2 > 0 ; otherwise, we test the same null hypothesis against
Ha: 4 <0.

The test statistic 2 based on a test set of m incidents is straightforward. To wit,

PY 1 = m)S" (o - pt). 24)

The standard deviation of the difference g, = pf — p; is estimated by
I () i g

i

e =(/m-1)Y" (g, - af (25)
The results of these tests are reported in tables 9, 11, 13, and 15, in which “Prob.”,
“Mean” and “Std. Dev.” correspond to &, /i and &, respectively. These tables show that

e for all but one comparison, our model statistically performs better than the
comparison model at the 90% confidence level according to the result of at least one
hypothesis test;

o for the one comparison that both hypothesis tests fail at the 90% confidence level
(“Best vs. Best” under weekly prediction in Table 9), the performances of the two

‘ models are statistically indistinguishable since the two hypothesis tests are set up

This document is a research report submitted to the U.S. Department of Justice.
This report has not been published by the Department. Opinions or points of view
expressed are those of the author(s) and do not necessarily reflect the official
position or policies of the U.S. Department of Justice.



‘ ‘against opposite alternative hypotheses but neither test can reject the null in favor of |
the alternative; and

e for well over half of the hypothesis tests, the null hypothesis is rejected with a smaller

p-value under biweekly prediction than it is under weekly prediction, which indicates

that the proposed plodel is able to capture the patterns of event occurrences over a

longer term due to the addition of the feature space analysis.
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' Training set: July 7-20 (145 incidents)

Resubstitution - Test set: July 7-20 (145 incidents

).

Proposed Model

Comparison Model

Proposed Model
i‘\rf“

Model Type Ryga i S
GMM 86.0255 15. 0389 583042 21.0441
WPK 89.5119  12.3379 83.0167 16.9308
FPK 89.5346  12.2509 83.0167 16.9308
Best Model FPK WPK or FPK
Weekly prediction - Test set; July 21-27 (72 incidents).

C omparxson Model

Model Type c WL, RN
GMM 26.2846 56.4876 22 7824
WPK 25.2531 73.9604  26.5926
FPK 25.2659 73.9604  26.5926
Best Model GMM WPK or FPK
Biweekly prediction - Test set: July 21-August 3 (140 incidents).
Proposed Model Comparison Model
Model Type § R a1
GMM 75 8502 24 0831 56 9950 23.1292
WPK 74.3845 25.1521 72.5277  26.0815
FPK 74.1628 25.1669 72.5277  26.0815
Best Model GMM WPK or FPK
' Table 8. Basic statistics for models calibrated on July 7-20 data.

Training set: July 7-20 (145 incidents)

Resubstitution - Test seti July 7-20 (145 incidents).

Test 1 Test 2
Comparison TR 2 STaLSC, evalles  DcalimolisLICy Naers
GMM vs. GMM 0. 8828 9 2180 <0 0002 27 7213 26.2747
WPK vs. WPK 0.9379 10.5468 <0.0002] [6.4951 7.9222
FPK vs. FPK 0.9103 9.8824 <0.0002| [6.5179 8.0996
Best vs. Best 0.9103 9.8824 <0.0002| 16.5179 8.0996

sf.l:zﬁ nn:ﬁh

12.7046  <O0. 0002
9.8724 <0.0002
9.6901 <0.0002
9.6901 <0.0002

Weekly prediction - Test set: July 21-27 (72 incidents).

Test 1 ] - Test 2

10.9967
10.9029
19.3500

Comparison . P alle g A
GMM vs. GMM 0 7500 4, 2426 <0 0002 19 8081 32. 5387
WPK vs. WPK 0.5833 1.4142 0.0793 1.9777
FPK vs. FPK 0.5972 1.6499 0.0495 1.8419
Best vs. Best 0.4444 0.9428 0.1736 2.3352

5.1655 <0 0002
1.5260 0.063

1.4335 0.0764
1.0240 0.1539

Biweekly prediction - Test set: July 21-August 3 (140 incidents).

Test 1
Comparison 1Prob Do
GMM vs. GMM 0.7286 5 4090 <0. 0002
WPK vs. WPK 0.5857 2.0284 0.0212
FPK vs. FPK 0.5857 2.0284 0.0212

0.4786 0.5071 0.305 3.3225

. Best vs. Best

18.8552 31.1996 71507 -
1.8568 7.8414
16352 7.9976

15.8084

<0.0002
2.8018 0.0026
2.4192 0.0078
2.4868 0.0064

Table 9. Hypothesis tests results for models calibrated on July 7-20 data.
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Training set: July 14-27 (143 incidents)
‘ Resubstitution - Test set: July 14-27 (143 incidents).

Proposed Model Comparxson Model
Model Type Vicangn o oNARESS
GMM 81. 0975 21 1945 . 24. 9543
WPK 85.7064 15.7511 79.8256  19.9957
FPK 85.7670 15.5135 79.8256  19.9957
Best Model FPK WPK or FPK
Weekly prediction - Test set: July 28-August 3 (68 incidents).

Proposed Model Comparzson Model
Model Type  cATRERE I Vs e, SuieE
GMM 76 31 17 21.6247 59.2512 27 6379
WPK 72.6162 252771 70.1436  27.1039
FPK 722990 25.2911 70.1436  27.1039
Best Model GMM WPK or FPK
Biweekly prediction - Test set: July 28-August 10 (137 incidents).

Proposed Model Compartson Model
Model Type |[MeanRBESIoRDev Y CAnVRES o
GMM 73. 5904 24 2488 57.5221 26 5259
WPK 72.0119 26.5243 69.7636  27.5075
FPK 71.8226 26.4933 69.7636  27.5075
Best Model GMM WPK or FPK

Table 10. Basic statistics for models calibrated on July 14-27 data.

Training set: July 14-27 (143 incidents)
Resubstitution - Test set! July 14-27 (143 incidents).

Comparison Rrobie: Z=slatisticopzyaluss
GMM vs. GMM . . <0.0002] [19. 4576 28 0027 8. 3092 <0 0002
WPK vs. WPK 0.9021 9.6168 <0.0002( ([5.8808 7.5411  9.3255 <0.0002
FPK vs. FPK 0.9021 9.6168 <0.0002| |5.9414 7.6988  9.2286 <0.0002
Best vs. Best 0.9021 9.6168 <0.0002| ]5.9414 7.6988  9.2286 <0.0002
Weekly prediction - Test set: July 28-August 3 (68 incidents).

Test 1 Test 2
Comparison DroD Z-SIahstic pavalle:  vicanen. SRS UC Den BN cH
GMM vs. GMM 0 8088 5. 0932 <O 0002 17 0605 27 7049 5.0780 <0.0002
WPK vs. WPK 0.6029 1.6977 0.0446 24726 8.3534  2.4409 0.0073
FPK vs. FPK 0.5882 1.4552 0.0721 2.1553 8.5092  2.0887 0.0183
Best vs. Best 0.5441 0.7276 0.2327 6.1681 14.7758 3.4423 0.0003
Biweekly prediction - Test set: July 28-August 10 (137 incidents)

Test 1 Test 2
Comparison Bz Slatsuospavalll  Iconams AN
GMM vs. GMM 0 7664 . <0.0002] [16.0683 29 5662 6.3611 <0 0002
WPK vs. WPK 0.6204 2.8194 0.0024 2.2484 8.7033  3.0237 0.0013
FPK vs. FPK 0.5766 1.7942 0.0367 2.0590 8.7983  2.7392 0.0031
Best vs. Best 0.5182 04272 0.3336 3.8268 16.7383 2.6760 0.0037

‘ Table 11. Hypothesis tests results for models calibrated on July 14-27 data.
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‘ Training set: July 21-August 3 (140 incidents) ]
Resubstitution - Test set: July 21-August 3 (140 incidents).

Proposed Model Compartson ModeI
Model Type AT SO Vi S Swlap
GMM 19 6797 60 1351 26 3057
WPK 80.7356  19.0859 77.1133  21.0586
FPK ‘ 80.6822 18.9690 77.1133  21.0586
Best Model WPK 'WPK or FPK
Weekly predlctlon Test set: August 4-10 (69 mc1dents)

Proposea’ Model
Model Type Meagie oL L
GMM 73.3315 23.8760 54 3498 25 3288
WPK 69.3522 28.3111 67.2620  29.6937
FPK 69.2837 28.2384 67.2620  29.6937
Best Model GMM WPK or FPK
Biweekly prediction - Test set: August 4-17 (141 incidents).

Proposed Model Comparxson Model
Model Type RS aaoIORbCS WAL S 5
GMM 77.1 184 22. 5256 25 7259
WPK 72.7329 27.0081 71.6619  27.6472
FPK 72.5565 27.0017 71.6619  27.6472
Best Model GMM WPK or FPK

Table 12. Basic statistics for models calibrated on July 21-August 3 data.

Training set: July 21-August 3 (140 incidents)
Resubstitution - Test set;] July 21-August 3 (140 incidents).

T?st 1 Test 2
Comparison ZoHSHGE DEY Al  canieiat T T
GMM vs. GMM 0. 8286 7. 7754 <0 0002 19. 6407 27 0597 8. 5881 <0 0002
WPK vs. WPK 0.8571 8.4515 <0.0002 3.6222 5.5286 7.7522 <0.0002
FPK vs. FPK 0.8571 8.4515 <0.0002 3.5689 5.8308 7.2421 <0.0002

Best vs. Best 0.8571 8.4515 <0.0002| |[3.6222 5.5286  7.7522 <0.0002
Weekly prediction - Test set: August 4-10 (69 incidents).

Test 1 Test 2
Comparison 2 SlaliStioy pey Alle ‘ :
GMM vs. GMM 4 9358 <0. 0002 18.9816 29.8703 5.2786 <0.0002
WPK vs. WPK 0.5652 1.0835 0.1401 2.0901 10.8363 1.6022 0.0548
FPK vs. FPK 0.5797 1.3242 0.0934 2.0216 10.9703 1.5308 0.063

Best vs. Best 0.5797 1.3242 0.0934 6.0695 19.2327 2.6214 0.0044

Biweekly prediction - Test set: August 4-17 (141 incidents).
Test 1 ‘ Test 2

Comparison , iatSCEDIVAUS RISl d ot e Yz Lan SR DU T

GMM vs. GMM 0 8298 7. 8320 <0. 0002 21.4133 28.0072 9.0787 <0.0002

WPK vs. WPK 0.5319 0.7579 0.2236 1.0710 4.8907 2.6003 0.0047

FPK vs. FPK 0.5532 1.2632 0.1038 0.8946 4.9496 2.1463 0.0158

Best vs. Best 0.5603 1.4317 0.0764 5.4565 16.9000 3.8339 <0.0002
. Table 13. Hypothesis tests results for models calibrated on July 21-August 3 data.
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Training set: July 28-August 10 (137 incidents) j
' Resubstitution - Test set: July 28-August 10 (137 incidents).
Proposed ModeI Comparzson Model
Model Type  @MICARENIICY, NG S e
GMM 78.9968  20. 4379 26.5077
WPK 80.4291 19.2876 75.5647  22.8157
FPK 80.4457  19.0202 75.5647  22.8157
Best Model FPK WPK or FPK
Weekly prediction - Test set: August 11-17 (72 incidents).
Proposed ModeI Comparzson Model
Model Type B ey
GMM 81 6696 20. 4393 .
WPK 76.2355 25.0248 75.4734  24.9736
FPK 75.9855 25.0196 754734  24.9736
Best Model GMM WPK or FPK
Biweekly prediction - Test set: August 11-24 (126 incidents).
Proposed Model Companson Model
Model Type | e e RnL i
GMM 80 9086 20.9195 25.3919
WPK 76.7429  23.8933 75.3779  24.0492
FPK 76.5105 23.9671 75.3779  24.0492
Best Model GMM WPK or FPK

Table 14. Basic statistics for models calibrated on July 28-August 10 data.

Training set: July 28-August 10 (137 incidents)
Resubstitution - Test set; July 28-August 10 (137 incidents).

Tekst 1 Test 2
Comparison 57 DM ZeolalsCs Rew Alg Vg - N TR AV
GMM vs. GMM 0.8394 7.9455  <0.0002| [34.5858 38.5808 10.4927 <0.0002
WPK vs. WPK 0.8905 9.1416  <0.0002| |4.8644 8.3799  6.7944  <0.0002
FPK vs. FPK 0.8321 7.7747  <0.0002| [4.8810 8.6396 6.6126  <0.0002
Best vs. Best 0.8321 7.7747  <0.0002| [4.8810 8.6396 6.6126  <0.0002
Weekly prediction - Test set: August 11-17 (72 incidents).

Test 1 Test 2
Comparison PIOR it olal L Ge Davales e - ASEIEIY e
GMM vs. GMM . . <O 0002 43.1356 36.0015  10.1667 <0.0002
WPK vs. WPK 0.5972 1.6499 0.0495 0.7620 5.9915 1.0792 0.1401
FPK vs. FPFK 0.6111 1.8856 0.0294 0.5121 59684  0.7280 0.2327
Best vs. Best 0.5278 0.4714 . 6.1962 17.9847 29234  0.0018
Biweekly prediction - Test set: August 11-24 (126 incidents).

Test 1
Comparison stGang 2ol SHCE N YA
GMM vs. GMM 0. 8968 8 9087 <0 0002 12.2607 <0. 0002
WPK vs. WPK 0.6111 2.4944 0.0064 1.3650 9.8093 1.5620 0.0594
FPK vs. FPK 0.6111 2.4944 0.0064 1.1326 9.8257 1.2939 0.0985
Best vs. Best 0.5238 0.5345 0.2981 5.5306 18.7787 3.3059 0.0005

‘ Table 15. Hypothesis tests results for models calibrated on July 28-August 10 data.
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‘ Density maps genérated by the three versions of the proposed model built on the

training data of the 145 iﬁcidents between July 7 and July 20 are given in Figures 3. The
criminal incidents occurring within the immediate following week or two weeks (i.e., the
test sets) are plotted on the density maps to enable visual examination of how well the
proposed model performs under weekly or biweekly prediction scenario. Similar density
maps can be generated for the models built on other training data sets. It is easily seen on
these maps that most of the test incidents indeed happened around the predicted “hot
s;I;ots” (i.e., predicted high-density areas). Also by visual inspection, the GMM version of
the proposed model seems to have captured more details than the WPK version and the
FPK version in all four figures. This is confirmed in Tables 8, 10, 12 and 14 where the
GMM version is indeed picked as the “best model” for every weekly or biweekly
. prediction scenario. The WPK and FPK versions seem to have equivalent performances.
The density maps obtained for these versions look smoother than those obtained for the

GMM version. ,‘

|
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Figure 3. GMM (upper), WPK (middle) and FPK (lower) versions of the
proposed model calibrated on July 7-20 data and tested on July 21-27 data (left) and
‘ July 21-August 3 data (right).

This document is a research report submitted to the U.S. Department of Justice.
This report has not been published by the Department. Opinions or points of view
expressed are those of the author(s) and do not necessarily reflect the official
position or policies of the U.S. Department of Justice.



)
!
!
!
I

w |
5. Conclusion J
|
The development of predibtive models of criminal activity is of tremendous value to law
enforcement. The use of' these models in support of tactical decision making in law
enforcement is obvious: the better we forecast criminal activity then the better we can
allocate law enforcement resources to combat it. However, the usefulness and
‘signiﬁcance of these models goes beyond tactical decision making. They effectively
support community policing, problem-oriented policing, and cooperation among
agencies.
In this paper, we have described a newly developed space-time prediction model
and evaluated it on real-world data sets from the domain of regional crime analysis. The
‘ presented model is shown to be more effective than the traditional “hot-spot” methods,
especially for predicting the occurrence of space-time events characteristic of human
intelligence and preferences, as exemplified by the Richmond breaking and entering
incidents. Distinctive fronli other methods in the literature, our modeling approach
e accommodates all mea{surable features useful for prediction,
e identifies which of the!features have the most predictive or explanatory power, and
e generates probability %density estimates over space and time for the occurrence of
i
future events.
Specific to the law enforcement domain, this approach provides the basis for theory
development, since it shows how community and law enforcement data relate over space

and time. It also provides a vehicle for theory evaluation or testing, since it can show

' which theoretical relationships lead to accurate predictions and which do not. For
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‘ instance, for the Richmonzd Breaking and Entering crime application, we have found that
such features as family !density, disposable income (as indicated by per household
personal care expenditure?, and proximity to highways could jointly play a role in crime
initiation decisions. The proposed model quantifies the form of correlation between these
features and occurrence of B&E incidents.

Obviously, the applicability of our approach to preference discovery is not
confined to law enforcement. For example, in military actions, one may want to predict
the future location of an enemy target (e.g., a tank) moving over terrain based on its past
locations (observed over predefined sampling intervals) and terrain features. In an urban
development, developers are interested in predicting consumer behavior toward a new
shopping mall using data from past behavior toward existing malls. They would also use

‘ data regarding surrounding neighborhoods and the physical infrastructure in the area

(e.g., major highways, schools, and bridges). In this sense, our model provides a generic

framework for space-time event forecasting.

1
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. Abstract

An important need in crime prevention is to predict the likelihood that criminal
incidents occur at specified locations within a geographic region and a specified time
range, based on historical incident records. A model for predicting the probability of
occurrence of spatial-temporal random events was developed based on the theory of point
patterns. This model views the available data as a realization of a marked space-time
shock point process, and the prediction problem as the estimation of the space-time
transition density of the process. In contrast to traditional space-time prediction models.
this model incorporates richly informative observed event characteristics or features into
space-time prediction. Our previous model assumes temporally homogeneous data and
thus excludes all temporal features. We describe our extension to the model that

. incorporates temporal feature heterogeneity by changing the temporal transition density
calculation. Test results comparing this model with traditional methods for predicting hot
spots show that the model with temporal features outperforms other approaches in some
cases, but that use of temporal features is only effective in data sets that display temporal

patterns.

This document is a research report submitted to the U.S. Department of Justice.
This report has not been published by the Department. Opinions or points of view
expressed are those of the author(s) and do not necessarily reflect the official
position or policies of the U.S. Department of Justice.



i

o Table of Contents
ABSTRACT 1
TABLE OF CONTENTS 11
CHAPTER 1 : INTRODUCTION 1
1.1 MOTIVATION weoviivieiiieeiiteeereesenveeeieeeeresraaseanssbeseasaeassssassasessareesentansansnsneesaessarstesenastesanneressntinsenserarnnessn 1
1.2 OBJIECTIVES wutttieeeeeeeeeeeeeetesiieseeeessnsstassassessaesassrssaseasasaratasserssnssesssssrsansntesssessesesssssasasantessosssessanssnssmssanses 2
CHAPTER 2 : LITERATURE REVIEW 4
2.1 STOCHASTIC POINT PROCESSES ....coiioecevteeiriieeierereresaesieeeseessissssssssasmaserassssnossestssnnmessenessssmsestaassnsoesssssse 4
2.2 SPATIAL-TEMPORAL EVENT PREDICTION ......ucuutmurerecrirreeeiorenieeessrsrannesssesssosesssssramnssnsnessssesanssnssesssssnoses 5
2.3 DENSITY ESTIMATION . .oveiiiiitiieiiceteeeserteeessssesssneessessssessssasseseaesssssssnsnsessessesssssssesssnstess sassaesenssssssnentasss 6
2.4 CRIMINOLOGY eooveeveriiiiicreeeeeiseeeeessseneessassarssessssaasssssersasssmsseensassasnessasassarsstissssssnsnassissorsnsnsesssossannanssssnens 6
CHAPTER 3 : PROBLEM STATEMENT 8
3.1 EVENT FEATURES ..coouvtiitieetisceireerseeseseeeseneessnstasestes sntesssees ssssaesesmnseasssesassneessnsnesraraseseanaesessnassnsseserances 9
CHAPTER 4 : METHODOLOGY.. 11
4.1 MODEL DEVELOPMENT ...outiiiiiiiiiirenrueeeeeiterseseersesssstesaenssnsesssaesesnresensesssssnssssssssssonsenssosssstsssssssssnceeaeions 11
4.1.1 First Order Spatial Transition Density............ccoccooviniivimrriinieineniiinrescerie s cencssssaseseenesnseesnens 14
4.1.2 Second Order Spatial Transition Density...................cccccccovnaniiiinincinneseen e s 15
4.1.3 Spatial Interaction Probability ...ttt 16
4.1.4 Temporal Transition Density .................cccovvneiiiiiiicniceeie e sen s ssasae snean s 16
‘ 4.2 TEMPORAL FEATURE ANALYSIS .. .vvtriteiiieiieitieeeeesreeoseresssreessinsesssssasssssssssassssasnasessssssssassasssssnanasssessane 17
4.2.1 Time-0f-Day FeIUTe ...............ccccooveviiniiiniiiiiiciii ittt sssns s s sa e e s sbasss e eaees 18
2.2 Event-Relared Fearures................oeeeeeeereereeeneeeeeieeeeeeeeesesreessssesssessssnsmsmnnsssssnsassessnesensassesssens 20
4.2.3 Other Temporal FEatures ..............coccvevicoueiiiicciiiiieeiieieneesenesveses e ssaessassne s erens 21
CHAPTER 5 : APPLICATION WITH RESULTS .22
5.1 DECISION-SUPPORT SYSTEM ....oiiviiiiiiiaitreeiintaeeiermeeeeiareaseseeosesssesrsassassessassessessessassssseesssasesensasssasessenne 22
5.2 EVALUATION METHODS ....ctvtiiiiiiieteeiettereeeeeeeesnraetasessarareeeeaisssaeesesesssnssesesssesseseseasassrstarnesnesessnraenessnnee 23
5.2, Percentile SCOTES ...........oooeeeeeeiieeeeeeeeeeee s eveete e ee e et areeee e s asesesssasaasaeessnansrerasesessarsntnneessnrnnns 24
5.2.2 Hypothesis TeSHNg ................cccouciiiiiiiciiiiiniinin e ettt nae s et e er s st re e 25
5.3 MODEL CALIBRATION ...ouuiiiiieeeiinreieeiersteesensnastereressesssnsaresassaseesseeesssssensassssssssssssrasssnesssnosssrsenaresesmeenre 25
5.3 T DAla SelS...............ococeveenmeeeeeeeee e eee e eeeee e ee e e e e e e e e e e ee et ta e —beaa—etateattetaaar e e e anenraneaaaeraaeeen 25
5.3. 2 Feqture SEleCHiON ................cooveeeeeeeeeeeeieeeeieeeeiaieeie e ettt eeressssssssasesessssstatasasesssssesasassassnsesesesnses 25
5.3.3 Modeling Par@meters..............ccccouvummeeoueeieninceeneeie et sicesisanesssesseesassss s saeesras e sesessasnsssaeesecsanes 26
5.4 EVALUATION RESULTS ...ovviiiiiienieiierittesaeesseneaiareeesseisstese s sasseaetees snssusaesssssestotanssnssanneessaeessvasnecsssnne 27
5.4.1 Breaking and Entering DU ................cooccccovroemiiiiceiiiiiiiiienineieenetesiesssenssesess st sessassssaesseneonness 27
542 A4U10 TREfI DALA...............ceoeeeeeeeeeeeeeeeeeeet ettt ee e e ee st st bt s e s e st nabt s sae st e een 28
CHAPTER 6 : CONCLUSION.. 29
6.1 SUMMARY ooiiiiiiiiiieticitieeeeee e e esvetressteeetsseessesssetesaatssnrares s oeerssasatsaneastbbeessasassnmataasessasarnntereransssneeansns 29
6.2 FUTURE RESEARCH. ......cooitiiiiiitieieiciiiiteerereeeeessesassesasssteaestst s eeesseeasateesaaeeanssassasasasasssssssessansassnssassrssnreses 30
REFERENCES 31
APPENDIX A : BREAKING AND ENTERING DATA RESULTS .....coiiiiinnisscssesiensssssisssnssssessanssansssans 34
APPENDIX B: AUTO THEFT DATA RESULTS..coiceetteereeerinrnnerennenn .38

This document is a research report submitted to the U.S. Department of Justice.
This report has not been published by the Department. Opinions or points of view
expressed are those of the author(s) and do not necessarily reflect the official
position or policies of the U.S. Department of Justice.




o Chapter 1 : Introduction

1.1 Motivation

Criminal events can be characterized in terms of their location as well as the time at
which they occurred. Likewise, other features of criminal events provide a rich source of
information from which to draw inferences and conclusions about patterns of crime. It has been
shown that certain geographic features such as population density and distance from landmarks
can be predictive of the likelihood of future criminal events. There is also evidence that attributes
that are a function of the time at which crimes occur, such as the daily temperature or the
proximity to a sporting event, are strong predictive attributes. Use of these types of additional
information about criminal events can produce significant enhancements to crime analysis tools,
and eventually could lead to decreased crime rates.

. The primary motivation for this project is to enhance the analytic forecasting capabilities
of an existing system, the Regional Crime Analysis Program (ReCAP) developed at the
University of Virginia. The ReCAP system is an interactive shared information and decision
support system that includes a database, a geographical information system (GIS), and statistical
tools. These components are integrated together into a single system to provide the maximum
utility and power to users.

While ReCAP currently has tools that perform certain kinds of forecasting based solely
on crime event histories, there is a need for an analytic tool that incorporates additional event
feature information. We have developed a new tool for ReCAP that not only generates maps that
highlight the areas where crimes are most likely to occur, but also identifies key features
associated with the data that offer intuitive understanding of crime initiation decisions. In
addition, this tool allows crime analysts to propose event features and test whether they are

. associated with the observed crime patterns. Such a tool provides tremendous advantages over
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‘ many of the analysis techniques and visualization methods currently employed by crime analysts,

such as identifying crime patterns by examining static “pin maps”.

1.2 Objectives

A methodology for generating crime predictions was recently developed By Hua Liu
(1999) at the University of Virginia. The fundamental idea supporting this methodology is that
criminals make rational decisions as to where and when to commit crimes, and these decisions are
‘guided by preferences for situations exhibiting particular characteristics, such as low risk of arrest
or potential for high reward. Given a set of possible characteristics or features, Liu’s model
attempts to identify a subset of the features that are most strongly correlated with crime incidents
in a historical data set and discover the pattern of preferences for each of these features. These
inferences are then used to estimate the likelihood of another incident occurring within a

‘ geographic region and within a specified time range. In Liu’s model, the observed data — the
times, locations, and features of space-time events — are viewed as a realization of a marked
space-time shock process, and the space-time prediction problem as the estimation of the
transition density of the process. This model allows for the inclusion of event-related features
into the transition density estimation.

There are three principal objectives of the research described in this paper. The first goal
is to incorporate additional types of event features into Liu’s existing model for density
estimation, especially features in the temporal realm. We also aim to provide an effective
forecasting tool and decision-support system for the ReCAP system based on this methodology.
A further objective is to carry out testing of the methodology through application to additional
sets of data, to include various crime types and study regions.

Examples of temporal features for an event include the time of day or the weather at the
time of occurrence and the time elapsed since the occurrence of an external event, such as a

. sporting event. While the values of spatial features remain constant over time at a particular
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. geographic location, the values of temporal features are dependent on the time when they are
measured. Certain types of temporal features must be modeled differently from other event
features, and a model for density estimation that incorporates these features is presented.

The remainder of this paper presents the methodological developments and
implementation work that comprise this project, as well as results and evaluations of the work.
The second chapter surveys the literature describing research that the present work draws upon.
The third chapter formally states the problem being undertaken. The fourth chapter presents the

‘existing approach for accomplishing a space-time event prediction, discusses the changes we
have made to extend the methodology, and illustrates the special characteristics of temporal
features and the methods developed for handling these features in more detail. The fifth chapter
describes the implementation of the model as a tool for use w‘ithin ReCAP, details the methods
employed in testing and evaluating the model, and presents results of testing the model on real-
. world data. The final chapter includes a summary of this paper, states the contributions made,

and proposes additional opportunities for research based on this work.
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o Chapter 2 : Literature Review

The work presented in this paper draws from the domains encompassing the components
of the model, including stochastic point processes, spatial-temporal event prediction, and density
estimation. This work also relies on criminological theories that provide insight into crime
analysis and motivate ;he problem. A significant portion of this chapter is dedicated to the
dissertation of Hua Liu (1999), as much of the theoretical work presented in this thesis is based

on this dissertation. Care is taken throughout this paper to explicitly indicate which work is

original research and which work is attributed to Mr. Liu.

2.1 Stochastic Point Processes
Space—ti;rxe data sets consist of a group of observations taken at specified locations over a
range of time. These data sets require special models and methods of analysis to determine the
’ underlying processes that produce the structure of the data. |

A stochastic process {X (t),t € T}is a collection of random variables, where for each t €

T, X(t) is a random variable. In the case of a space-time stochastic process, t is a vector index of
the time and space of the process. In other words, a space-time stochastic process is a family of
random variables that describes the evolution through time and space of some process. The idea
of a stochastic point process is described in many stochastic modeling texts, such as Ross (1993).
Fiksel (1984) developed two space-time cluster models for predicting the positions of
future earthquakes in a region, based on the locations and times of previous earthquakes in that
region. One model, the order-model, only considers the temporal order of events, while the
instant-model also considers the relative times of the events. Both models assume a stochastic
event process, with spatial and temporal interactions, and the model parameters are estimated

using the maximum likelihood procedure.

This document is a research report submitted to the U.S. Department of Justice.
This report has not been published by the Department. Opinions or points of view
expressed are those of the author(s) and do not necessarily reflect the official
position or policies of the U.S. Department of Justice.



—

Literature Review . 5

' 2.2 Spatial-Temporal Event Prediction

The general class of space-time models handles the case in which the system being
modeled exhibits systematic dependence between the observations at each region and the
observations at neighboring regions. Just as the correlation measure assesses the level of
dependence within a univariate time series, this dependence in a space-time series is called
spatial correlation.

Most work in the area of spatial-temporal event prediction is related to the STARMA
Wf"amily of models, which are an extension of ARMA univariate time series models into the spatial
domain. These models have been shown to be effective in describing the historical patterns of
spatial data, when the spatial locations of the data contribute to thé observed correlation structure.
In the STARMA class of models, observations of the random variable at a particular location are
expressed as weighted linear combinations of past observations and errors that may be lagged

‘ both in time and space. An extension to the STARMA models was developed by Pfeifer and
Deutsch (1980) to incorporate temporal differences, and the resulting models were called
STARIMA models. The problem with all of the above models, as we are concerned, is that none
of them exploit extra feature information associated with the locations and times of events to aid
in the future predictions.

Perhaps the definitive works in this field are the recent publications by Liu (1999) and
Brown (1999). The dissertation by Liu forms the basis for this thesis. The primary unique aspect
of this work is that the proposed model integrates event characteristics or features into the space-
time event prediction.

In these papers, the observed data — the times, locations, and features of space-time
events - are viewed as a realization of a marked space-time shock process, and the space-time
prediction problem as the estimation of the transition density of the process. This model allows

for the inclusion of event-related features into the transition density estimation.
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‘ 2.3 Density Estimation

In the proposed model by Liu and in this thesis, the heart of the modeling effort in space-
time prediction is the estimation of the transition density of the spatio-temporal point process.
There are two main components of the estimation procedure in the model — analysis of the data to
discover patterns in the feature data and combining information about these clusters to create a
single model of the multivariate transition density. In Liu’s model, the technique used to analyze

' patterns in the feature data is hierarchical clustering, discussed in Anderberg (1973) and Hartigan
| (‘1975).

One of the models employed for components of the transition density is the class of finite
mixture distributions, using Gaussian distributions for the components, and the Expectation-
Maximization (EM) algorithm developed by Dempster, Laird, and Rubin (1977) to obtain
maximum likelihood estimates of the Gaussian parameters. Another model used is the class of

‘ kernel density estimators, first introduced by Rosenblatt (1965) and Parzen (1962), and more
specifically the class of filtered kernel estimarors (Marchette et al., 1996), which use a small

number of bandwidth matrices, where each matrix is associated with individual region.

2.4 Criminology

The premise of the Rational Criminal Theory is that there are underlying reasons why
criminals choose to commit a crime at a particular time in a particular location. It is likely that
each criminal has a set of preferences that are taken into account when deciding where and when
to execute a crime. These preferences reflect an intention to minimize the risk of being caught
while maximizing the expected payoff of committing an offense. This theory is one of the most
fundamental for our work, because our mode] is based on the assumption that there are regular
patterns in crime history data. If criminals behave randomly instead of rationally, there i1s no way

‘ that accurate predictions of future criminal activity can be made.
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. Crime patterns can be studied over time to elucidate regularities in crime occurrences and
to investigate the effect of societal changes, including legal, political, demographic, and economic
structures. The idea that temporal patterns of social behavior are determinants of the level of
crime was first promoted by Cohen and Felson (1979). Their argument is that most crime takes
place with the combination of motivated offenders, suitable targets, and the absence of capable
guardians. These situations arise based on patterns of “routine activities” in a community, such
as daily work schedules or regular weekly outings that produce conditions that are conducive to
crime occurrences.

Field (1992) provides an example of the effect of a temporal feature on crime occurrence,
in his study of the effect of temperature on crime. This study demonstrated that higher
temperatures are positively correlated with crime occurrence rates for many types of crime, while
sunshine and rainfall levels do not seem to have an influence.

‘ Brantingham and Brantingham (1984) provide an excellent discussion of spatial patterns
of crime, criminal decision-making related to choosing spatial targets, and a survey of a wide
range of related literature. In any city, there will be certain paths that are more commonly
traveled and certain areas that are characterized by a higher rate of activity. Patterns of crime
often match highway paths and aggregate activity spaces.

Duffala (1976) found that convenience stores that were closest to major roads, but not on
them, and that had no nearby businesses open at night, had the highest victimization rates. The
closeness to major roads made those locations more accessible, while their location slightly away
from high traffic areas and activity centers reduced the risk of witnesses or interference.

Several studies have been performed in the last half-century to investigate relationships
between spatial patterns of crime and demographic or socioeconomic factors. Lander (1954) and
Morris (1958) analyzed delinquency patterns in cities using data on a set of socioeconomic
variables as well as land-use data. They both found that the socioeconomic variables could

' explain most of the variance in delinquency rates across regions.
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L Chapter 3 : Problem Statement

The primary motivation for this project is to enhance the forecasting capabilities of the

Regional Crime Analysis Program (ReCAP), and this inspires the following problem: Given

observed data for the locations, times, and feature values for a set of events of the same type, we

would like to create a density map representing the likelihood that a crime will occur at each

- point in the region during a certain time interval in the future. This basic problem is the same as

the one encountered by Liu (1999), and as such we will use his notation and setup below, with
our own modifications as necessary.

The locations and times of the events (8;, 11), (82, 12), ... , (Sm 1), o =0< 1) <K < ... <1,

and their associated features or marks x 51,85 XS,,t . Xs t are viewed as a realization of a

g
marked space-time shock process of the form

. {xs',e,y:se D,te T}

' where ¢, s, and Xx;, are all random, D is the geographic study region, and T is the study horizon.

Viewing the process as shocked is a minor simplification in our model, as many crime events

either take place over time or are virtually instantaneous but the exact time is not known.

Events are located within a study region or geographic space D < R* and are indicated
by a pair of coordinates, such as longitudes and latitudes, s = (51, 52). T R*is the range of
times when events could occur, and is named the study horizon. )y < R” is the collection of
possible values of the feature vectors (marks) with p dimensions, and is termed the feature space.

In this work, the space-time prediction problem is formulated as the estimation of the
transition density of the stochastic point process described above. The transition density of the

process i1s formally defined as the probability that a single event occurs within a specified minute

region and within a specified minute time interval. Mathematically, given the observed data sets

This document is a research report submitted to the U.S. Department of Justice.
This report has not been published by the Department. Opinions or points of view
expressed are those of the author(s) and do not necessarily reflect the official
position or policies of the U.S. Department of Justice.



P,

Methodology ' 9

. T,={t;, 12, ... ta}, Dp={s;, sz, ..., 8,},and ¥, = {X;, X2, ..., X»} up to instant z,, we would like

to estimate, for a specific region s,.; € D and time t,., > t,, the transition density as:

— : Pr{N(dan’d’nH):]an’Tn’Zn}
R i F T

where s,., and 7,., are realizations of the location and time of the next event, respectively, N
counts the number of events in an infinitesimal region ds,+; around s,., during an infinitesimal

. time interval dl,., around t,.,, and v is the volume of region ds,.,.

3.1 Event Features

The features that define the dimensions of feature space can reflect a wide variety of
characteristics of crime scenarios. Geographic features includg distances from event locations to
types of geographic landmarks and demographic characteristics of neighborhoods or districts,

' such as median household income, population density, and ethnic population distributions.
Temporal features include the time of day of an event, the day of week, and the amount of time
from another event, such as a school closing or a baseball game.

At another level, features can be categorized by the nature of their possible values. Some
features have numerical values that are defined over all of R while some may only have positive
values. Certain features are categorical, and are limited to a prescribed number of possible
values. Other features are considered to be temporal and have values corresponding to a time on
a 24-hour scale.

Liu classifies the set of features into two groups — those that are inherently temporal (I1T)
and all others. Liu defines “IT features” as those features that “label” time intervals so that
categorization of time instants can be obtained. An IT feature such as “season of the year”
partitions the time axis into time intervals, where the value of the IT feature is constant for all
points in a time interval. If the data is restricted to a single such time interval, the assumption of

. temporal stationarity is maintained. However, restricting the data in this way excludes the use of
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‘ temporal information about the crimes that may have trends or patterns that would improve the
accuracy of the predictions.

We chose to relax Assumption 3.1 in Liu’s model, that the set of features F only contains
features that depend on geographic location and excludes temporal features. It is clear that the
occurrence of crimes is not only correlated to spatial features, but also to temporal features, and to
interactions between temporal and spatial features. For most types of crimes, there is a general
temporal pattern of occurrence.

The interaction of spatial and temporal features is evident in the pattern of auto thefts.
During working hours, most cars are parked near offices, while in the evenings and at night, cars
are more scattered in residential areas, or gathered near shopping centers or entertainment areas.
The association of these patterns with crime incidents has been demonstrated by Boggs (1964)
and Mayhew et al. (1976).

‘ It is important to remember that the temporal range of training data sets is limited to no
more than a few weeks, so there should not be long-term trends in the data due to the changing of
seasons or other long-term effects. We are not concerned with the actual values of the transition
density, only the pattern of densities over the prediction region and over a daily or weekly time
horizon.

It should be clear that the inclusion of certain types of temporal features in the model
does not significantly alter the structure of the model. The reason is that the temporal features we
consider are actually features of the time - not the absolute times themselves. These features do
not affect the stationarity of the model because they are not subject to trends. For example, the
temporal feature that is the time-of-day of an event is merely a characteristic of the event, but is
not considered in the context of the date of the event. We do not expect the average value of such
a feature to exhibit a moving trend over the limited range of the training or prediction horizon.
When we calculate the transition density for a future scenario, we consider the spatial

. characteristics and features of that scenario as well as the temporal features.
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® Chapter 4 : Methodology

The model originally proposed by Liu attempts to capture the underlying processes
driving event occurrences: over the study region and the study horizon. Development of the
model involves a two-step decomposition of the transition density into components that

[

incorporate various aspects of the modeling approach.

4.1 Model Development

The first step of the decomposition separates the spatial transition and temporal
transition. The model becomes

y’n (Sn-H ’,tn+l l Dn’Tn ’Zn) = Wr(yl) (sn-H I Dn’xn ’Tn ’tn+] ) ! !/17(12) (trH-] l Tn)

where the first term, ¥, (s,., | D,,%,,T,,t,,,), is called the spatial transition density, and the

‘ second term, l//(z)"(t,, + | T,), is called the temporal transition density. The spatial transition

density reflects the probability that an event will occur at location s, at any time in the future,
given the complete history of prior events in time and space. Similarly, the temporal transition
density represents the likelihood that an event will occur at time #,+; in the future, without regard
to location or feature values. Liu assumes that the temporal transition density is not dependent on
D, and Y, as it would be in a standard Bayesian decomposition.

There is a further decomposition of the spatial transition density that produces
components that account more directly for the behavioral theories that we hypothesize are
guiding criminal activity. The assumption underlying the model is that criminals select the sites
where they commit crimes and the times when they commit the crimes rationally, based on
characteristics associated with the locations and times. We will henceforth describe the site

location and time of a crime event as a scenario.
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‘ In describing the decisions as rational, we mean that the offenders consistently
demonstrate a preference for scenarios that have similar values of particular attributes or features,
and in doing so, reject sites with different feature values. The set of preferences is manifested as
a small-variation distribution of values in feature space, or a cluster of values. By studying past
event information, we can infer sets of selection preferences and use those to forecast where and
when future crimes will occur.

Two assumptions are critical to application of these ideas to the model, when the model is
put to use on real data. There will invariably be more than one group of offenders operating in a
particular region over a particular time interval, each with a different set of selection preferences.
These groups must be considered simultaneously in order to generate a complete prediction of
future activity over the region. We must first assume that all offender groups base their selection
decisions on a common set of features. Furthermore, we must assume that the set of features we

. consider in the model matches the set of features considered by the offender groups — the actual
features considered. These features are discovered by Liu’s model in an initial feature selection
process.

Another property of rational scenario selection considers the spatial interaction or
dependence between selected sites in the study region. A common belief in the criminology
literature, exemplified by the “journey to crime” theory, is that event initiators will choose a
geographically closer location to execute the next event, all other factors being equal. As a result,
the influence of past events on the prediction at a particular site should be inversely related to the
distance from the site. In addition, since for certain types of crimes, event initiators often do not
wait long before acting again, the model should diminish the impact of older events on the
prediction of future events.

The model for spatial transition density is based on the assumptions about offenders and

features discussed above, as well as the properties of rational scenario selection. There is a
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‘ component that incorporates patterns in feature space, a component that incorporates patterns in
geographic space, and a component that adjusts for prior information about feature distributions.
The foﬁnal description of the model for spatial transition density supposes that the set %,
of feature vectors is partitioned into C disjoint subsets (. :j=1,2, ..., C} corresponding to the
clusters of preferences in feature space. The sets of locations D, and times 7, are also partitioned
;
into C disjoint subsets. If x,,, is the set of estimated feature values at location s,., and instant #,.;,

the model for spatial transition density is

1 .
Wr(rl)(snﬂ an’T;r’Zn’tn-H)za'V/“ )(xn-d—] Iln)
c (12 Yy ) ()
Zy/ )(sn+l |Dnj ’Tnj ’tn-H)Pr{an € an }
=

The first-order spatial transition density, w"'"” (xm [ X, ), is the probability that an event

will occur at a location with a particular feature vector, based solely on the ‘histof'y of feature
vectors. This probability does not depend at all on the location of the future point or the historical
. points, but rather on the feature values of all previous crimes that occurred at any location. This
component captures inferences about the reasons why a criminal chose a particular site, rather
than the geographic positioning of that location.
| DV, TV t...), indicates the

Each second-order spatial transition density, w''? (s

n+l
closeness in geographic space of the future point s,., to all of the past events in a particular
cluster. Since there is no way to assign a future point to a cluster with total certainty, this density
must be included for all possible clusters. The overall density is calculated as a weighted sum of

the second-order transition densities for all clusters. The density for each cluster j is weighted by

a spatial interaction probability, Pr{xn+I € Z,(,j)}, which reflects the likelihood that the feature

vector for the future point, x,.,, is similar to the feature vector y,” that defines the cluster J.

A final adjustment to the model is made to incorporate a priori knowledge of the

distribution of feature values over the study region D. There i~ an additional term included in the
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‘ model that is necessary when the predicted feature values over the study region are not uniformly

distributed.

4.1.1 First Order Spatial Transition Density

Liu chooses two types of estimators to compute the first order spatial transition density.
Finite mixture distribu;ions are parametric models, while filtered kernel density estimators are
non-parametric models. The use of both of these estimators in our model requires that the
number of distinct local (covariance) structures is known, and if this information is not known a
priori, it must be estimated from the data using hierarchical clustering methods. The number of
distinct local structures corresponds to the number of offender groups believed to be represented
by the data set. Hierarchical clustering provides a means of discovering natural grou‘pings of
observations within the data when the number of groups is not known beforehand.
4.1.1.1 Finite Mixture Distributions

One of the methods used in Liu’s model to estimate the first order spatial transition
density is the class of finite mixture distributions. Finite mixture distributions are estimations of
a density function created from the superposition of multiple component distributions. A finite

mixture probability density is the weighted sum of all component densities, where each

component density is a function of a vector of variables and a set of parameters, and has the form

C
Jxme)= Y7, (xe,)
Jj=1
where nj>0, j=l,2,..., C, mi+m+ ...+ nec=1, n= [T[| T ... ﬂc]’, e= [91 0, ... ec] Each

J; (x;B j) is a component density with parameters 8; and each w; is a mixing weight. As in the

rest of the model, x is a vector of features. Liu chooses to use Gaussian distributions for the
components, and the Expectation-Maximization (EM) algorithm, a numeric method, to obtain
maximum likelihood estimates of the Gaussian parameters. However, when there are categorical

‘ variables, latent class models are used for component densities.
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. 4.1.1.2 Kernel Density Estimators
Kemel density estimators are another method available in Liu’s model to estimate the
first order spatial transition density. The class of filtered product kernel (FPK) estimators in the
model place an individual probability density function or kernel over each cluster in the data set,
each with its own bandwidth matrix, and sum the individual density functions ove; the entire
region to form a surface. FPK estimators are a special case of filtered kernel estimators in which
the bandwidth matrix H is a diagonal matrix. These estimators are given as
p,< ) [ -,
o= LR A
where n is the number of instances, p is the number of dimensions of the feature vector, hj; is a
local bandwidth for the /th dimension of [x]; of cluster j, K is a kernel function, and p(x) is a
filtering function.
These estimators include filtering functions that are used to incorporate prior information
. about the clustered regions. The standard FPK estimator, described by Marchette (1996),
suggests the use of a finite mixture model to formulate the filtering functions for each cluster.
Another variation constructs these functions without the use of finite mixture models, and these

estimators are termed weighted product kernel (WPK) estimators.

4.1.2 Second Order Spatial Transition Density

The spatial transition models developed by Fiksel (1984) that were introduced earlier are
used to estimate the second order spatial transition densities for each cluster. These models are
particularly applicable to our model because they incorporate the “journey to event” theory
described in Chapter 2 by giving more influence to events that occurred geographically closer to
the future event point of estmation.

For each cluster of past events, the second-order spatial transition density is a function of

‘ the distance from each past event in the cluster to the future event location and the times of the
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. past events in that cluster. Fiksel’s order model, which only considers the temporal ordering of
the event times, not the actual times, postulates the following function for the density of cluster j

when there are m events in that cluster

o P&
l//,(;l-)(s l D:,j)7T"(J):t) = ¢m (S l SI ""’Sm)= Z@ lls S'I
2mm S

where s, Sz, ... , S, are ordered by the event times ¢, 1, ... , t, corresponding to the earliest

through the latest event. The likelihood of observing these past m events is given as

m-]

'12 = 81015k
L(sl eesS i A) = 0y (sm ISI""’Sm—l)“'¢l (Sz |'51)= HTZ‘? Sl
izt <70 k=i

The maximum likelihood estimate A is obtained by maximizing this equation. Fiksel’s instant-

mode! has a similar form, though it also utilizes the actual values of the event times in the model.

4.1.3 Spatial Interaction Probability

There is a spatial interaction probability computed for each cluster, and these elements

. are defined on the basis of the first-order model utilized, whether a finite mixture distribution or a
filtered kernel estimator. In both cases, the spatial interaction probability for a future event and a

particular cluster is the proportional contribution of the component transition density for that

cluster to the overall transition density of the future event.

4.1.4 Temporal Transition Density

Since this term is defined to depend only on the past event times, it will be a constant
valie for all locations in the study region. We are primarily concerned with the pattern of the
spatio-temporal transition densities over the region, and not the actual magnitudes of the
densities, so this constant factor does not need to be considered. This is only the case when the
times range over a short range of time in which feature values do not exhibit a trend. Over a

longer horizon, techniques such as ARIMA could be used to estimate this density.
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. 4.2 Temporal Feature Analysis

Temporal patterns are unmistakably evident in the occurrences of many types of crime.
These patterns can be inferred intuitively as well as through investigation of historical crime data.
Bank holdups are much r\nore likely to occur during daytime banking hours, since there would be
no one to hold up when the bank is closed. Similar]y, one would expect public intoxication
offenses to occur most commonly at night, with peaks of activity soon after bar closings or club
events. Excluding temporal information from a crime prediction methodology severely limits the
ability of the model to accurately forecast crimes and protect against them. We attempt to
capture this information by incorporating time-of-day features, event-related features, and other
temporal features.

When iﬁvestigating patterns in time, the primary consideration is the gcale c;f time that is
used, which has been termed the temporal cone of resolution. Long-term trends in crime rates

. can be analyzed over periods of years or decades, while seasonal paﬁems can be examined over a
series of days, weeks, months, or years. The choice of temporal resolution is critical to drawing
out the type of information most necessary for the purposes of a particular model.

Though our model generates predictions based on data from multiple weeks, the level of
temporal feature resolution that we deem most relevant to our model is on a relatively small scale,
over a period of hours or days. The features that we investigate are things like time-of-day. day-
of-week, temperature, and the times from particular events. Since all of these features are
considered over a relatively short span of time — no more than one or two weeks — it is assumed
that the feature patterns do not exhibit any trends, and thus remain stationary. For this reason,
these temporal features can be included in the set of features used to compute the first order
spatial transition density and the spatial interaction probabilities.

This approach was deemed more effective in capturing temporal patterns than a time

. series approach. One of the difficulties in using a time series approach in our instance is that the
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. event data is not measured at regular intervals, which adds complexity to the analysis.
Furthermore, since we are most interested in discovering the temporal peaks in the data, cluster
analysis can identify the same patterns as can a time series analysis of seasonality. The variety of
features that profile the temporal data, such as the time-of-day and day-of-week features, offer the

same information as identifying seasonalities at multiple periods.

4.2.1 Time-of-Day Feature

One of the most interesting problems encountered in the development of the new model
presented here was the treatment of temporal features with values that exhibit cyclical properties,
specifically the “time-of-day” feature. In our model, the “time-of-day” feature looks at the time,
from 0:00 to 24:00, without regard to the date or day of week. Unlike most numerical features,
such as the distance between two points, or the median income of a census block, there is no
concept of a “greater” or “lesser” time, but rather the concept of “before” and “after”. More

‘ importantly, there is no concept of a minimum or maximum time of day, as the numerical
representation of a time of day is merely a reference, not an actual value. For example, 8 AM can
be dually considered before or after 6 PM, depending on the point of initial reference.

The unique properties of cyclical features first come into play in the process of grouping
the crime data points into clusters. To determine the distance between feature vectors of two data
points, the distance between each pair of values for a particular feature must be calculated. The
“distance” between a time of 11:00 PM (23:00) and 3:00 AM (03:00) can either be four hours or
20 hours (23:00 — 3:00) depending on the point of reference. The minimum distance would be
four hours, even though this distance crosses over the 0:00 line. This minimum distance between
two times will be referred to as the temporal distance. The issue is further complicated when the
mean time-of-day needs to be computed, such as when the cluster centroid must be determined.

Given two times, there are two possible mean values separated by 12 hours. The mean of

. 11 PM and 3 AM could either be | AM or 1 PM, depending the direction traveled around the 24-
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. hour clock. The mean that is most intuitive is the point halfway during the span representing the
temporal distance between the points. In other words, the mean should lie within the most acute
angle created between the two “time vectors” created on a 24-hour clock. In the above case, that
mean would be 1 AM, since the temporal distance between the two points is four hours, and 1
AM is within that four-hour span. However, when there are more than two times to be averaged,
the true value of the mean is not immediately clear.

We chose to identify the true mean as the time that minimizes the sum of squared error
'(SSE) of the mean and all other times. This criterion makes the most intuitive sense, even though
in some cases there will be multiple equally valid mean values by the SSE criterion. The strength
of this mean value can be suggested by looking at the standard deviation of times around the
mean, and only placing significance on those mean values that are accompanied by a relatively
small standard deviation.

‘ We considered a variety of approaches to solving this problem, including a vector-based
method, an optimization method, and a method of straight addition. The final method used is a
hybrid of a selection of these methods. Any approach must take into account the cyclical
properties of the time-of-day feature values.

The optimization method calculates the mean of the set of times by minimizing the sum
of squared errors (SSE) from the mean time. The errors are calculated as the temporal distances
from the mean time from each other time point. This method will find the global minimum SSE,
but often only finds local minima when performed by Excel.

The vector-based method is rooted in the cyclical nature of the times. The initial step is
to map the times onto points on the circumference of a 24-hour clock, and create vectors of unit
length from the origin to each of those points. The vector sum of all of the vectors is computed,
resulting in a single vector. The angle of this resulting vector is calculated, and this is converted

back to a time. This vector-based method results in the exact mean of a set of points in simple
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. cases, but more often is merely a close approximation of the actual mean. The advantage of this
method is that it generates a consistent result no matter the order of inputs.

The third approach considered, the straight addition method, corresponds most closely to
the method of calculating the mean of a standard set of numerical data. Once a mean has been
determined for a set of points, if the mean needs to be adjusted to include an additional point, a
weighted average is calculated. The original mean is weighted by the number of points included,
and a weighted average is computed with the new point given a weight of one. The problem with
the straight addition method is that it is highly dependent on the order of points considered in the
mean calculation; different means can be calculated when the order of times is changed.

The method we developed that fulfills all of the problem constraints and can be executed
with a small amount of calculation is a hybrid of the vector-based method and the straight
addition method. The first step is to calculate the vector-based mean, which is a close

. approximation of the true mean. Once this approximate mean has been obtained, the straight
addition method can be performed using the vector mean as an initial basis. The method assumes
that the mean of any two points will lie within the angle formed by the two points and including
the vector mean. This method is guaranteed to generate a mean that is equal to the true mean,
independent of the ordering of the points. This method also works when the times have weights

attached to them, as will often be the case in the procedure for density estimation.

4.2.2 Event-Related Features

Event-related features are those features that measure the difference in time between a
crime occurrence and a particular event or type of event. These features are especially adept at
addressing the routine activity theory discussed in Chapter 2. An example of an event-related
feature with a particular event would be the difference in time from the end of a baseball game.
There is often a surge in crime surrounding sporting events with a large number of fans in

. attendance, as emotions and intoxication levels can run high by the time fans leave the stadium.
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. The value of this feature for each crime event would be the difference between the time of the
particular event and the time of the crime occurrence. This feature value could be positive or
negative, depending on which event happened earlier, and could span multiple days.

Another event-related feature could be included to measure the difference in time from
any baseball game to a crime occurrence. The value of this feature for each crime event wouid be
the time to the nearest event in time, whether that event is earlier or later. For example, if a crime
occurred two hours after the end of the first game of a homestand, but 18 hours before the end of
the second game, the value of that feature would be two hours. Features relating crime to an
event type could also consider regular events such as daily school closings or bank openings.

Event-related features do not exhibit cyclical properties, since their values are not limited
to the 24-hour day, the 7-day week, or any other cycle. In fact, these features are treated in

exactly the same manner as regular numerical features.

. 4.2.3 Other Temporal Features

Another temporal feature is the “day of week” feature, which is a categorical feature.
While the day of week displays some characteristics of a cyclical value, values of categorical
features are considered to have no hierarchical order in our model. However, it is not clear that
any information is lost due to this simplification, because we generally consider days to be
separate entities. We would only expect a higher incidence of crime on a Sunday if there had
been many crimes on all other Sundays, not because of crime patterns on Saturdays.

Another type of temporal feature is an event-independent feature. Values of these
features change over time, but are not associated with any particular event. An example of such a
feature i1~ the temperature at the time of a crime occurrence, which has been shown by Field
(1992) 10 be correlated with some types of crime. A feature could also be included that represents

the level of police deployment at the crime site at the time of occurrence.
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@ Chapter S : Application with Results

We have discussed the motivation for development of the theoretical basis for the
prediction model. An equally significant aspect of this thesis was the actual implementation of
this theory in a working application. The implementation work was motivated by two main
goals. The first was to incorporate the theoretical extensions related to temporality into the
existing prediction application; the second goal was to prepare the application for integration into
a future version of the ReCAP system.

The existing program was transformed from a stand-alone prediction application into a
complete decision-support system to aid crime analysts. This new system is named STADIUM,
as it is a Spatio-temporal Transition Density Model. STADIUM takes the user from an initial set
of basic crime data points through the predictive model-building process. and produces a form of

output that provides the user with a useful and intuitive visualization of the results.

5.1 Decision-Support System

The original intention for the research was to provide a crime prediction tool to serve as a
decision-support system for crime analysts using the ReCAP system. Decision-support systems
assist managers and analysts in making decisions and evaluating the possible consequences of
decisions before they are made. STADIUM was designed to aid crime analysts in projecting
areas of high-frequency crime activity and discovering the factors underlying crime activity
patterns. With this tool, analysts can recommend an efficient allocation bf police resources.
Additionally, the model can discover predictive features of crime, while analysts can use the tool
to test their own hypotheses about the reasons for crime.

Thematic maps are the means of visualizing model output. The model calculates a value
of the trunsition density at each point of a grid overlaying the prediction region, representing the

. probability that a crime will happen at that location during a particular time interval. Since the
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. transition density values at different points in the region often differ by many orders of
magnitude, it is more informative to display the ordering of points — which has the highest value,
which has the next highest value, etc. — rather than the actual values. Eaéh point on the grid is
shaded based on the ordering, with darkest shades representing the points with the highest
transition density values. In this manner, the pattern of high- and low-density areas can be easily

observed. Figure 5.3 below is an example of a thematic map.

Figure 5.3 : Example Thematic Map

5.2 Evaluation Methods

The new model was evaluated using a modified version of percentile scores to compare
performance with a basic comparison model. The model used as a basis of comparison is
structured in the same way as Liu’s model, except that no feature information is included in the
model building process or the transition density generation. The only data used to build the
model are the geographic locations of the crime points in the training data set. Hypothesis tests
were carried out to determine if there is a significant difference betwecn the results of the two

models. Also, the performance of the new model with temporal features was compared against
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' the model without temporal features, to investigate the effect of temporal features on model

results.

5.2.1 Percentile Scores

In the original model, no temporal features were allowed to be included in the model, and
therefore, the time dimension was effectively removed from the problem. In our model, however,
we permit the inclusion of temporal features, and this difference forces changes in the methods
for evaluating the model.

The primary evaluation statistics used by Liu are percentile scores, which are
approximations of the relative magnitudes of the density estimates. To calculate percentile
scores, the density estimate of a test point is first compared against the density estimafes éf all
grid points. The resulting percentile score reflects the percentage of grid point density estimates
that are less than the density estimate of the test point.

‘ When temporal features are included in the model, the output is extended in multiple
dimensions, as the density estimates change over space and time, instead of just over space. Asa
result, there is a new grid of density estimates corresponding to each set of future temporal

feature values. The percentile scores must compare test points to the “grid slice” of estimates

corresponding to the temporal feature vector of the test point. The percentile score, p,, at

location s and feature vector x at time 7 is defined by :

p,. = OO/N)ﬁ,: l{d”’ 2 a’:’,_x’ }

i=]

where du' is the density of the test point at location s with temporal feature vector x, at time ¢,

dv2 . Is the density estimate of the grid point at that same location with the same feature vector

R

and time, and 1 >d islifd . 2d, andO0 otherwise.
5,5, s¥ox, S.X, sf.x,

This document is a research report submitted to the U.S. Department of Justice.
This report has not been published by the Department. Opinions or points of view
expressed are those of the author(s) and do not necessarily reflect the official
position or policies of the U.S. Department of Justice.



-y

Application with Results . 25

. 5.2.2 Hypothesis Testing

We use two statistical hypothesis tests to determine whether one model outperforms
another in a statistically significant way. The first test does a straight comparison of all percentile
scores for the two models, and determines whether the new model outperforms the comparison
model for significantly more than half of the test incidences. The second test looks at the actual
differences between percentile scores in the two models, to determine if the mean difference is

. significant. This test is valuable because while the first test might indicate that a significant
fraction of percentile scores are larger in one model than the other, it could happen that the actual

differences between the percentile scores of the two models are relatively small.

5.3 Model Calibration
5.3.1 Data Sets

‘ The data used in the testing of the model was collected from a variety of sources. The
historical crime data was drawn from the ReCAP system for Richmond, and this data originally
came from the Richmond police departments. Each data set used in testing contains crime events
from one- or two-week periods in November and December of 1997. The data range was
intentionally limited to no more than two months, so that there would not be significant trends in
the data due to seasonal or other changes. This restriction allows us to assume that the temporal
transition density remains constant. The demographic feature data used to assign feature values
to crime event points and grid points was taken from 1997 census data. The data grid is a regular

grid of 2517 points placed over the Richmond area.

5.3.2 Feature Selection

The first step of Liu’s methodology is to select a subset of features from a large set of
possible features. The subset of features includes those features that best account for the

. underlying pattern of event occurrences. Unlike some methods of data mining that will only
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‘ improve performance given additional information, including more feature information in our
model has the potential to diminish prediction accurac;. This behavior occurs because feature
vectors are always considered as a whole, and there is no mechanism for weighting a particular
dimension of the feature vector more strongly than other dimensions. Of course, a feature that is
very highly correlated within a cluster, indicated by a low standard deviation, will have a miore
pronounced effect on p;edictions. But if the values of a particular feature do not fit a Gaussian
model, then the mixture models will not capture the true nature of the data.

However, for the purposes of demonstration, we have bypassed the feature selection
process, with varying results. As a result, in some instances, there is no distinct temporal
correlation among the data, so the standard deviations of temporal features are very large. In
these cases, the predictions generated using temporal features do not perform significantly better
than the predictions with only non-temporal features, and in some cases they even perform

‘ significantly worse. In practice, it is likely that the feature selection process would not select
temporal features that would produce inferior results.

The non-temporal features used in these tests are “families per unit area”, “personal care
expenditures per household”, and “distance to nearest highway”. Preliminary analysis and visual
inspection of distributions of these features indicates that the intensity of “Breaking and Entering”
incidents is proportional to family density, while most criminal incidents are concentrated in
middle-class and poor regions of Richmond. The distance to highway feature has the most
pronounced relationship, as criminal incidents are usually very close to highways in Richmond,

which is a pattern in accordance with some of the studies mentioncd in Chapter 2.

5.3.3 Modeling Parameters

Our goal in testing is not to evaluate and compare the performance of different transition
density estimation methods, as this was the focus of the analysis in Liu’s work. We are more

. concerned with evaluating the effects of temporal features on picdiction accuracy. As a result,
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. we chose to only use finite mixture models for the first order spatial transition density, as those

performed the best in Liu’s testing on future data.

5.4 Evaluation Results

A series of tests were performed on data sets for two primary crime types — “breaking and
entering” crimes (Codes 501 — 506) and “auto theft” crimes (Codes 701-706). Results of three
different models were compared for each data set. The three models were our model including
temporal features, Liu’s basic model with only non-temporal features, and a comparison model
with no features. In each case, three sets of tests were performed for each model. One test
studied results when the original two-week training period was resubstituted as the test data,
another test studied results with a test set of one week, and the third test studied results with a bi-
weekly test set.

‘ Our intention in these tests is not to comprehensively prove that models with temporal
features included are inherently more predictive than models without temporal features. We will
demonstrate instances where the model was used with certain temporal features as example cases,
some of which illustrate how these features can improve model performance. However, it is
important to keep in mind that using temporal features is not a solution in all cases — these
features should be considered tools to be applied when appropriate. The feature selection process

1s the best method of determining when temporal features should be included in the analysis.

5.4.1 Breaking and Entering Data

The three training data sets were November 3-16. November 10-23, and November 17-
30, with test sets extending through December 14. The tests performed with this data included
use of the “time-of-day” feature. We can see in Figures A.1 - A.6 of Appendix A that the model
with temporal features outperformed the basic feature model at a 0.05 level of significance for at

‘ least one of the hypothesis tests about one-third of the time. mo-t notably on the November 10-23
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. training data. The model with temporal features also outperformed the comparison model at a
0.10 levél of significance for at least one of the hypothesis tests for five of six test sets on the
November 3-16 and November 17-30 training data. However, th‘e comparison model
outperformed the model with temporal features for two of the three test sets on the November 10-
23 training data. For all but one test, the model with temporal features compares with the other
models at a smaller p-value for the bi-weekly predictions than the weekly predictions, indicating
that time of day is a relatively better predictor over a longer time horizon.

The figures showing the prediction levels over the Richmond study region indicate that
the “distance to highway” feature is a major component of the feature-based models (Figures A.7
and A.8) by inspection of the high intensity patterns. These patterns clearly match the paths of
major highways in Richmond. The comparison model (Figure A.9) generates a much smoother

prediction surface.

5.4.2 Auto Theft Data

The two training data sets of auto theft crimes were November 3-16 and November 17-
30, with test sets extending through December 14. The criminal incident counts were relatively
stable over this time period (except for December 1-7). For the most part, these tests
demonstrated mixed results for the model with temporal features, as shown in Figures B.1 - B4
of Appendix B. However, on the November 17-30 training data, the temporal model
outperformed the comparison model at a 0.05 significance level on the second hypothesis test for
all three test sets. The temporal model was significantly outperformed by the basic feature model
in the first hypothesis test on the November 3-16 training data, though this is a surprising result

given that the raw data (Figure B.1) indicates that the two models had similar means.
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o Chapter 6 : Conclusion

6.1 Summary

In the course of this work, we have made the following primary contributions :

e Incorporation of additional types of event features into Liu’s existing model for density
estimation, especialfy features in the temporal realm

e Development of temporal distance measures and methods for cyclical analysis

e Creation of an effective forecasting tool and decision-support system based on this
methodology for future integration into the ReCAP system

e Implementation of an improved user interface, automated tools, and an enhanced
visualization of result data sets

e Testing of the methodology through application to additional sets of data, including various

‘ crime types

With more types of features available for use in the model, crime analysts will have a
greater variety of tools at their disposal with which to predict likely crime scenarios. Analysts
can use existing temporal features or propose others that they believe might explain patterns in
the data.

The STADIUM program is a dramatically improved means of testing the transition
density model and using it in a real-world context. The decision-support system guides users
with a range of skills through the entire model-building process, and provides a rich visualization
of the prediction results that will be much more useful for crime analysts.

While the use of temporal features was not shown to produce significant improvements in
predictions over the previous model in all cases, there are some instances in which temporal
features can enhance the prediction with useful information. The feature selection process should

be used to identify when temporal features can provide additional insight into criminal event

‘ initiation decisions.
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6.2 Future Research

There is definitely more research that can be performed to investigate the appropriate use
of temporal features in this spatio-temporal transition density model. The first step that should be
taken is to modify the feature selection program to include temporal features. The program must
also be improved so that it can be integrated into STADIUM. .

The model estimation procedures could be changed to incorporate similarity rankings for
categorical variables. These changes would be necessary in the calculation of the first-order
spatial transition density, and might eliminate the need for latent class finite mixture models.

Another area of potential future work is to further test the model with additional types of
temporal features, and to improve the automatic feature data set creation program to inc]ﬁde these
features. Currently, only certain types of temporal features can be automatically generated, and

all others must be manually created.
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Appendix A : Breaking and Entering Data Results

Training Set : 11/3 - 11/16 Breaking & Enterings (141 Incidents)
With Time of Day Without Time of Day {Comparison
Test Set Mean#ige. St Deviis = [Mean 2f == St Devisi: [Mean :- St Devis:
Resubstitution (1 13-4 76.8471  21.4113| 79.2235 20.2853] 74.5422 20.4387
Weekly (1117 = 11/23 70.3547 21.7386] 69.5905 22.4512| 67.3278 21.8478
Bi-Weekly (11/17- 11/ 73.237  21.3703] 71.2381  23.3865 67.96  22.3108
Figure A.1 : Basic statistics : November 3-16 B&E data

Training Set : 11/3 - 11/16 Breaking & Enter_mgs (141 Incidents) |
Time of Day Model vs. No.Tiffie of Day:Mode i fg® ey R - AR

| Test1 Test 2 _-J
Test Set Points:# |2 Probgieks Z-Statesi p-Valuez it Mean kkat St Dévi-2-.- Z-Stat 2¥¢ piValuay]
Resu_bshtutlon 141] 0.382979  -2.7791 0.9973] -2.37646 13.30665 -2.12067 0.983
Weekly 64] 0.484375 -0.25 0.5987}] 0.764179 10.98766 0.556391 0.2877
Bi-Weekly 141} 0.496454 -0.08422 0.5319] 1.99889 13.84769 1.714041 0.0436

. Time of Day Model vs. Comparison Modelisiss: B i

| Test1 Test 2
Test Set Points = [é& ProbBfes: Z-States p-Valug« [ Mean Rk St Dev. 3 - Z-Stat: 3¢ piVal
Resubstitution 141| 0.574468 1.768519 0.0384]| 2.304894 21.86519 1.25172 0.1056
Weekly 641 0.53125 0.5 0.3085| 3.026917 22.86928 1.058859 0.1446
Bi-Weekly 141] 0.609929 2.610671 0.0045] 5.277024 20.59762 3.042157 0.0012

Figure A.2 : Hypothesis test results : November 3-16 B&E data
Training Set : 11/10 - 11/23 Breaking & Enterings (139 Incidents)
With Time of Day Without Time of Day |Comparison

Test Set Meani g+ St Dev - [Meanii: St Devi: |Mean i~ St Devig}:
Resubstitution {11/10 -1 1/23) 75.2326  21.6106} 74.5932 21.7314] 80.3783 15.7248
Weekly (11/24 - 11/30) 74.318  23.3344 74.3645  23.6495| 76.0837 22.203
Bi-Weekly (11/24 - 12/7)‘“ 74.557 24.406] 74.5268 24.2802| 73.7741  23.3323

Figure A.3 : Basic statistics : November 10-23 B&E data
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‘ Training Set : 11/10 - 11/23 Breaking & Enterlngs (139 Incndents)
Time of Day Model vs. No Time of Day, Médel %3 RarE. o LR R
Test 1 | Test2
Test Set . Points” | ©* Prob -:* Z-Stat™s p-ValueijE Méanit 1 St Dev.i - Z-Stat - p-Value
Resubstitution 139} 0.61871 2.79902 0.0026| 0.63939 3.93454 1.91594 0.0274
Weekly:»~ 77| 0.55844 1.02565 0.1515| -0.04644 3.39516 -0.12002 0.5478
Bi-Weekly - = 137| 0.56934 1.62328  0.0526| 0.03016 3.80938 0.09267  0.4641
Time of Day M Bt AR
Test Set ~ Pointsi |7 Prob: 5§23 Z-Statke. peValue: | e St Devigi r Z-Stat w5 p-Valug:

514573 20.1838 -3.00575  0.9987
176566 20.6332 -0.7509 0.7734
0.81287 20.7382 0.45878  0.3228

139] 0.38129 -2.79902 0.9974
77| 046753 -0.5698 0.7157
137} 0.53285 0.76892 0.2206

esubstitution

Figure A.4 : Hypothesis test results : November 10-23 B&E data

Training Set : 11/17 - 11/30 Breaking & Enterings (141 Incidents)

With Time of Day [Without Time of Day [Comparison

Test Set Meana## St Dev#ds| MEan MM St:Devidl:[Mean tis: St Devil
esubstitution (1111721 | 76.9956  20.5829f 76.7228 21.159| 71.8713  21.9078

74.2822  26.3142f 74.2471 25.302 72.548  24.0762

74.3661 24.8114| 73.7116  24.7821| 70.2903 23.0574

Figure A.S : Basic statistics : November 17-30 B&E data

Training Set : 11/17 - 11/30 Breaking & Enterings (141 Incidents)

Time of Day Model vs..No Time of Day Model =i @S @ 808 0 v o ) el
Test 1 | Test2
Test Set " Pointg®’] i Prob .#: Z-Stat”  p-Valiie' Ji-Means+* - Z-Stat < p-Valuer
Resubstitution 141| 0.57447 1.76852 0.0392| 0.27276 11.3625 0.28504 0.3859
Weekiy ) 60{ 0.56667 1.0328 0.1515| 0.03509 7.53148 0.03609 0.484
Bl-Weekly ‘? ‘ 131} 0.53435 0.78633 0.2148] 0.65448 8.38651 0.8932 0.1867
Time of Day Model vs:Comparison Modek = s A e
Test 1 Test 2
Test Set - Pointss [ Prob:»it Z-Stat  p-Value' | Mean%#St Dev :  Z-Stat - p-Value:
Resubstitution 141] 0.61702 2.7791 0.0027] 5.1243 18.4363 3.30043 0.0005
Weekly : 60| 0.58333 1.28099 0.0985] 1.73421 19.942 0.67361 0.2514
Bi-Weekly 1314 0.61069 2.53374 0.0057| 4.0758 20.5026 2.27531 0.0116

Figure A.6 : Hypothesis test results : November 17-30 B&E data
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Figure A.7 : Thematic map of temporal feature model prediction
with November 3-16 B&E training data

Figure A.8 : Thematic map of basic feature model prediction
with November 3-16 B&E training data
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Figure A.9 : Thematic map of comparison model prediction
with November 3-16 B&E training data
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® Appendix B: Auto Theft Data Results

Training Set : 11/3 - 11/16 Auto Thefts (165 Incidents)

With Time of Day Without Time of Day |Comparison

Test Set Meanit#¥8- St Devis- |Mean i St Devidi: [Meanigisé 'St Deviié |

Resubsmutx 0 : $] 79.9403 18.5618| 79.8129  18.5525] 824112 15.1234
‘ 74.8153  19.8627 75.021  19.0469] 722726  20.8655

744772 19.2061] 74.9478 18.2969] 73.8849  20.0351

Figure B.1 : Basic statistics : November 3-16 Auto theft data

Training Set : 11/3 - 11/16 Auto Thefts (165 Incndents)
Time of Day Model v§: No:Tifme of Day Model gk e s Dy T
| Test1 Test 2
& Pointse B Probsise: Z-State & p-Value: |.: Mean s+ St Deve 1.5 Z-Stab ke p-Values
165} 0.397163 -2.64193  0.9959| 0.150748 3.035052 0.63801 0.2611
79| 0.367089 -2.36268  0.9909] -0.20569 3.293455 -0.5551 0.7123

174] 0.304598 -5.15507 > 0.9998 | -0.47059 3.569151 -1.73922 0.9591

Test Set
ubstitution

Time of Day Model vs: Companson Model 1 e
. Test 1 Test 2
=iPoints:; % ProBiiis Z-Stat.. . p-Value: |-+ MeanZ: i St Dev. vz Z-Stat: 3Erp:Valugy

0.432624 -1.73092 0.9582| -2.7222 15.11353 -2.31364 0.9896
0.493671 -0.11251 0.5438| 2.54271 16.80613 1.344753 0.0901
0.494253 -0.15162 0.5596| 0.592294 16.33864 0.478185 0.3156]

Figure B.2 : Hypothesis test results : November 3-16 Auto theft data

Training Set : 11/17 - 11/30 Auto Thefts (174 Incidents)

With Time of Day Without Time of DayjComparison

Test Set Mean-# St Deviii |Mean:® -~ StDevi: |Meanisde St Deveir|
i ’ 82.5068 17.068| 81.4055 16.3625 72.725 211091
74.7306  20.0006| 75.6083 21.9447] 69.2177 21.938
71.9765 21.7527] 71.6636 27.0316] 69.1323 23.007

Figure B.3 : Basic statistics : November 17-30 Auto theft data
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. Training Set : 11/17 - 11/30 Auto Thefts (174 Incidents)
Time of Day Model'Vs: No Time'of Day Modeliigsiastin: « an owo oo 8o - 238
| Test1 Test 2
Test Set ‘| “Probiig Z-StatEg p-Value  |=: Mean: . St Dev =& Z-Statuszp-Valué:
Résubstitutions 174 0.528736 0.758098 0.2236] 1.101247 11.3032 1.285163 0.0985

67} 0.432836 -1.09952 0.8643] -0.87761 13.24119 -0.54252 0.7054
151] 0.503311 0.081379 0.4681] 0.31284 13.93181 0.275932 0.3897

Time of Day Model vs: Companson. Model i

| Test1 '
Test Set | Pointsk2Rrobisk: - Staties p-Value & Mean: .. St Deve=i Z-Statas Zp-Vallies;
'Besllb;it'f ioni 174] 0.701149 5.306686 < 0.0001| 9.78176 20.60551 6.261931 < 0.0001
W:ﬂﬁﬁf 67| 0.567164 1.099525 0.1357] 5.51296 17.58638 2.565935 0.0051
3i: ' 151] 0.516556 0.406894 0.3409] 2.844235 21.2863 1.641927 0.0505

Figure B.4 : Hypothesis test results : November 17-30 Auto theft data
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