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Abstr act

Crime patern andysis (CPA) is the proaessof andyticd reasoning faalit ated by
an undestanding about the nature of an undelying spatia framework tha geneates
crime. For example, law enforcement agenges may seek to identify regions of sudden
increase in crime adivity, namely, crime outbreaks. Many andyticd tools faalit ate this
reasoning proaessby providing supportfor tedniques such as hotspot andysis. However,
in practice, police depatments are desirous of scdable tools for existing tedhniques and
new indghts induding, interaction between different crime types. ldentifying new
ingghts usng scdable tools may hdp reduce the human effort tha may be required in
CPA.

Formally, given a spatia crime daaset and other information familiar to law
enforcement agenges, the CPA process identifies interesting, potentially useful and
previoudy unknown crime paterns For example, andysis of an urban crime dataset
might reveal tha downtown bas frequently lead to assaults jug after bar closng.
However, CPA is chdlenging due to: (a) the large size of crime datasets, and (b) a
potentially large colledion of interesting crime paterns This chgpter explores, spdial
frequent patern mining (SFPM), which is a spatia daa driven approach for CPA and
describes SFRM in the context of onetype of CPA, outbreak detedion. We present a case

study to discover interesting, useful and nontrivia crime outbreaks in a daaset from
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Linooln, NE. A review of emerging trendsand new researcch needs in CPA methodsfor
outbresk detedion is aso presented.
1 Intr oduction

Crime patern andysis (CPA) is a key step employed by law enforcement and
crimind judice agendes towards undestanding the spaia environment that geneates
crime paterns[18]. For example, theandysis of crime datasets with multiple crime types
may reveal sudden increase in the adivity of a subset of crime typesin certain areas. This
undestanding provides indght into predicting future crime inddents and mitigates
existing aimes [8, 37, 38].

The importance of CPA is clealy evident in the growth of spdia crime reports
and other spatial information known to law enforcement. Rgpid colledion and archival of
crime reports coupled with the growing andytica needs of law enforcement has given
rise to a variety of tools induding CrimeStat [43], ArcGIS 10 Spatial Statistics Toolbox
[2], GeoDa [6], Rigd [64], SANET [56], SatScan [53] etc.

However, the growing needs of law enforcement stresses scdable ways to
geneate meaningful crime paterns tha may lead to hypoheses regarding the naure of
crime as oppogd to human driven enumeration of al possible hypoheses. For example,
in a typicd crime daaset containing 40 different crime types, there may be over 2*°
different paterns of asodation beween different types. Enumerating all these paterns
manudly would be an arduoustask even for trained andysts. Many police depatments
am to acomplish crime mitigation and crime prevention with very few resources.
However, the growth in the size and volume of crime daasets poss serious chdlenges.

Hence, there is a growing need for scdable tools tha can asdst trained andysts and



acomplish law enforcement gods with minima resource alocation. CPA hdps law

enforcement plannas acaomplish this god by identifying interesting, potentially useful,

and nontrivial spaial paterns induding, regions of sudden increase in crime adivity

[75,76,77,78,79,81frequent co-occurrence of crime types aroundfeaures such as bars

[35, 4850] and aime pronestreets [22, 58].

1.1 Existing Research and Our Contributions

Similar to the evolution in scientific methodobgy [34], CPA has witnesed a
massve growth in the nunmber and variety of approahes to identify and interpret paterns
of crime [23]. Methodobgicd advancements in CPA indude empiricd approahes
[31,46,60], criminologicad theories tha interpret the spaial aspects of crime
[5,7,10,11,12,21,23,25,26,32,38ffenda-profili ng techniques to characterize the spatial
habitat of offendes [41,44,57,64,65,28,13,14,15,16,1@hd crime hotspot deedion
tedhniques [3,5,6,27,40,42,51,54,56,59,61,62,63,68,88H can extract concentrationsof
agngle crime type
A gpecial classof crime paternsis crime outbreak. Crime outbreaks are subsets of

a spdial framework with significantly high level of crime adivity involving one or more
related crime types. Thelevel of significance in a crime outbresk is caculated based ona
ratio between observed countwithin a region and the count expected via a user specified
probebility modd [53,61,76,77,78,7%s oppo®d to ssmple counts or local autocorrdation
statistics that are used in traditiond hotspot detedion methods Outbresk detedion has
been aexplored in Spatial epidemiology via statistica moddsto compute thelikelihoodof
different disease types in being a pat of any disease outbreak [75]. Figure 1 shows a

classficaion of different CPA approahesto outbresk detedion. Asshown in thisfigure



CPA methods for outbreak detection can be classified into two broad categories. The left
category corresponds to techniques that are designed to analyze crime outbreaks in a
single crime type or entire crime datasets without any type level stratification. These
techniques include, hotspot analysis methods for detecting crime hotspots of points
[40,42,43,52] areas or zones [5,6,54] and street network subsets [7,22,56,58]. The
rationale for this classification of crime hotspots is based on the type of hotspot map that
is produced [27]. However, in most crime analysis scenarios, an understanding of the co-
occurrence of different crime types and spatial features such as bars may reveal interesting
patterns pertaining to geographical locality of certain crime types [27]. Existing

techniques in hotspot analysis are not designed to handle this scenario.

CPA methods for Oubreak
detection

Single crime type Multiple crime types

* Point Hotspots Spatial frequent
* Area hotspots pattern mining
* Network Hotspots (Our Focus)

Figure 1: Classification of CPA methods for Outbreak detection

In contrast, the proposed spatial frequent pattern mining (SFPM) is designed for
analyzing patterns involving multiple crime types and their associations with different
features such as bars. In this chapter, we describe one class of SFPM methods, namely,
regionally frequent crime patterns (RFCP) that are spatial representations of crime
outbreaks involving multiple crime types. Formally, RFCPs are subsets of different

crime types that co-occur frequently in certain areas of a spatial framework. In order to



guantify the significance of a multi-type crime outbreak, we make use of the Multinomial
scan statistic [75]. Themultinomial scan statistic extracts significant crime types that may
beinvolved in oneor more outbreaks via a maximum likelihoodratio test statistic. Based
on the significant crime types identified, the RFCP discovery processidentifies spaial
subsets of these significant crime types and quantifies crime outbreaks usng a regiond
conditiond probaility (RCP measure
This chapter makes the following wntributons

(8) We ddinespaial frequent patern mining (SFPM) and ill udrate it usng oneclass

of methodsnamely, regiondly frequent crime paterns (RFCPs).

(b) We describe the methodobgy for discovering crime outbreaks represented as

RFCPR by making use of the multinoma scan dtatistic. We illudrate this

methodobgy with a case study udng a crime dataset from Lincoln, Nebraska and

present discovered aime outoreaks involving nmultiple crime types.

(c) We describe emerging trends in spaio-tempord frequent patern mining in the

context of pace-time outoreak detedion.

(d) We outlinereseach needsinduding, methodobgicd advancements to acamuntfor

special semantics of spatio-tempord daa and key aspects urban crime scenaios

induding andyzing aime distributionsaong greet neworks
1.2 Sope and Organization

This chapter provides an overview of spatia frequent patern mining and

outiines its cgpabiliti es for aiding in law enforcement with the primary intent of redudng
human effort that may berequired in crime patern anaysis. Hence, this chgpter does not

focus on presenting computationd performance evaludion. There are a number of crime



patern andysis methodsin criminology. However, this chapter just focuses on outbresk
detedion in aime data.

The chapter is organized as follows: (a) Sedion 2 reviews some basic congepts
induding, defining spaia frequent patern mining and describes regiondly frequent
crime patern (RFCP) with examples. (b) Sedion 3 describes our methodobgy to
discover crime outbreaks via RFCPmining. (¢) Sedion 4describes some emerging trends
in spatio-tempord frequent patern mining, and (d) Sedion 5 outines some reseach
needs induding, new methodobgicd advancements in crime patern andysis for
outbresk detedion.

2 Badc Concepts

This sedion reviews some conaepts related to spaial frequent patern mining
(SFPM) and ddines the acime outbresk deedion probéem.

Spatial frequent pattern mining (SFPM) is the process of discovering
interesting, useful and non-trivial paternsfrom spatial daasets. Figure 2 shows atypicd
SFRM proaess tha is based on the crime daasets colleded and archived by law
enforcement as the basis. The SFRM process usudly begins with knowledge of
criminologicd theories from environmental criminology. Based on these theories,
andysts po cetain questionsonthe daa. Some questionswould be Whydo downbwn
bars often lead to assaults crimes but bars in other regionsseldomdo so? Is it regional
differences in geographic concentration? Are there regional differences in patron
demography or crowd dendty? Are there policy differences in screening, bounadng,

policing?
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Figure 2: Spatial frequent pattern mining process

Based on these questions, the SFPM process involves understanding the available
data via suitable interpretation models, including fitting of well known distributions,
specifying suitable representations of observed crime patterns, understanding of possible
neighborhood effects. A key outcome of the data understanding step in SFPM is the
knowledge of spatial neighborhoods that may be useful to explore possible relationships
between individual data entities such as crime reports, police districts, crime prone streets
etc. A spatial neighborhood is a collection of related spatial entities such as crime

reports. A spatial neighborhood is usually specified by means of a spatial neighbor



relation. A spaial neghbor réation can betopologicd or distance based [66].
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Figure 3: Spatial neighborhood matrix and spatial neighborhood graph

In mog crime andysis applicaions involving crime reports, the mog common
type of naghbor relation is a distance-based relation. The applicaion of a spatial
neighbor relation on a colledion of crime reports produes a spatial neighborhood
matrix, commonly referred to as the W-Matrix. For example, Figure 3(a) shows an
illugrative crime report daaset showing different crime reports represented as circles
with labds N1, N2 etc. Applicaion of a neighborrelation based ona distance threshold
(e.g., Imile, 2 mile etc.) produes a spatia naghborhoodmatrix as shown in Figure3(b).
The matrix in this figure congsts of Os or 1sto represent the absence or presence of a
neighbor relationghip. Figure 3(c) shows an aternative representation of the W-Matrix
cdled the neighborhood graph, where the edges represent the presence of a neighbor
relation and the nodes represent the aime reports.

Given gpdia crime daa, neighbor relationships, environmental criminology
theories and other inputs known to law enforcement, SFRM employs several tedhniques

to identify interesting, ussful and nontrivial crime péaterns One such tedhnique is



Regionally frequent crime pattern (RFCP) discovery.

RFCPs represent colledions of spaia feaures and crime types frequently
asodated with ead other at certain localiti es. For example, the RFCP, <(Bar, Assaults),
Downbwn > indicaes tha a frequent patern involving assaults and bas is often
localized in downtown regions Given feaure types® (e.g., Bars), crime types and ther
geo-located indances, along with a spatia neghborhoodsize and a likelihoodthreshold,
the RFCPdiscovery proaessfindsall interesting RFCFs. For example, Figure4(a shows
an illudrative crime daaset condgsting of one feaure type, Bars, and two crime types,
Assaults and Drunk Driving. Red circles represent bars; blue triangles represent assaults,
green gquaes represent drunk drving.

Given the inputin Figure4(a), the RFCPdiscovey processidentifies RFCFs as
shown in Figure 4(b). In the Figure the RFCPFs (shown) correspond to the colledion

{A BC}, which congsts of crime types, bas, and ther localiti es.
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Figure 4: Illustr ative example of RFCP (Best viewed in color)

2 For brevity, the tern Geatire types"and Geatire” are usedinterchargeally in this paper. For exanple,
abarfeatre may correspndto a bar featrre type such asbar closing or happy hour, etc., thatoccus ata
bar location!




This RFCPis represented as <{A BC}, Locality> in Figure4(b). Thelocality is
shown as dotted purple polygons The dotted purple polygonsrepresent localiti es where
the colledion of crime types and spaial feaures, {A BC} may be frequent. The shadel
orangetriangles represent individud ingances of the colledion {ABC}. In Figure4(b) the
locdlities are defined based on the convex hull of related crime reports and spdial
fedures. One may also choo® to specify these locdlities by partitioning the spatial
framework via quad partitions as shown in Figure 4(c). However, such a scheme may
result in loss of information about spaia relationships at the bounday of such a
patition.

The number adjoining ead locality in Figure 4(b) is the chane tha, the
colledion {ABC} containing indances of Bar fedure can be obsrved aong with
ingances of crimes like assault or drunk driving. This chan@ of occurrence can be
interpreted as a local fraction of ingances corresponding to a crime type or feaure type
tha participates in a colledion [35, 50]. A colledion such as {ABC} aong with its
observed locality may be congdered an RFCPIf the chane of it occurring is abovethe
user specified threshold. Thelocal fraction of ingances of any crime type participaing an
RFCP is measured usng a Regional conditional probahbility (RCP). RCP can be
defined as follows:

#ingances of Crime-type paticipaing in RFCP
# ingances of Crime- typein the Dataset

RCRCrime-typeRFCBH = )

Since, an RFCPis a colledion of co-occurring crime types in the vicinity of spaial
fedures like bas, quantifying the importance of an RFCPinvolves acaouning for the
location fraction of different crime types. In typicd crime datasets, 80% of the crime

might occur in 20% of the places. Hence, one may be interested in particular bars that



may be responsble for a large number of crimes. Hence, the adud measure that
guantifies the interestingness of an RFCP is the lower bound on the regional
conditional probabhili ties of all crime types and fedures that participate within a patern.
This lower boundcan be termed as the Regional conditional probability index (RCPI).

This measure can beddined as follows:

* #indances of Crime-type paticipaing in RFCP°8/L0

RCRH(RFCP) = mir# z
( R = $ #indances of Crime-typein Dataset ' (@

Themin termin (1) represents tha thevalue of RCH istheleast RCPof al crime
types or feaures within a RFCPR. For example, for the RFCPin Figure 4(b), <{A BC},
L2> contains two ingances of Assault represented by the letter A. Since there are 4
ingances of Assault in the dataset shown in Figure4(a), the RCP of A within the RFCP
<{ABC}, L2>is2/4. Tha isthelocal fraction of Assault within the RFCPis 2/4, which
is 0.5. Thisimplies that the chan@ of witnessng an Assault crime within the locality L2
IS 50%. Similarly, the RCPs for Bar feaure and Drunk Driving arrests represented by the
letter C is 2/6 and 1/4 respectively. Hence, the RCH of the RFCR, <{A BC}, L2> can be
computed as follows:

231% 1
RCRH(<{ABC},L2>) = mlngf,—,—&— 7 =0.25

The value 0.25 is the degree of interestingness of the RFCP <{ABC},L2} and
represents the chane that the entire RFCPmay occur when at least oneingance of any of
the paticipaing aime types or Paial feaures occur within locality L2.

Based on the ddfinition RFCPFs and ther interestingness a crime outbreak of
multiple crime types may be viewed as an RFCR, which has paticipaion from crime

types that havea high chane of paticipaing in a significant cluster within the spatial



framework. Spatial statistics has explored a populr statisticd, the multinomial scan
statistic [75,81] tha can identify crime types tha havea high chane of paticipaing in
significant clugers [75].

Based onthe aboveddinitions we define and ill usrate crime outbreak detedion
as an andysis problem tha may require a solution usng SFPM .
2.1 O'ime outbreak detection and Illustration

In this sedion, we define crime outbreak detedion as a data andysis problem and
illudrate it with an example based on a crime daaset from Lincoln, Nebraska [1].
Formally, arime outoreak detedion requires the following inpus specified by an andyst:

(a) A spaia crime daaset with a colledion of crime types and others spaial

feaures induding, bas, schools etc.
(b) Other andll ary information known to law enforcement, spatial neighborhoods
and gproprete interestingnessthreshold.

Based onthe above inpuss, the god of crime outbreak detedion is to report a colledion
of RFCP with RCRH values greater than interestingness threshold specified by the
andyst. However, an important condraint is tha, the identified RFCFs contain crime
types and paial feaures are highly likely to bea pat of asgnificant crime outoreak.
2.1.1 Problem lllustration

A typicd input to crime outbresk detedion is a spatia crime dataset that may
contain two or more crime types and many spdial feaures such as bas, parks, schools
etc. For example, Figure 5(a) shows a crime daaset from Lincoln, Nebraska[1] This
Figure shows bar locations as red circles and assault crime report locations as bladk

triangles. The Lincoln crime daaset contains about 40 diff erent aggregae crime types



with an average of 5-6 sub-types for eat crime type The entire daaset correspondsto
the years 19992007.The assault crime reports shown in Figure 5(a) are drawvn from the

year 2007.Figure5(b) shows the countof assaults within a 1-mile vicinity of bars within

Prob of Bar closing generating crime [1 mile, 1 howr]
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bar closing

Figure 5: Subset of Crimedata from Lincoln, NE, USA, 2007[1](Best viewed in color)

an hour after bar closng. This figurereveals tha bars in the center (downtown Lincoln)
have a high chane of assaults possibly representing an outbreak. Apat from crime
reports, spatia feaures and spaia neghborhoodsandysts are also required to specify
thresholds of interestingnessto discover RFCPs(e.g. 0.25, 0.15, 0.00li@).

Based onthe aboveinpus, the propogd SFRV tedhnique (i.e. RFCPdiscovery)
identifies regions where different crime types co-occur in the vicinity of bas. For
example, Figure6(a-d) shows a typicd outputof the andysis. This figure shows RFCFs
corresponding to two crime types, Assaults and Larceny and onefedure type Bar. The

RFCPs containing diff erent sub<ets of types are shown &s blue polygons









Figure 7 shows an overview of the propogd approah to deted crime outbreaks.
TheLincoln crime dataset from the year 2007 contains crime reports with multiple crime
types and several feauretypes such as bars. In addition, the user also provides a sense of
spatia neghborhoodin terms of the maximum neighborhoodsize, typicdly 0.5miles, 1
mil e etc.). Based onthese inpus, thefirst stage, computes crime type level count around
eat Paia feaure

Once these counts are obtained, we make use of the Multinomial scan statistic test
implemented in the SatScan progran [53]. The multinomal scan statistic routine in
SatScan computes several interesting measures induding, (a) spatial feaures tha may be
a pat of significant outbresks, (b) Radius of a possible crime outbreak cluger around
eadt feaure and (c) The risk of occurrence for eat crime type within ead outbreak
cluger. Therisk value for eat crime type correspondsto the ratio of, the number of
cases the crime type within the radius of the feaure to the number of cases of the crime
type expected to occur based ona standard multinomial distribution. In our andysis we
consder only crime types that havea high risk of occurring within the neighborhoodof
the spatiia fedureg(i.e. risk > 1). A deailed description of the notion of risk and its
interpretation can be foundin the SatScan manud [53]. To ensure tha only crime types
paticipaing in statisticdly significant outbreak are highlighted, SatScan performs Monte
Calo simulation and computes p-values. Asauming a standad significance level of 0.05,
only significant spatial feaures and crime types tha havea high-risk level within ther
neighborhood ee retained dter the multinomial scan datistic test.

Theresults of the multinomial scan statistic test indude crime types tha may be



involved in one or more interesting crime outbreaks. However, it is still important to
extract the adud regions of these outbreaks. This god acomplished via RFCP
discovery. The RFCP discovery process requires other inpuss induding interestingness
thresholds, and spaia neghborhoodinformation. Based on this the RFCP process
reports al interesting RFCRs of crime types tha may paticipae in one or more
outbreaks. Since RFCPs aso indudethe adud location of the crime report, they provide
an enhanced spaial view (e.g. convex polygon) of the adud outbreak as oppo®d to a
simple circular neighborhood.
3.1 Analysis Results on Lincoln Crime dataset

The crime daaset from Lincoln, NE in the year 2007 has over 38000 crime
reports and 40crime types. For the purpo® of this andysis, barsin Lincoln were the only
spdia feauresindudel. Lincoln city has 403bars. To determinetypelevel counssin the
vicinity of eat bar, we used a spdia neighborlood based ona distance threshold of 0.5
miles. This step is similar to performing an overlay opeation within a GIS. However, due
to a large number of crime types, the overlay opeaation needs to be peformed usng a
specialized spaial daabase [66] with indices geometric built onthe geometry of diff erent
crime reports. A manud task of peforming overlay within a GIS would require
enornmous human effort, while the use of a spaial daabase reduces the effort and time
required to compute type level counssin thevicinity of each ba location.

Typelevel couns at eat bar location and the co-ordinaes of the bars were then
provided as inputto the multinomial scan statistic routine in the SatScan progran [53].
The multinoma scan statistic requires a maximum spaia neghborhoodseach radius

We used the same seach radius that was used to compute the type level couns, i.e. 0.5












700 fed and an interestingess threshold of 0.001. The results of the RFCP discovery
proaessis shown inf Figure 10. Figure10(g shows the RFCPcorresponding to Bars and
Aclcohol crimes. The bars tha were highlighted in Figure 9(b) appear agan in this
Figure indicating tha, the downtown bars may be responsble for all the outbreaks in
alcohol crime. This implies tha, bars in Lincoln havea 22% probaility (i.e. a value of
0.22) of leading to an alcohol outbreak and mos of these bars are localized in dowtown
Lincoln. Similarly, Figure10(b) shows the RFCFs correspondng to Bars and Vanddism
crimes with the downtown bars showing highest chane of leading (i.e. 0.0620r 6.2 %) to
a Vanddism outbreak. Similarly, Figures 10(b) and 10(¢ show a possble asdation
between Vanddism and Alcohol crime outbreaks particularly in thevicinity of downtown
bars. While, the multinomial scan statisticOsresults ill ustrated in Figure 9 show an
indirect asdation between Vanddism and Alcohol, the RFCPanalysis directly reveas
a possible asdation indicates tha the highest chane of this assodationis localized in
dowtown Lincoln.
4 Eme ging Trends: Space-time crime outbreaks

Crime outbreaks can also hgppen over space and time. Crime patern andysis
literature has explored space-time hotspots via conaeptud congructs such as the hotspot
matrix and provides several useful suggestions to police for designing effedive
mitigation plans [62]. A space-time outbresk is a similar notion but may be defined over
multiple crime types. The SatScan progranOsmultinomial scan statistic allows for
deteding crime types tha may be a part of outbresks over space and time. To identify
such outbresks, SatScan requires a tempord seach window for deteding space-time

outbresks. Based onthese inputs SatScan identifies bar locationsand days at which these









driving with their location and time. Figure 12(e) shows the locations of al event

ingances. When applied to the Lincoln crime daaset, CSTP discovery may be able to

Figure 13 A CSTP from Lincoln, NE , 2007 Cataset (Best viewed in color)

revea bar closng events tha frequently lead to crimes induding, assaults and vanddism.
Discovering CSTPs may hdp crime andysts geneate hypohesis about crime geneators
and crime attractors [70]. Using CSTPs, law enforcement can possibly find a related
series of crimes and plan intervention strategies during a large crowd gahering (e.g.,
footbdl games). In addition to identifying adivation times of potentia crime geneators
or attractors, CSTPs also hdp undestand approprite times at which specific crime types
may happen around such sources. For example, Figure 13 shows one such CSTP
discovered from Lincoln, NE. Figure 13(a) shows a map of barsin Lincoln, NE with the
color representing the number of bar clogng events tha leal to an assault or vanddism.
Figure 13(b) shows the CSTP corresponding to the map in Figure 13(@) and lists the

chane of finding this patern in entire Lincoln city and only within downtown. Not






Hence, a route level summarization of crime outbreaks may be more intuitive
compared to a geometric (e.g. elli psoidd or circular) summarizaion of outbresks. Figure
14 shows the result of this summarization. It is very clea from Figure 14(b) tha a
network level summarization may be more intuitive as oppogd to an elli psoidd scheme
used tools such as CrimeStat. In this figure the élli psoidd scheme ignores the network
topology and clugders crime reports acoss the network. Using the result of route
summarizaion in Figure 14 and a variety of other fadors andysts may be able identify
approprete parolling roues to mitigate crime.

One can hand map these patrol routes by taking a variety of relevant fadorsinto
congderation. However, this might require enormpus human effort. Instead, one can
explore solutionsbased onSFMAM to reduce the possible routes and pick the mog suitable
patrol districts with aid of an andyst. Given a colledion of crime reports, a street
nework and a user specified parameter (K), SFAM has explored tedniques for
summarizing crime reports aong a street network [56, 58]. However, these tedhniques
may haveto be revisited to acount for multiple crime types tha may participate in
significant crime outbreaks.

5.2 Qutbreak detection at multiple analysis scales

Handling spaial scde has been an open reseach chdlengein many GlScience
applicaions[73]. In crime outbreak detedion oneof they key inputs specified by andysts
is the spatia neghborhoodsize The results of the any andysis are sendtive to the
neighborhoodsize specified bytheuser. Particularly, in the approach shown in Figure?7,

the crime typelevel count are senstive to the spaial neighborhoodsize Also, the RFCP



progessrequires a spaial neghborhoodsize as an input This makes any spatia andysis
tednique sengtive to spaia scde. For example, Figure 15 shows a ssmple scenaio for
deteding autlier buildings from a subset of the Lincoln, NE daaset usng ther area

attribute.

Figure 15 Map of two outlier buildingsin Lincoln crime dataset (best viewed in color)

Figure15@) and (b) are the andysis performed at diff erent spatial scdes, namely,
two nearest neghborsand eight nearest neighborsrespectively. Outlier andysis usng the
first scde, two nearest neighbors highlights the building B1 asanomalous(Figure 15a)),
whereas, when we increase the scde of andysis, building B2 is flagged as anomalous
(see Figure 15b)). New tedhniques are needed tha can peform SFRM at multiple
andysis scdes.

New reseach is also needed to explorethe use of frequent paternssuch as CSTPs
to drive modds tha can predict future crime. With the recent interest in predictive
policing, puraiing this direction may hdp in enhandng intervention strategies via

effedive preparedness[37]



6 Conclusions

This chagpter explored Spaial Frequent Pattern Mining (SFPM), which is a daa-
driven approah to crime patern andysis. We identified the bendits of daa driven
approahes in the faceof large spaio-tempord crime datasets and highlighted that they
are useful in redudng human effort. Hypotheses regarding real world phenomena
pertaining to crime can be geneated only after andysts haveevauaed the results of the
SFAM proaess Hence, SFRM simply reduces the effort an andyst might have to
undetake to formulate a meaningful hypothesis regarding the nature of crime paterns
Pressng reseach needs induding new SFRM methods for outbreak detedion that
acountfor crime distributonsalong street networks and andysis aaoss multiple scdes
were identified with gecific exanples.
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