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Abstract

Law enforcement agencies need crime forecasts to support their tactical operations; namely, predicted crime locations for next week based
on data from the previous week. Current practice simply assumes that spatial clusters of crimes or “hot spots” observed in the previous
week will persist to the next week. This paper introduces a multivariate prediction model for hot spots that relates the features in an area to
the predicted occurrence of crimes through the preference structure of criminals. We use a point-pattern-based transition density model for
space—time event prediction that relies on criminal preference discovery as observed in the features chosen for past crimes. The resultant
model outperforms the current practices, as demonstrated statistically by an application to breaking and entering incidents in Richmond, VA.
0 2003 International Institute of Forecasters. Published by Elsevier B.V. All rights reserved.
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1. Introduction crimes. Police assume that current crime clusters will
persist over the forecast horizon. A widely used such

Law enforcement agencies have a continuing need method is the Spatial and Temporal Analysis of
to predict the locations of crimes. Armed with Crime program (STAC) which clusters crime points
criminal event predictions, police can target patrols, within ellig&sck, 1995). Jefferis (1998&urveys
direct surveillance, and conduct other operations to additional hotspot methods, the most sophisticated of
prevent crimes and enforce laws. These activities which employ kernel density estinjatuoime,
have horizons of days and, at most, weeks. 1998).

It is well known that crimes tend to cluster This paper extends crime clustering methods by
spatially in so-called hot spots; for example, due to incorporating offenders’ preferences in crime site
certain crime-prone land uses (e.g., convenience selection. A number of researchers have investigated
stores or bars) or established patterns of serial spatial decision making by crirfAnals 1971;

criminals. Thus, the prevalent approach to forecast- Baldwin & Bottoms, 1976; Brantingham & Brantin-
ing by police is a simple spatial clustering method gham, 1975, 1984; Capone & Nichols, 1976;
using only the coordinates, dates, and types of LeBeau, 1987; Molumby, 1976; Newman, 1972;
Repetto, 1974; Rossmo, 1993, 1996; Scarr, 1973).
mpon ding author. Tel+1-434-982-2074. Take_n tpgether, this po@y of re_search suggest_s_ that
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and independent spatial attributes or features (e.g. ships between demographic, economic, social, vic-
distance to a road, type of residential community, tim, and spatial attributes and measures of criminal
etc.). activity. The model represents a declining or rising

To formally describe the forecast problem, we trend as a decreasing or increasing likelihood of
denote the locations and times of criminal incidents being victimized by crime. Furthermore, the model
as 6,,t;),(Sxty), ..., 1,=0<t,<t,<...,where can identify new potential hot spots or areas at risk
s is the two-dimensional location of incidentof a that are not necessarily in the vicinity of existing
given crime type and; is the corresponding time. crime locations.
Suppose that there arp measurable feature§, In Section 2, we give an overview of our model
f,,..., f, that are believed to be relevant to the specification process, and then discuss a Gini-index-
occurrence of the incidents, with values consisting of based measure of cohesiveness for feature selection.
p-dimensional vectors,, X.,.... Taken together, In Section 3, we present a model of the transition
the locations, times, and features of all incidents are density as our approach for spatio-temporal event
a realization of a marked space-time shock point prediction. We also describe a comparison model in
process{x,, € x: S€ED, tE T}, wheret, s, andx, that section. In Section 4, we calibrate our proposed
are all random quantities confined within a study model on crime data from Richmond, VA, and
horizonT C R, a study region or geographic space compare it to the current hot spot approach. Included
D CR? and a feature space C RP, respectively. are two sets of hypothesis tests. We briefly conclude
The space—time point process is marked by the in Section 5.

feature vectors, and is a shock process because the
events of the process are considered instantaneous,

as opposed to a survival procegsressie, 1993). 2. Model search method
The quantity of interest is the density of the
process, which formally captures the likelihood that Our objective is to find the smallest feature subset
a future criminal incident occurs within a study (of the initial feature set) that accounts for the
region and a study horizon, given the times, loca- underlying pattern of criminal event occurrences (hot
tions, and feature values of past incidents of the spots). This is a model search problem we call
same type bounded by the same region and time feature selection. The selected feature subset is
range. LefT, ={t,, t,,...,t.}, D, ={s;, Sy, - - -, S.}, called the key feature set and the feature subspace
and x, =1{X;, X,, ..., X,} wheres =(s,, s,) and defined by the key feature set the key feature space.
X = [Xi1* - X,]". The transition density is defined A feature selection problem is specified by a
as follows: triplet F, ¢, s), whereF is the initial feature set; a
Uit 2D Ty criterion function define(_j for subsets &f ands a
nion+1rn+1=nr TniAn subset search or selection procedure. For the selec-
_ PEN(dSs,, .0t 1) = 1D, T, x.} tion procedure, oftentimes we can just compare the
sy ity 10 v(ds,,)dt,., scores of individual features and rank them accord-
1) ingly. This is feature ranking and will be the

approach that we use for our application in Section

wheres, ., andt,,, are the location and the time of 4.
the next incident, respectively(ds, . ,) is the Lebes- To evaluate a given set of features, we need a
gue measure of the infinitesimal regiors,d, and measure of cohesiveness of a point pattern observed
N(ds, ., ,, dt,.,) counts the number of incidents that in the independent variable or feature subspace
occur within &, ; and the infinitesimal time interval  defined. In this paper we employ a class of cohesive-
at, . . ness measures that do not require any partitioning of

In this paper, we examine and evaluate a model of space in advance. These measures are functions of
the transition density that we derive from the theory inter-event distances (or similarities). Ld{ be the
of point patterns(Diggle, 1983).The model repre-  distance between two evenitsand j in the feature
sents criminal preferences as the functional relation- subspace defined by the feature subset to be evalu-



H. Liu, D.E. Brown / International Journal of Forecasting 19 (2003) 603-622

ated. We transform the distandg into the similarity
s; as follows.

1
s

i 1+ ozdij @)

where a=1/d and d is the average inter-event

distance, where distance refers to differences in
value of an independent variable. Define the Gini
index between these two events as

g; =4s;(1—sy) (3)

Notice thatg; attains its maximum, 1.0, whes), =

0.5 (ord;=d) and its minimum, 0.0, whes; - 0.0
(ord;>1)ors;=1.0 (ord; =0). For a data set af
events, the averaged Gini index below is a suitable
measure of cohesiveness:

n-1 n
22, 2 g,
| _ i=1lj=i+1

5= n(n-1) )

The smaller the value of thk index is, the higher
the level of point-pattern cohesiveness or the better
the set of features that define the point pattern.

In general,|; can be used in a subset selection
algorithm (e.g., forward selection, backward elimina-
tion) to yield an optimal or suboptimal subset of
features. Alternatively, one can also evalugfefor

each individual feature and select a subset of features;

based on thé; scores. We adopt this latter approach
for our application in Section 4. Suppose that in
addition to actual event data, we also have the
feature values for a large sample of locations that are
chosen uniformly over the study region. We call the

set of the feature values at the sample locations the

prior feature data set. As the first feature selection

step, we calculate the ratio of the observed range to

the full range of each feature dimension to see
whether there are any dimensions that do not exhibit
enough variation in the event feature data set. This
ratio for featuref, is defined by

nax |X, — X
o= xik,xjkaEEk| ik Jk| (5)
Ko max X — X
XikeXjkE P

whereE, andP, are the event and the prior feature
data sets for featurd, (i.e., containing only the
dimensionf,), respectively. If the ratio, is consid-
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ered sufficiently small, we will not calculate the
score for featurd,. Otherwise, we calculate the
adjusted, for featuref,, or the adjusted’, defined
as follows.

Ig(Ek)

1P

wherel (E,) andl(P,) are thel, scores for featurg
over the event feature data sEf and the prior
feature data seP,, respectively. The rationale for
this adjustment scheme is thg(P,) indicates how
much the prior distribution of, deviates from the
uniform distribution. The smallet,(P,) is or the
further the prior distribution is from the uniform
distribution, the mord ,(E,) is adjusted.

Adjusted § (6)

3. The transition density model

The development of our model for space—time
prediction involves a multi-step componentization of
the transition density (Eq. (1)) and the estimation of
corresponding model components. We describe the
componentization process in this section but estima-
tion methods in Appendix A. To model the transition
density (Eqg. (1)), we first decompose it into spatial
and temporal components. The spatial component
incorporates interactions between times, locations,
and features and represents all aspects of site selec-
tion behavior. An adjustment factor removes the
effect of nonuniform prior distribution of the features
on the predicted density. Our model is schematically
represented irFig. 1, and we give details of each
component in the sequel.

The first step in the componentization process is to
separate spatial and temporal transitions. We post-
ulate that the occurrences of events (criminal inci-
dents) over time and space are separable as follows.

lpn(sn+1ltn+l‘Dn'Tn!Xn)
= ¢£l)(sn+l|Dn'Xn’Tn’tn+l) ' lpr(12)(tn+1|Tn) (7)

wherey (s, . 4D, x.» T.w t,.,) is called the spatial
transition density andy®(t .,|T.) the temporal
transition density. Eq. (7) would be a standard
Bayesian decomposition if the second term on the
right-hand side werey®(t..,|D,, x.. T.). The
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Transition Density

Geo-Space Feature Density Spatial Transition Density Temporal Transition Density
]
[ [
I [
First Order Spatial Second Order Spatial Spatial Interaction
Transition Density Transition Densities Probabilities

Fig. 1. Components of the transition density model.

feature data seg, and the location data s@&, of and instantt,,,. The spatial transition density is
past events were left out under the following as- assumed to take the form
sumptions. w
First, we do not need to consider any inherently ¥n (ns1/DnXoiTaitn 1)
temporal features (e.g., season of the year and c
holiday/nonholiday) that categorize time instants. :a‘l//ﬁll)(xnﬂb(n)‘z yor?
We exclude such features because we deal with short =t
time series, within an estimation period of a week or X (s,,,DV TVt PR, € xPx}
a few weeks. Also, as is typical for space—time point (8)

processeg¢Cressie, 1993)temporal transition of the
marked space-time shock point process is assumedwhere "V(x. . | x,) is called the first-order spatial
not to depend on its spatial transition. In the criminal transition density which reflects the event intensity
event scenario, this assumes that the distribution of (i.e., first-order effects) ax, ., in the key feature
past crime locationsY,) does not influence how spacey!*?(s, .,IDY, TV t ), j=1,2,...C, are
soon criminals are going to strike again.(). called second-order spatial transition densities which
The second step of the componentization is describe the interaction (i.e., second-order effects) of
concerned with how to model the spatial transition a new event locatiors,,, with past event locations
density\V(s,.11Dss X To» ts1)- Intuitively speak-  in eachD!?, respectively; Ak, € x|y}, j=1,
ing, our modeling philosophy is to use past site 2,...,C, are called spatial interaction probabilities
selection preferences to inform how likely future which are the probabilities thag,, , falls in the same
events are to occur at certain locations. We know continuumy‘? of the key feature space as/’ does;
from the last section that site selection preferences « is a normalizing factor.
are defined by a distinct clustering pattern in the key =~ Model (Eq. (8)) incorporates all aspects of site
feature space. Suppose that the key feature spgce ( selection behavior in a formal framework—the

is composed ofC disjoint continuums{y'": j=1, theory of spatial point patterns. A spatial point

2,...,C} in relation to some underlying clustering pattern can be regarded as the result of first-order
pattern which defines the sets of preferences. The seteffects coupled with second-order effects. We model
x, of feature vectors is then partitioned intG first-order effects as event intensity in feature space
disjoint subsetdy!”: j=1, 2,...,C} where x!’C which reflects the potential of alternative sites to

xY. Corresponding tox!: j=1, 2,...,C}, the  attract future events, rather than event intensity in
setsD,, of locations andT, of times of past events geographic space which is simply the expected
are also partitioned intaC disjoint subsets{Dfﬂ): number of accumulated events at alternative sites.
j=1,2,...,C}and{T{: j=1, 2,...,C}, respec-  The notion of site selection preferences, which is

tively. Letx, ., be the feature vector at locatisp, , more fitting for prediction given the assumption that
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the same preferences will persistttq ,, is captured randomness). In other words, an event is equally
only by feature space event intensity. likely to occur at any locadjgneD and any two

We do not consider second-order effects in feature events are independent. Hence event locations will
space because we further assume that the point form a uniform distribution over time. However, this
process in the key feature space is a Markovian property does not necessarily hold true in feature
process of a small rangéCressie, 1993)Broadly space due to the form of the mapping frem, to
speaking, this assumption ensures that in the keyx, ., and the possible inherent randomnesgf,.
feature space, there are no second-order effects (i.e., Nonuniformity. @&f . ,[s,.,) given a uniform
interaction or dependence) between clusters, and distribution of event locations indicates that certain
because the range is small, only first-order effects are feature values are more typical than others in the
significant within each cluster. This assumption study region. Individual locations with typical fea-
formally characterizes the point pattern in the key ture values, if preferred by event initiators, should be
feature space or the site selection behavior revealed at lower risk compared with those with rare feature
by feature space analysis. values simply because event initiators have more

We model second-order effects in geographic choices over the region but they may engage them-
space. Note that it is only appropriate to examine selves at only one location at any instant. To put all
spatial interaction among events in the same feature locations on an equal footing, we adjust Eq. (8) as
space cluster because these events are initiated with follows.

the same set of preferences. However, due to the
: : : I 6 DX Tt 1)
uncertainty associated with assigning a new event to ¥n ®n+1lZnXns Tnilna

a specific cluster (or claiming that a new event is :ﬁ‘(l/Kn(Xn+1|Sn+1))'l/ffnll)(xn+1|Xn)
representative of a specific set of preferences), we c

weigh second-order ef_f_e_cts pertaining to mdlwdual > p s DD TD )

clusters by the probabilities that quantify this uncer- j=1

tainty (i.e., the spatial interaction probabilities). % pr{XnHEX(J)u;J)} (9)

Technically, we calculate the weighted average of

the second-order effects & thinned (or selected) where «,(X,.,|S,.,) is called thegeographic-space
point processes in geographic space. The thinning feature density and 8 is a normalizing factor. Note
from the overall process is based on membership in that the fundamental difference  between
the relevant cluster. A realization of each thinned « (X,.,ls,.,) and UV, .,|x,) is that
point process is the s&! of events corresponding  «, (X, ,|s,.,) is a “prior” density because it does
to those that form the clustgr' in the key feature  not depend on event feature datg, while
space. Additional assumptions on site selection be- zpﬁ”)(xnﬂun) is a “posterior” density because it
havior concerning “journey to event” and “lingering  does. Whenk,(X,.,|S,.,) iS uniform, there is no
period to resume act” may be captured by the “prior” effect to be adjusted out ofy"(x, . 4| x.)
models we use for second-order effects (see Appen-and model (9) reduces to Eqg. (8). We use Eq. (8)
dix A). when we do not have knowledge &f(X, . ,|S,.1)-

The spatial transition density model (Eq. (8)) The Egs. (7)—(9) collectively define the transition
needs “prior” adjustment when the collection of density model that we propose for spatial-temporal
feature vectorsx(,,,s) for uniformly and indepen-  event prediction. For our purpose, the estimation of
dently sampled event locations within the study the individual components of the model requires the
region O) does not form a uniform distribution. Let  following four tasks:

k. (X,,.|S,.,) denote the probability density function
of x,., given a prior probability density function of (1) Partition the event feature data into the best

S,., over the study regiorD. Without any past number C) of clusters.
observations, it would be reasonable to assume that (2) Estimate the first-order spatial transition density
the occurrence of events in geographic space follows and the spatial interaction probabilities in the

a homogeneous Poisson point process (or complete key feature space.
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(3) Estimate the second-order spatial transition den- In parallel with our model, wey{glts) . ,|D,) the
sities in the geographic space. spatial transition densityy@fﬁf{tnﬂﬁn) the tem-

(4) Estimate the geographic-space feature density poral transition density. However, unlike the spatial
where appropriate and feasible. transition dengify’(s,. /D, x.» T.» t..,) in our

model, ¢{"(s,.,|D,) only captures event evolution
in geographic space. In other words!"(s, . ,|D,)
assigns high densities only to the locations in the
vicinity of old event locations. The temporal transi-

We give the details of the procedures and density
estimation models involved in the above four tasks in
Appendix A. The density estimation models we use " e X ‘ ;
for the individual components distinguish different tON densityy = (t,,,[T,) is the same quantity as in
versions of our model. our model. For the same reasons we have stated for
The astute reader may ask why we do not need to ©Ur model, we can ignorey”(t,..,|T,) when pre- _
estimate the temporal transition density. The answer S€Nting the results of a hot spot model as density
is that we generally do for space—time prediction but MaPs or comparing them with those of our model.
in our case we do not due to the two assumptions we
made when we separated spatial and temporal transi-
tions. See Eg. (7). With those assumptions, the
temporal transition density?(t,.,|T,) is invariant _ _ y
for all locations within the study region at any given !N this section, we apply our proposed transition

instantt, . ,. To present the predictions made by our density model to a sample of crime data. We
d calibrate several versions of our model and their

model as a series of density maps over the study
counterpart hot spot models and compare the results

region indexed by time instants, only the relative . .
magnitudes of the density estimates are relevant at Statistically of the two classes of models. To be fair
in our comparison, we use exactly the same tech-

any given instant. In fact, the reader will see later "’ _ -
niques for hot spot clustering as we use in our

that using relative magnitudes is essential to our i :
model. Hence, the only difference is that our model

approach to model evaluation and comparison. ’ ' ) g
Therefore, we can safely ignore any components in also includes clustering and preference d|spovery_ in
feature space. As a result, our evaluation with

the transition density model that do not depend on _ _ )
locations. These also include the normalizing factors Models without feature data will tell us if we can
gain any predictive power from modeling criminal

in Egs. (8) and (9), respectively. . _ :
In the next section, we calibrate several versions Préferences in feature space as well as in geographic
space.

of our model on crime data and compare them with
counterpart hot spot methods. Unlike our model, hot
spot prediction models do not include feature data
nor do they extrapolate based on criminal prefer- ) _ _
ences over these feature data. Ignoring the feature ©OUr sample includes 579 commercial and residen-

data, a hot spot model predicts the likelihood of the ta! “breaking and entering” (B&E) incidents that
occurrence of a future evere (,, t, . ,) based on the occurred in Richmond, VA, bgtween July 1, 1997 and
locations and times of past events,,(t,), (S, August 31, 1997Table 1provides weekly counts of

4. Model evaluation: an application

4.1. The data

), .y 6 1), o =0<t,<t,<...<t <t . The the B&E incidents in the study horizon. Notic_e that
quantity of interest is the density functiop,(s, . ,, the crime rate rose to a ste_ady level startmg the
t...D,, T.), whereT,={t,, t,, . ...t} andD,=1s,, second week of July and did not drop until the

second to last week of August. Since the reason for
Lthe changes in crime rate is unknown, we choose not
to use the data from the first week of July and the
last 2 weeks of August for model building in the

1 2 sequel.
Un(Sns1rtns 2D To) = 57(S04100) - 92t [ T) gig. 2 shows the locations of the B&E incidents.
(10) The subregions on the map are census block groups.

S,, ..., Syb. Under the assumption that the occur-
rence of events over time and space are independen
the class of hot spot models is specified by
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Table 1
Weekly counts of breaking and entering criminal incidents be-
tween July 1, 1997 and August 31, 1997 in Richmond, VA

Week

No. of incidents

July 1-6 50
July 7-13 74
July 14-20 71
July 21-27 72
July 28—August 3 68
August 4-10 69
August 11-17 72
August 18-24 54
August 25-31 49

We consider three categories of features related to
B&E incidents. Demographic and consumer expendi-
ture features data are converted from the 1997
estimates of census categories recorded in
CensusCD-maps (1998)The distances from crime

locations to geographic landmarks are generated by a

609

geographic information systeifBrown, 1998).The
three categories of feature variables are listed in
Tables 2—-4yespectively. We assume that the feature
values at any given location in the study region
remain unchanged within the study horizon (July and
August of 1997).

4.2. Model specification

The collection of 60 features shown Trables 2—4
is our initial feature set. To select the key features
from this collection, we first calculate thg score,
according to Eqg. (4), for each initial feature within

the set of feature data pertaining to the B&E
incidents between July 7, 1997 and July 20, 1997.

This gives us the unadjyseares,| (E,), k=1,
,..2, 60. Toremove the influence of the prior
feature distributionlgfE,) scores, we need feature

data at uniformly and independently sampled loca-

Fig. 2. Point locations of the breaking and entering criminal incidents between July 1, 1997 and August 31, 1997 in Richmond, VA.
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Demographic features

Feature

Description

Population, general

POP DST
HH_DST
FAM DST
MALE DST
FEM DST

Work force
CLS12 DST
CLS345 DST
CLS67 DST

Income

PCINC 97
MHINC 97
AHINC 97

Householder age
AGEH12 DST

AGEH34 DST

AGEH56 DST

Household size
PPH1 DST
PPH2 DST
PPH3 DST
PPH6 DST

Housing structure
HSTR1 DST
HSTR2 DST
HSTR3 DST
HSTR4 DST
HSTR6 DST
HSTR9 DST
HSTR10 DST

Population per square mile (psm)
Households psm

Families psm

Male population psm

Female population psm

Private wage and salary workers psm
Government workers psm
Self-employed and unpaid family workers psm

Per capita annual income
Median annual household income
Average annual household income

Households with householder under
34 years of age psm

Households with householder between
35 to 54 years of age psm
Households with householder above
55 years of age psm

1 person households psm

2 person households psm

3-5 person households psm

6 or more person households psm

Occupied structures with 1 unit detached psm
Occupied structures with 1 unit attached psm
Occupied structures with 2 units psm
Occupied structures with 3—9 units psm
Occupied structures with 20units psm
Occupied trailers psm

Other occupied structures psm

Housing, miscellaneous

HUNT DST
HUNT PC
OCCHU DST
OCCHU PC
VACHU DST
MORTL DST

MORT2 DST
COND1 DST

OWN _DST
RENT DST

Housing units psm

Per capita housing units

Occupied housing units psm

Per capita occupied housing units
Vacant housing units psm

Owner occupied housing units with
mortgage psm

Owner occupied housing units without
mortgage psm

Owner occupied condominiums psm
Owner occupied units psm

Renter occupied units psm

Table 3

Consumer expenditure features

Feature Description

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 Pcae on public transportation, vehicle purchase
and maintenance

Table 4

Distance features

Feature Description

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

tions. For our purpose, we place a uniform square
grid over the Richmond map and obtain feature
values at each grid point. Every two adjacent grid
points are separated by 0.00®orizontally and
0.002 vertically. This results in a set of 2517
sampled feature data points, the prior feature data
set. We obtain the scorek(P,), k=1,2,..., 60,
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using the prior feature data set, and then calculate the
adjusted! {? score for each feature according to Eq.
(6). The results are reported Trables 5—7Note that
before we computed thi, scores, we examined the
ratio of the observed range to the full range of each

feature dimension (according to Eq. (5)) to see Population, general

Table 5
Demographic features evaluation result

Feature 1,(P) Adjusted! ¥

whether there are any dimensions that do not exhibit FAMDST 0.795 0.971
enough variation in the event feature data set. This FEM DST 0.781 1017
o _ HH_DST 0.766 1.019
ratio is greater than 0.2 for every feature in our pop pst 0.778 1.022
initial pool. Hence we deem that there is enough MALE DST 0.774 1.038
variation in every feature for evaluation with the
index and potential inclusion in our model. Work force
We choose one feature from each table to form the CLS12 DST 0.763 0.996
key feature set for this study. The features chosen CLS67 DST 0.718 1.014

based on adjustet{’ are FAM DST (families per ~ ©-S343DST 0.755 1.020

square mile), P CARE PH (per household annual

expenditure on personal care, personal insurance andncome

pension) and D HIGHWAY (shortest distance to the ;ﬂ:?‘\l%%? 5'77;117 11'10(?14
nearest highway). We bypass two features annc o7 0701 1169
COND1 DST (owner occupied condominiums per )

square mile) and HSTR9 DST (occupied trailers per . «nolder age

square mile) which have lower adjustdagi) scores AGEH12 DST 0.690 0.979
than FAM DST. These two features have unusually AGEH56 DST 0.759 1.018
low 1,(P,) scores (as compared with other features), AGEH34 DST 0.777 1.048

which indicate that the prior feature data set for
either feature is highly clustered or the prior dis- Household size

tribution of either feature is far from uniform. This is EE:% Bg 8-‘7333 g-gig
sensible because out of the 207 block groups in PPH3 DST 0.770 1020
Richmond there are relatively few that have occupied ppng pst 0.648 1.096

trailer homes or owner occupied condominiums.

Even with adjustment, we still cannot completely Housing structure

eliminate the influence of the prior patterns on the pstrRg DST 0.210 0.430
event feature data for both features. This is reflected HSTR6 DST 0.579 0.971
in their very low adjusted® scores. Practically, we ~ HSTRLDST 0.780 1.037
- N ) . HSTR4 DST 0.604 1.096
eliminate these features because we find crime * : :
lysts unwilling to accept that the lack of trailer HSTRI0 DST 0.511 1
analys 9 p HSTR2 DST 0.514 1.335

homes or condominiums is linked to higher rate of HsTR3 DST 0.442 1.543
B&E incidents.

Maps show that the distribution of each selected pogng miscellaneous

feature roughly correlates to criminal event intensity conD1 DST 0.284 0.250
as described in the following. Firstly, the intensity of OCCHU DST 0.766 1.019
B&E incidents is roughly proportional to family ~MORTLDST 0.779 1.034
density. Secondly, average household expenditure ongsvl\,'\lTbDSSTT g';gg 1'822
personal care products and services is an indicator of genT psT 0691 1054
disposable income within a block group. Most of the occHu pPc 0.756 1.070
B&E incidents concentrate in the low to middle HUNTPC 0.762 1.072
values of this attribute but not as much in the highest MORT2 DST 0.747 1.075

VACHU DST 0.690 1.088

or lowest values. Lastly, areas close to highways are
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Table 6

Consumer expenditure features evaluation result
Feature 1,(PY) Adjusted|{
Per household

P CARE PH 0.779 0.887
TRANS PH 0.748 0.962
MED PH 0.792 0.970
ET PH 0.789 0.979
HOUSING PH 0.697 1.006
REA PH 0.784 1.016
APPAREL PH 0.784 1.019
EDU PH 0.759 1.021
ALC TOB PH 0.785 1.025
FOOD PH 0.749 1.044
Per capita

P CARE PC 0.805 0.958
EDU PC 0.803 0.979
HOUSING PC 0.807 0.980
APPAREL PC 0.814 0.998
ET PC 0.816 0.999
TRANS PC 0.821 1.001
ALC TOB PC 0.817 1.008
MED PC 0.813 1.013
FOOD PC 0.804 1.014
REA PC 0.799 1.015
Table 7

Distance features evaluation result

Feature 14(P) Adjusted ¥
D HIGHWAY 0.803 0.995
D PARK 0.799 1.004
D SCHOOL 0.757 1.029
D CHURCH 0.796 1.033
D HOSPITAL 0.798 1.036

prone to B&E incidents. The fact that we have
combined both residential and commercial
incidents may account for this. Other explanations
relate to the opportunity to commit crimes provided
by highways.

4.3. Model comparison

B&E

spatial transition density. The WPK version replaces
Gaussian mixture estimation with weighted product
kernel estimation and the FPK version uses filtered
product kernel estimation. All three versions of the
model use Fiksel's order model to estimate second-
order spatial transition densities, once the model for
the first-order spatial transition density is chosen.

We estimate these models and their counterpart
hot spot model on four training data sets: B&E
incidents that occurred during fortnights, July 7 to
20, July 14 to 27, July 21 to August 3, and July 28 to
August 10, respectively. We obtain predictions from
each model and compare results for two horizons:
weekly and biweekly prediction. Weekly prediction
uses the event data from the subsequent week as a
holdout sample, while biweekly prediction uses the
subsequent 2 weeks. For every version of the pro-
posed model, we use the same set of key features
just selected in estimation (e.g., based on the feature
data of the incidents between July 7 and July 20),
and apply the same prior feature data set (i.e., the
2517 sampled feature data points) to geographic-
space feature density estimation.

To compare the results of different models, we
convert density estimates into percentile scores
which are on a common scale of 0 to 100. Suppose
that in addition to the actual crime locations, we
have a large set oN sample locations selected
uniformly and independently over the study region.
Let s’ be theith sample location or grid point.
Denote the density estimate (generated by either a
proposed model or the comparison model) at an
arbitrary locations as d,. The predicted percentile
scorep, of locations is defined by

Ps = (100/N) >, 1{d, = d,g} (11)

where 1{d,;=d} is 1 if d;=d,, and O otherwise.
Given that the 'sample setis Iar'ge enough (or the grid
is fine enough) to represent the entire study region,
percentile scores are re-scaled density estimates. The

We evaluate three versions of our proposed model higher the percentile score of a specified location is
against their counterpart hot spot models. The three the more likely a new event is to happen at that
versions are named GMM, WPK, and FPK (see location.

Appendix A). The GMM uses Gaussian mixture

The model evaluation statistics are mean (pre-

models for estimating the first-order spatial transition dicted) percentile score and sample standard devia-
density, the geographic-space feature density, and thetion of the mean. For a given holdout set of actual
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event locations used for model evaluation, we obtain Table 9 _
predictions (density estimates) for all event locations Basic statistics for models calibrated on July 14-27 data
in the set and then convert them into percentile Training set: July 14-27 (143 incidents)

scores. The mean percentile score is the average Ofyggel Proposed model Comparison model
these (predicted) percentile scores. We include the type - S
two statistics for the three versions of the proposed Mean S.D. Mean S.D.
model and their counterpart hot spot models cali- Estimation—Test set: July 14-27 (143incidents)

brated on the four aforementioned training data sets GMM 81.1 21.2 61.6 25.0
in Tables 8—11yespectively. The “best model” in ~ WPK 85.7 15.8 79.8 20.0
these tables refers to the version of a model with the FFK 838 155 198 200

. . Best FPK WPK or
highest mean percentile score out of the three ., qe EPK

versions of that model. It is clearly seen from these
tables that the proposed model outperforms the Weekly prediction—Test set: July 28-August 3 (68 incidents)

comparison model in every test scenario in terms of \(/Bvl\glr\(/l 772-3(; 22152 5;%31 22773

mean percentile score. EPK 72.3 o5 3 201 271
Two hypothesis tests are performed to conf_|rm Best GMM WPK or

these results. Assume that the test data set comains  model FPK

incidents that occurred at the locatiogss,, . . ., S

1 9my

respectively. For the incident at, let the percentile ~ Biweekly prediction—Test set: July 28-August 10 (137incidents)

. GMM 73.6 24.25 57.5 26.5
score given by a pr_oposed model bél and that WPK 720 265 69.8 275
given by the comparison model hnéi. Let § be the EPK 71.8 26.5 69.8 275
probability that the proposed model outperforms the Best GMM WPK or

model FPK
Table 8 Table 10
Basic statistics for models calibrated on July 7-20 data Basic statistics for models calibrated on July 21-August 3 data
Training set: July 7—20 (145 incidents) Training set: July 21—-August 3 (140 incidents)
Model Proposed model Comparison model Model Proposed model Comparison model
type type — .
Mean S.D. Mean S.D. Mean S.D. Mean S.D.
Estimation—Test set. July 7-20 (145incidents) Estimation—Test set. July 21—-August 3 (140incidents)
GMM 86.0 15.0 58.3 21.0 GMM 79.78 19.68 60.14 26.31
WPK 89.5 12.3 83.0 16.9 WPK 80.74 19.09 77.11 21.06
FPK 89.5 12.3 83.0 16.9 FPK 80.68 18.97 77.11 21.06
Best WPK or WPK or Best WPK WPK or
model FPK FPK model FPK
Weekly prediction—Test set: July 21-27 (72incidents) Weekly prediction—Test set: August 4—10 (69incidents)
GMM 076.3 26.3 56.5 22.8 GMM 73.33 23.88 54.35 25.33
WPK 75.9 253 74.0 26.6 WPK 69.35 28.31 67.26 29.69
FPK 75.8 25.3 74.0 26.6 FPK 69.28 28.24 67.26 29.69
Best GMM WPK or Best GMM WPK or
model FPK model FPK

Biweekly prediction—Test set: July 21—August 3 (140incidents) Biweekly prediction—Test set: August 4—-17 (141incidents)
GMM 75.9 24.1 57.0 231 GMM 77.12 22.53 55.71 25.73
WPK 74.4 25.2 72.5 26.1 WPK 72.73 27.01 71.66 27.65
FPK 74.2 25.2 72.5 26.1 FPK 72.56 27.00 71.66 27.65
Best GMM WPK or Best GMM WPK or

model FPK model FPK
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Table 11
Basic statistics for models calibrated on July 28—August 10 data

Training set: July 28—August 10 (137 incidents)

Model Proposed model Comparison model
type —_—
Mean S.D. Mean S.D.

Estimation—Test set: July 28—-August 10 (137incidents)
GMM 79.0 20.4 44.4 26.5
WPK 80.4 19.3 75.6 22.8
FPK 80.4 19.0 75.6 22.8
Best FPK WPK or

model FPK
Weekly prediction—Test set: August 11-17 (72incidents)
GMM 81.7 20.4 38.5 25.9
WPK 76.2 25.0 75.5 25.0
FPK 76.0 25.0 75.5 25.0
Best GMM WPK or

model FPK

Biweekly prediction—Test set. August 11-24 (126incidents)

GMM 81.0 20.9 40.4 25.4
WPK 76.7 23.9 75.4 24.0
FPK 76.5 24.0 75.4 24.0
Best GMM WPK or

model FPK

comparison model on a single prediction. The null
hypothesis for our first hypothesis test is as follows:

Ho: 6=0.5
vs. the alternative
H;:6>0.5

if the test statisticS>O.5; otherwise, we test the
same null hypothesis vs.

H,: 8 <0.5.

The test statisti®> for this hypothesis test is:

5= (1/m)21pf >pS} (12)
i=1
Wherel{p§i>p§i} is 1 if p;’i>p§i and O otherwise.

The second hypothesis test is a difference test built
aroundu which denotes the mean of the difference
between the percentile score given by a proposed
model and the comparison model on a single predic-
tion. We test the null hypothesis

Ho: =0

H. Liu, D.E. Brown / International Journal of Forecasting 19 (2003) 603-622

vs. the alternative
Hy: u>0

if the test statistigau >0; otherwise, we test the same
null hypothesis vs.

H, u<0.
The test statistiqe based on a test set of incidents
is straightforward:

o= (L/m) 2 (pE — pY): (13)

The sample standard deviation of the differquec
pe—Ps is

m

&= (M- 12, - &)’ (14)

The results of these hypothesis tests are reported
in Tables 12-15jn which “probability”, “mean”,
and “S.D.” correspond tos, i, and o, respectively.
The z-statistic andp-value are calculated for each
hypothesis test to indicate whether the test passes
(rejects its null hypothesis in favor of its alternative)
or fails (cannot reject its null hypothesis in favor of
its alternative) and the significance of the result.
These tables indicate that

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

« for the one comparison that both hypothesis tests
fail at the 90% confidence level (“Best vs. Best”
under weekly prediction infable 13, the per-
formances of the two models are statistically
indistinguishable since the two tests are set up
against opposite alternative hypotheses but neither
test can reject its null hypothesis in favor of its
alternative; and

« for well over half of the hypothesis tests, the null
hypothesis is rejected with a smallgrvalue
under biweekly prediction than it is under weekly
prediction, which indicates that the proposed
model is able to capture the patterns of event
occurrences over a longer term due to the addition
of the feature space analysis.

Density maps generated by the three versions of
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Table 12
Hypothesis tests results for models calibrated on July 7-20 data
Training set: July 7—20 (145 incidents)
Comparison Test 1 Test 2

Probability z-Statistic p-Value Mean S.D. z-Statistic p-Value
Estimation—Test set: July 7-20 (145incidents)
GMM vs. GMM 0.883 9.22 <0.001 27.7 26.3 12.71 <0.001
WPK vs. WPK 0.938 10.55 <0.001 6.5 7.9 9.87 <0.001
FPK vs. FPK 0.910 9.88 <0.001 6.5 8.1 9.69 <0.001
Best vs. Best 0.910 9.88 <0.001 6.5 8.1 9.69 <0.001
Weekly prediction—Test set: July 21-27 (72incidents)
GMM vs. GMM 0.750 4.24 <0.001 19.8 325 5.17 <0.001
WPK vs. WPK 0.583 141 0.079 2.0 11.0 1.53 0.063
FPK vs. FPK 0.597 1.65 0.050 1.8 11.0 1.43 0.076
Best vs. Best 0.444 0.94 0.174 2.3 194 1.02 0.154
Biweekly prediction—Test set. July 21—-August 3 (140incidents)
GMM vs. GMM 0.729 5.41 <0.001 18.9 31.2 7.15 <0.001
WPK vs. WPK 0.586 2.03 0.021 1.86 7.8 2.80 0.003
FPK vs. FPK 0.586 2.03 0.021 1.64 8.0 242 0.008
Best vs. Best 0.479 0.51 0.305 3.32 15.8 2.49 0.006

the proposed model built on the training data set of
the 145 incidents between July 7 and July 20 are
given in Fig. 3. The criminal incidents occurring

Table 13
Hypothesis tests results for models calibrated on July 14-27 data

within the immediate following week and 2 weeks
(i.e., the test sets for weekly and biweekly prediction
scenarios) are plotted on the density maps to enable

Training set: July 14—-27 (143 incidents)

Comparison Test 1 Test 2

Probability z-Statistic p-Value Mean S.D. z-Statistic p-Value
Estimation—Test set: July 14-27 (143incidents)
GMM vs. GMM 0.783 6.77 <0.001 195 28.00 8.31 <0.001
WPK vs. WPK 0.902 9.62 <0.001 5.9 7.54 9.33 <0.001
FPK vs. FPK 0.902 9.62 <0.001 5.9 7.70 9.23 <0.001
Best vs. Best 0.902 9.62 <0.001 5.9 7.70 9.23 <0.001
Weekly prediction—Test set: July 28-August 3 (68 incidents)
GMM vs. GMM 0.809 5.09 <0.001 17.06 27.71 5.08 <0.001
WPK vs. WPK 0.603 1.70 0.045 2.47 8.35 2.44 0.007
FPK vs. FPK 0.588 1.46 0.072 2.16 8.51 2.09 0.018
Best vs. Best 0.544 0.73 0.233 6.17 14.78 3.44 <0.001
Biweekly prediction—Test set; July 28—-August 10 (137incidents)
GMM vs. GMM 0.766 6.24 <0.001 16.07 29.57 6.36 <0.001
WPK vs. WPK 0.620 2.82 0.002 2.25 8.70 3.02 0.001
FPK vs. FPK 0.577 1.79 0.037 2.06 8.80 2.74 0.003
Best vs. Best 0.518 0.43 0.334 3.83 16.74 2.68 0.004
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Table 14

Hypothesis tests results for models calibrated on July 21—-August 3 data

Training set: July 21—August 3 (140 incidents)

Comparison Test 1 Test 2

Probability z-Statistic p-Value Mean S.D. z-Statistic p-Value
Estimation—Test set. July 21—-August 3 (140incidents)
GMM vs. GMM 0.829 7.78 <0.001 19.6 27.1 8.59 <0.001
WPK vs. WPK 0.857 8.45 <0.001 3.6 55 7.75 <0.001
FPK vs. FPK 0.857 8.45 <0.001 3.57 5.8 7.24 <0.001
Best vs. Best 0.857 8.45 <0.001 3.6 5.5 7.75 <0.001
Weekly prediction—Test set: August 4—10 (69incidents)
GMM vs. GMM 0.797 4.94 <0.001 19.0 29.9 5.28 <0.001
WPK vs. WPK 0.565 1.08 0.140 21 10.8 1.60 0.055
FPK vs. FPK 0.580 1.32 0.093 2.0 11.00 1.53 0.063
Best vs. Best 0.580 1.32 0.093 6.1 19.2 2.62 0.004
Biweekly prediction—Test set: August 4—-17 (141incidents)
GMM vs. GMM 0.830 7.83 <0.001 214 28.0 9.08 <0.001
WPK vs. WPK 0.532 0.76 0.224 11 49 2.60 0.005
FPK vs. FPK 0.553 1.26 0.104 0.9 5.0 2.15 0.016
Best vs. Best 0.560 1.43 0.076 55 16.9 3.83 <0.001

visual examination of how well the proposed model
performs under weekly and biweekly prediction
scenarios, respectively. It is easily seen on these

Table 15

maps that most of the incidents in the test sets indeed
occurred around the predicted high-density areas.
Also by visual inspection, the GMM version of the

Hypothesis tests results for models calibrated on July 28—August 10 data

Training set: July 28—August 10 (137 incidents)

Comparison Test 1 Test 2

Probability z-Statistic p-Value Mean S.D. z-Statistic p-Value
Estimation—Test set: July 28—-August 10 (137incidents)
GMM vs. GMM 0.839 7.95 <0.001 34.6 38.6 10.49 <0.001
WPK vs. WPK 0.891 9.145 <0.001 4.9 8.4 6.79 <0.001
FPK vs. FPK 0.832 7.78 <0.001 4.9 8.6 6.61 <0.001
Best vs. Best 0.832 7.78 <0.001 4.9 8.6 6.61 <0.001
Weekly prediction—Test set: August 11—17 (72incidents)
GMM vs. GMM 0.889 6.60 <0.001 43.1 36.0 10.17 <0.001
WPK vs. WPK 0.597 1.65 0.050 0.8 6.0 1.08 0.140
FPK vs. FPK 0.611 1.89 0.029 0.5 6.0 0.73 0.233
Best vs. Best 0.528 0.47 0.319 6.2 18.0 2.92 0.002
Biweekly prediction—Test set: August 11-24 (126incidents)
GMM vs. GMM 0.897 8.91 <0.001 40.5 37.0 12.26 <0.001
WPK vs. WPK 0.611 2.49 0.006 14 9.8 1.56 0.059
FPK vs. FPK 0.611 2.49 0.006 11 9.8 1.29 0.099
Best vs. Best 0.524 0.54 0.298 5.5 18.8 331 0.001
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Fig. 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).
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proposed model captured more spatial variation than A.1. Partition event feature data

either the WPK or FPK versions. This explains the
results inTables 8—11lwhere the GMM version is
picked as the best model for every weekly or
biweekly prediction scenario.

5. Conclusion

In this paper, we have described a newly de-
veloped space-time prediction model for crime
points and evaluated it on breaking and entering
burglary point data from Richmond, VA. The pro-
posed model is shown to be more effective than the
best of current “hot spot” methods. Some important
characteristics of this approach include:

* inclusion of measurable features that are useful
for prediction;

« identification of the features with the most predic-
tive or explanatory power; and

< presentation of forecasts through probability den-
sity estimates over space and time.

Our prediction modeling can be integrated into an
interactive shared information and decision support
system such as ReCAfBrown, 1998)to aid crime
fighting in an automated fashion.
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Intuitively, the numbe€rof the clusters in the key

feature space corresponds to the number of distinct
sets of criminal preferences. Unless we have clusters

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 accommodate local covariance structures in the
component density models that we will examine
momentarily. To accomplish this first task, we use a
hierarchical clustering algorithm to generate parti-
tions and employ a stopping rule to determine which
partition is the best.

For a data set of siza, a hierarchical clustering
algorithm generates a successionnopartitions P,
P,,..., P,_,, whereP,, P, ..., P,_, containn,
n—1,..., 1cluster(s), respectively. It merges two
“closest” clusters inP, to generate®, . ; at each step.
What we mean by “closest” obviously depends on
the definition of cluster-to-cluster distance. This
definition distinguishes different variants of the
algorithm. We will not delve into the details and the
interested reader is referred Everitt (1991)for an
introduction. The stopping rule that we use is a
revision of Mojena (1977).Let « be the shortest
distance between any two clusters in the partitin
(j=0, 1,...,n—=1). Then revised rule is to stop
merging clusters further and select the first partition
P, satisfying

cvj+1>o_zj+k'saj (A1)
Wherea ands are the mean and unbiased standard
deV|at|0n of ao, @, ..., ¢, and the constank is
usually set to 1.25, as recommendedl\bwlgan and

those of the author and do not necessarily representCooper (1985)When n is large, we find that this

the official position or policies of the U.S. Depart-
ment of Justice.

Appendix A. Model component estimation

This section addresses the four tasks listed in

revised rule yields similar result tMojena (1977).

The rationale of these rules is to look for significant

“jump” in the « series.

A.2. Estimate first-order spatial transition density
and spatial interaction probabilities

We consider two classes of models for estimating

Section 3 for estimating individual components of the first-order spatial transition density. Both classes

our transition density model.

play roles in modeling data from multiple underlying
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categories and sources. The first class is cdilgte parametric techniques and was introduced Nbgr-
mixture distributions (e.g., Everitt & Hand, 1981, chette, Priebe, Rogers, and Solka (1996¢y are
McLachlan & Basford, 1988; Titterington, Smith, & collectively calledfiltered kernel estimators (FKE)
Makov, 1985. These distributions are superpositions and take the form

of component distributions. A finite mixture prob-

ability density function (or mass function in the case 188 p(x)
of discrete sample space) has the form f(x) = HZE |]H '| K(H; (x = %)) (A.3)
i=1j=1 []
c ] ]
fx;m,0) = - .(X;0, A2 _ . .
bm.0) ,2177‘ i) A-2) where K(-) is called akernel function, H;, j= 1,
_ 2,...,C, are C pXp nonsingularlocal bandwidth
wheres >0, =1, 2,...,C, m+m,+ -+ 7 =1, matrices and p(x), j=1, 2,...,C, which satisfy

w=[m- ], O=[0,---0:]. f(x; 0,) is the jth

component density with the set, of parameters and c

m, Ty ..., T Aremixing weights. © is the collec-  o— 0y =1 and S p(x) = 1 (A.4)
tion of all component parameters. To fit a finite ! =

mixture distribution, one needs to find the numier

of component dgnsities first._ln our c_a_se_this Was for all x, are filtering functions. Local bandwidth

done in the previous subsection—partitioning event yarices contain posterior parameter settings that

feature datdx;: i=1, 2,....n}. ) enforce localized smoothness. The filtering functions
Two aspects need to be addressed further in order o prior weights over variations of local smooth-

for us to generate a density estimate by Eq. (A-2). ness we only consider a special case of Eq. (A.3) for
First, further assumptions need to be made on the our purpose where we skt =diagh - --h ], j=1
i j1 jipls '

fgnctional form of the component densitigéx; 0,) 2,...,C,whereh, (j=1,2,...,C;1=1,2,...,p)
(j=1, 2,...,C). For a continuous feature space g g |ocal bandwidth for théth dimension %], of the
(where_ all fe_atures are continuous variables) we US€ jth |ocally varied region of support. We call these
Gaussian mixture models (GMM), whefgx; ), special class of estimator§itered product kernel
j=1, 2,...,C, are postulated as multivariate Gaus- (FPK) estimators. The underlying assumption for

sian. In the discrete case, we fit the data with a class FPK estimators is that all dimensions are mutually
of Latent Class Models (LCM) (seEveritt, 1989, independent.

where we assume that the categorical feature vari- |, g paper we assume that the kernel function is
ables are independent and the outcomes of eache siandard multivariate Gaussian density function.
variable are also independent. For the situation generate a density estimate by Eq. (A.3), we need

where mixed variable types are present, it is trivial to specify the filtering functions as well as the local
combine GMM and LCM provided that the numeric 5 qwidths. Suppose the datg: i=1, 2,...,n}

dimensions are independent of the categorical ones. i ;
Second, we need an algorithm to estimate the f})avewl;esgrisgr?:‘lgnfﬁ?erliztdifclus_ters_(_zl, -
- g functions in one of the

parametersw=[,---7;]" and @=[0,---0.]. We following two ways:
use a numeric maximum likelihood algorithm known
as Expectation-Maximization (EM) algorithm (see,
for example,Dempster, Laird, & Rubin, 1997 This « Fit a finite mixture modelg(x) ==, 7 g;(X) to
algorithm first calculates these parameters with re-  the data. Set
spect to the clusters in the feature space partition,
and then updates them iteratively until the log p,() = m9;(x)/9(x), j=12,...C (A.5)
likelihood L =3 ,log f(x;;m=,®) converges to a
stationary point.

The second class of models we use to estimate the « Let the indicatorl, ., be 1 if x€( and 0
first-order spatial transition density belongs to non- otherwise. Set
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AN =1heg, i=12...C (A.6)

We term the FPK estimators with the filtering
functions defined by Eqg. (A.6weighted product
kernel (WPK) estimators. Let n; be the number of
data points in cluster2. The local bandwidths are
estimated by using local data in each cluster. To wit,

~ 4 Hip+d) —1/(p+4)
hjl =<m) N p )
=12,...,p,j=12,...C (A.7)

whereg;, is the standard deviation of théh variable
[x], estimated from the unidimensional local data set
{[x;];: x; €£2}. Notice that these bandwidth estimates

are optimal in the Approximate Mean Integrated
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A.3. Estimate second-order spatial transition
densities

The third task is to estimate second-order spatial
transition densities. The models we choose for these
densities maintain continuity in parallel with the
ordering of inter-event geographic distances and/or
that of inter-event temporal distances. Such orderings
reflect additional assumptions on site selection be-
havior. First, given that two geographic locations
have the same set of feature values, it is reasonable
to postulate thaevent 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 to past events with increasing
distance to the location of interest. Another be-

Square Error (AMISE) sense when they are used to havioral assumption that may hold true for certain

fit Gaussian product kernel estimators to the local
data set{x, €2}, j=1, 2,...,C, 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 transi-
tion density, models of distinct local structures are
simultaneously specified. Spatial interaction prob-
abilities are estimated using these “local” models.
When a finite mixture distribution is involved, spatial
interaction probabilities are given as

PrX,, 1 € x VX ) = 7 (%, 10 /F(,. ;i7,0),

ji=12,...C (A.8)

When a filtered kernel estimator is used, spatial
interaction probabilities are given as

Prix,,, € xVlx () = (0, 1) f(X, 1),

ji=12,...C (A.9)
where
~ 13 p(%) _
Fin2) = 27 KO s =)
ji=1.2,...C (A.10)

scenarios (e.g., serial crimes of certain type) is that
event initiators tend not to wait long before they act
again. 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 byriksel (1984),known as the
order model and the instant model, both incorporate
the journey to event assumption, while the instant
model also takes into account the assumption regard-
ing thelingering period to resume act. We describe
these models below.

Let the number of data units in clustebe m. Let
DW={s, s, ..., s} and TV={t,, t,,..., t}
wheret, <t,<...<t, ands;, s, ..., S, are or-
dered according ta,, t,, ..., t,. Adapting Fiksel's
order model to our case, we postulate the following
function for the second-order spatial transition den-
sity for clusterj

YD T = g (s, . .
22
= 2mm

Sim)

m
e Al

i=1

(A.11)

wheret>t_ is a future event's time of occurrence
and [s—s]| the distance from that future event's
locations to an older event locatiog (i=1, 2, ...,
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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,, t,, ..., t,. Based on this model, we postulate that

the second-order spatial transition density for cluster
j takes on the form

U ED T8 = (S - Sty )

/‘2 m
— miz e—,\Hs—siH—f(t—ti)
2> eI

i=1

(A.12)

For both Egs. (A.11) and (A.12), we can numerically
solve for the maximum likelihood estimates of the
parameters (i.e.A in Eg. (A.11), A and 7 in Eq.
(A.12)). The interested reader is referred Riksel
(1984).

A.4. Estimate geographic-space feature density

The fourth and last task is to estimate the geog-

raphic-space feature density when appropriate and
possible. In general, this requires sampling over the
study region. For example, we obtain feature values

for sample locations chosen uniformly and indepen-
dently over the study region. We then fit a density
function to these sample values using either finite
mixture or filtered kernel method.
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