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Using a novel database,ProDES, developed by the Crime and Justice Re-

search Center at TempleUniversity, this article investigatesthe relationship be-

tweenspatial characteristicsand juvenile delinquencyand recidivism | the pro-

portion of delinquents who commit crimesfollowing completionof a court-ordered

program | in Philadelphia, Pennsylvania. ProDES was originally a case-based

sample,wherethe caseshad beenadjudicated in family court between1994and

2004. For our analysis,we focussedattention on studying 6,768 juvenile males

from the data set. To addressthe di�cult issueof nonstationarity in the data,

we apply the plaid biclustering algorithm in which a sequenceof subsets(\la y-

ers") of both juveniles and variables are extracted from the data one layer at

a time, but where the layers are allowed to overlap with each other. This type

of \biclustering" is a new way of studying juvenile o�ense data. We show that

the juvenileswithin each layer can be viewed as spatially clustered. Statistical

relationshipsof the variablesand juvenileswithin each layer are then studied us-

ing neural network models. Resultsshow substantial improvements in predicting

juvenile recidivism using the methods of this paper.
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1. INTRODUCTION

One of the most challenging aspects of analyzing social sciencedata is the

presenceof spatial e�ects in quantitativ e models of individual behavior. Recent

research has shown that one's surroundingscan play a key role in determining

individual behavioral outcomesin a variety of contexts, such ashealth and crime.

Unfortunately, quantitativ e research in the social sciencesthat focuseson study-

ing spatial e�ects hasbeenquite limited in scope, dueprimarily to the particular

challengesassociated with analyzing spatial data. Such challengesinclude issues

of data quality, data integration, and the useof appropriatestatistical techniques.

In addition, the large size,high dimensionality, and complexity of many current

social sciencedata setsare problematic for developing informative and parsimo-

nious modelsof behavioral outcomes.In this study, we investigatethe interplay

between spatial and individual e�ects in the prediction of juvenile delinquency

and recidivism. Understandinghow individual and spatial characteristicsshape

youth behavior is fundamental to planning programsthat facilitate positive tra-

jectoriesfor physical, social, cognitive, and a�ectiv e youth development. Results

obtained so far from this study not only break new ground in statistics for the

social sciences,but alsocanbeusedto inform stakeholderswho placeadjudicated

juvenile delinquents in rehabilitation programs.

Administrativ e recordsof an individual's characteristicsoften contain a geo-

reference(or locational coordinate), such as an address. In order to retrieve

spatial characteristics for such individuals, the administrative recordsmust be

matched to other spatial information, such as socioeconomicdata from the U.S.

Bureau of the Censusor criminal-activit y data from a municipal police depart-

ment. Becausethesedata originate from di�erent organizations,they typically
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have di�erent data formats, di�erent data qualities, and are often available at

incompatible spatial units (e.g.,policedistricts and Censustracts). We focusour

attention on investigating the combined e�ects of homeand local environments

and individual characteristicson continued delinquent behavior. Estimating the

e�ect of the local environment on the likelihood of recidivism has becomein-

creasingly important because\aftercare services" have proliferated for adjudi-

cated youth. At present, the analytical tools that researchers have been using

are inadequatefor this type of research.

Wilson's book The Truly Disadvantaged (Wilson, 1987) stimulated a 
urry

of academicactivit y examining the role of the local environment in producing a

host of outcomes,including educationalattainment, cognitive skills, early or un-

planned pregnancyor parenting, and labor-market success.Concurrently, there

was a resurgenceof interest in social disorganization theory in the criminolog-

ical literature. This literature highlighted the role of the local environment in

promoting or prohibiting crime and delinquency through (a lack of) cohesion

among neighbors and community-level social control. A current parallel strand

of research on such e�ects has a more developmental focus and concentrates on

the ways in which socialization and other family processesare constrainedor en-

hancedby community characteristics. More narrowly, newo�ensescommitted by

youths in the juvenile justice systemare highly likely to be drug o�enses. Recent

data show that juvenile drug arrests have risen nationally from 5 percent of all

juvenile casesin 1990 to 11 percent in 1998. This growth in overall arrests is

mirrored in the ProDES data (seeSection2 below), which shows a proportional

increasein drug o�ensesamongrecidivism o�ensesof adjudicated delinquents in

Philadelphia. The proportion of drug o�ensesamongall recidivism o�ensesgrew

from 25 percent in 1994to 50 percent in 2004. Researchershave arguedthat this
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growth in drug o�ending is due to economicand social payo�s and psychological

factors. Speci�cally, we should expect to seehigher levels of drug o�enses in

areaswith high levelsof social disorder,high unemployment, high ratesof overall

delinquency, high rates of parental drug use, and lack of parental supervision.

Adjudicated youths, who are court-orderedto attend delinquent facilities, are ei-

ther served by programsin the community or, if institutionalized, return to their

homes.Despite this fact, correctionalscholarship hasnot examinedthe role that

local environments play in reinforcing or weakening the treatment e�ects of these

interventions. A review of the outcomesfor youth aftercare programs suggests

that half of their clients re-o�end at sometime during the year after release,

and one-third return during this time to a more secureplacement. Considering

the rehabilitativ e context of the juvenile justice system, the lack of community

attention to delinquencyinterventions is especially troubling.

The remainderof this article is organizedasfollows. The ProDESdata setand

its preparation for usein this study aredescribed in Section2. Nonstationarity in

the juvenile recidivism data is accounted for by �tting a plaid biclustering model

and results are described in Section 3. Neural network modelling of each plaid

layer and estimatesof prediction error are detailed in Section4. We closewith a

brief discussionin Section5.

2. THE DATA SET

2.1 The ProDESDatabase

The ProDES (Program Development and Evaluation System) databaseis a

population databaseof all juvenile casescommitted by the Philadelphia Family

Court to community and residential programsbetween1994and 2004. ProDES
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was a project of the Crime and Justice Research Center (CJRC), Temple Uni-

versity, funded by the Department of Human Servicesduring 1994-2004. The

ProDES databasetracked juveniles assignedto court-ordered programs by the

Family Court of Philadelphia, Pennsylvania, and was designedto evaluate all

programsusedby the City of Philadelphia for its delinquent youth. \Delinquent"

is a status that includesdelinquent actsor o�ensesaswell asa judgment that the

youth requiressupervision beyond that being provided by the parents. ProDES

was designedto provide outcomeinformation to programsfor delinquent youths

and to usersof these programs, namely judges, probation o�cers and funding

agents. Its goalsare to provide continual feedback to the programsand to the

juvenilecourt that will facilitate programdevelopment, facilitate better matching

of youths to programs,and identify and facilitate improvements in the array of

programsavailable to the Philadelphia juvenile justice system.

Following a youth's arrest, charging, detention, pretrial hearing, and a trial

(in which the judge not only must �nd the youth guilty but must also �nd the

youth to be a delinquent), the following options are available to a judge at the

disposition of a case: (1) Probation: the youth will continue to live at home or

in the home of a relative, and is supervised by a probation o�cer; (2) Foster

care: the youth is placed in an approved foster home for a period of time; (3)

Community-basedprogram: the youth is required by the court to attend a pro-

gram (after-school program, an alternative program, or a mentoring program) in

the community; (4) Residential facility: the youth is removed from his/her home

and placed in a residential facility with other delinquent youths; (5) Aftercare:

after completing a required period of time in a residential facility, the youth re-

turns to court for a seconddisposition on the sameo�ense and is committed to

an aftercareprogram designedfor youths reentering the community following a
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period of being incarcerated.

ProDES collecteddata at four points in time: (1) at the point of disposition

(the juvenileequivalent of sentencing), data areextracted from the youth's record

that contains information such as o�ense history, placement history, needs(e.g.,

drug use, mental health problems), and family history; (2) at program intake,

sta� personsare asked to completea needsassessment and the youth completes

a self-report sectioncontaining psychometric scales;(3) at discharge, the intake

processis repeatedand program sta� report on the youth's progressin the pro-

gram; and (4) six months following program discharge,a follow-up record check

is conductedto identify any new petitions (arrests leading to charges)generated

in the juvenile or adult court systems,and telephoneinterviews are conducted

with youths, when available, and guardians. Although the juvenilesin our data

set range in age from 10 to 20 years old, the majorit y (69%) are between 15

and 17 yearsold, predominantly male (90%) and African American (73%). The

data include measuresof family demographics,juvenile characteristics, criminal

history, current o�ense characteristics, recidivism status, and many other items.

The program intake and program dischargedata werecollectedby program sta�

who were trained by sta� of the CJRC, using instruments developed by CJRC.

All other data werecollectedby CJRC sta�. Variablesthat identi�ed the juvenile

subjects were removed from the databasefor useby the study researchers. The

casesin ProDES were geocoded (using Ar cView GIS 9.2) basedon the home

address(and zip code) given at the point of disposition listed for the juvenile.

We also restricted our analysisto casesthat had beenin the systemat least six

months, soasto examineonly thosecasesthat had the possibility of recidivating.

More information on this project can be found at www.temple.edu/prodes.
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2.2 Refocusingthe Study

Current research with the ProDES databasecenters on determining causes

for and predicting recidivism amongthesedelinquents. We found that the entire

case-basedProDES database(45,585casesand about 1,200variables) was too

unwieldy for modelling or predicting recidivism accurately. Noneof the variables

had much predictive power by themselvesand many werehighly correlatedwith

other variables in the study. First attempts at clustering these casesyielded

interesting results but theseresults were somewhatproblematic becauseof the

fact that caseswerenot distinct individuals and becauseof the presenceof large

quantities of missing data. After extensive analysesof the data, we decidedto

refocus the study so that the data set would instead be juvenile-based.To test

the impact of spatial variableson juvenilerecidivism, we excludedperiodsof time

when youths were con�ned in residential facilities. We only included periods of

involvement in community-basedprograms during which local in
uences could

have a direct e�ect on recidivism. Based on that criterion, 13,418caseswere

selectedfrom the period between1996and 2002| the yearswhen the data were

most complete. The data set was further reducedby the removal of casesinvolv-

ing females,asprior research (reinforcedby our own analysis)hasdemonstrated

a genderdi�erence concerningthe predictors of juvenile delinquencyand recidi-

vism (Daigle, Cullen, and Wright, 2007; Funk, 1999; Mazerolle, 1998). These

considerationsresulted in a sampledrawn from the all-male juvenile population

who had beenremandedto programswithin their communities by the Philadel-

phia Family Court. These10,971casesincluded multiple recordsfor the same

youth, representing each time he received a new disposition. Approximately one

third of the samplewas composedof repeat o�enders with the majorit y appear-
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ing in the data set twice, and approximately 300 appearing more than twice.

Becausethere were too few observations belongingto each youth to allow for a

longitudinal analysis,we decidedto selectthe �rst-o ccurring casefor each youth,

which resulted in a samplesizeof 7,282male juveniles. Although we selectedthe

earliest casefor each juvenile in our data set, this doesnot necessarilyindicate

that the caseselectedrepresents a juvenile's �rst petition to the Philadelphia

Family Court. Rather, it represents the �rst chronological instancein which he

was remandedto a community or aftercareprogram by the Philadelphia Family

Court during the study period of 1996{2002.The number of juvenilesremaining

in the data set was further reducedto 6,768by removing those who were sent

to small programs,or to programsthat did not provide the requisite information

that we neededfor our statistical analysis.

2.3 Variables

Outcome Variables. We consider several measuresof juvenile delinquency.

The primary such measureis any type of recidivism (coded as ganypet): delin-

quent juveniles who commit any type of violation while in a court-ordered,

community-basedprogram or within six months after completion of that pro-

gram. Theseviolations can range in severity from a felony criminal o�ense to a

probation violation. The recidivism rate is de�ned as the ratio of the number of

recidivating casesto the total number of delinquent caseswithin a given area.

O�ense-speci�c measuresare de�ned by the recidivating violation. The �rst is

personal-o�enserecidivism (codedasxperson): delinquents who commit a crime

classi�ed asa personalo�ense asthe recidivating violation. Personalo�ensesare

violent crimes committed against a person(e.g., robbery or assault) and, thus,

indicate casesat particular risk. The secondis drug-o�ense recidivism (coded
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Figure 1: Map of Philadelphia neighborhoods. Gray dots indicate the residences
of juvenile delinquents in the data set.

as xdrug), delinquents who recidivate by committing a drug crime. The third is

property-o�ense recidivism, delinquents who recidivate by committing a property

crime (coded as xproperty ).

To give someidea of where recidivism occurs within Philadelphia, Figure 1

shows an annotated map of its 45 nonoverlapping neighborhoods superimposed

upon the residencesof the juveniledelinquents in the data set. The boundariesof

theseneighborhoods are typically major natural and human-madefeatures,such
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as rivers and major roadsand highways. One can assumea relatively high level

of within-neighborhood demographichomogeneity, asmost urban neighborhoods

contain residents of similar race and class. This is particularly true in Philadel-

phia, which remainshighly segregatedby raceand class,with certain exceptions.

High recidivism rates cluster in Kensington, Richmond, and Hunting Park, as

well as in Wynne�eld and around Pennsport. Low recidivism rates occur mostly

along the far northern tier of the city from Chestnut Hill through Oak Lane to

the far northeast region of the city.

Input Variables. In addition to the ProDES variables, we acquired data on

community e�cacy , socioeconomiccharacter, and crime from a variety of sources,

and we aggregatedU.S. CensusBureau tract data on rates for individual neigh-

borhoods (Grunwald et al, 2007). For this particular study, we focussedon 436

legitimate predictors that might explain juvenile recidivism. Converting all the

categorical variables to binary dummy variables expandedthis number to 839

potential input variables.

3. PLAID BICLUSTERINGMODELS

Classi�cation of personsor casesis central to studies of behavior. Reasons

for classifyingjuvenile delinquents include improving our understandingof delin-

quent behavior, matching o�enders to interventions, managingo�ender popula-

tions, and improving risk prediction. In our study, relationships between vari-

ablesdi�er from location to location, sothat a global model would likely provide

inaccurate estimates of relationship strengths while also failing to account for

important local patterns. Someof this \nonstationarit y" is spatial in nature be-

causeit is related to raceand classand other characteristicswith strong spatial
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dependency. But someof the nonstationarity may concerncharacteristics that

are not spatially dependent, such as parent substanceabuse. Our approach ad-

dressesthe nonstationarity issueby �rst clustering the juveniles into di�erent

\t ypes" (identi�ed by speci�c subsetsof the variables) and then developing risk

prediction within each type.

3.1 Input Variables

The 27 variables used as input to a plaid analysis were chosenbasedupon

the juvenile-justice literature, recommendationsof domain experts, and several

stagesof variable selectionand modelling (including the use of logistic regres-

sion, decisiontrees,and neural networks); seeTable 1. The input variableswere

of four types: (1) background characteristics of the individual juvenile; (2) the

initial o�ense that the juvenile committed upon entry to the Family Court sys-

tem (referred to as the \instan t o�ense"); (3) indicators of social disorganization

within the neighborhood within which the juvenile resides;and (4) indicators

of overall delinquencyand recidivism nearby the juvenile's home(referred to as

\contagion" variables). Variablesdescribingbackground characteristicsof the in-

dividual juvenile include basicdescriptorsof ageand race. The juvenile's family

history regarding crime was captured by a variable indicating whether a parent

of the juvenilehad a criminal record. The juvenile'sown delinquencyhistory was

captured using variablesthat indicated the number of prior arrests (note that a

juvenile may have beenpreviously arrestedbut not sent to a court-orderedpro-

gram), whether the juvenile was living in an institution (as opposedto with his

family or other living arrangement) immediatelyprior to the targetedcommunity-

basedcase,and whether the juvenile had any prior out-of-homeplacement. Note

that the \liv esin an institution" variable indicatesa juvenile with severe-enough
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Table 1: The input variablesusedin the plaid analysisof juvenile recidivism.

Variable Description
Individual characteristics
WhiteDum Is youth white?
HispanicDum Is youth Hispanic?
Probation Was youth on probation at the time of his arrest?
LiveInstitution Did the youth live in an institution?
PriorPersonalChgs Did the youth have prior personalo�ense charges?
Juvdrgar Did the youth have prior drug arrests?
Prioroutofhomepl Was the youth placed in out-of-home program?
sibarr Did any of the youth's siblings have an arrest record?
jhismh Did the youth have a history of mental-health?
age How old was the youth at the caserecording?
AlcoholAbuse Did the youth have a history of alcohol-abuse?
DrugAbuse Did the youth have a history of drug-abuse?
Family history
ParenDeceased Is at least one parent deceased?
ParSubAbuse Did the parents have a history of substance-abuse?
ParentalCrime Doesa parent have a criminal history?
Instant o�ense
sexoff Was the instant o�ense a sexualo�ence?
InstantPerson Was the instant o�ense person-related?
InstantProperty Was the instant o�ense property-related?
victinj Did the youth injure a victim in the instant o�ense?
Social disorganization
den dr sale Density of drug arrests within 500m of youth's home
den person Density of persono�enses within 500m of youth's home
Local environment
p black Percent black in censusblock
p vacant Percent of vacant housing in censusblock
p spanish Percent Hispanic in censusblock
p highsch Percent high-school graduates in censusblock
Spatial contagion
kcnt 1km Number of delinquent youths residing within 1 km

of the juvenile
gi z-value of Getis-Ord Gi statistic
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delinquent behavior or other issuesfor a judge to decidethat it is in the commu-

nity's best interests to remove the juvenile from his home.

The instant o�ense for each juvenile was coded in the samemanner as the

outcomevariables. Social disorganizationof the juvenile's residential neighbor-

hood was captured using crime, housing, and socioeconomicdata. Block-level

addressesof arrestdata for the period 2000{2002wereacquiredfrom the Philadel-

phia Police Department as text addressesand geocoded. We then calculated for

each juvenile the density of arrests in their homeneighborhood by summing the

number of arrests within 500 meters of each juvenile's home and dividing that

number by the areaof the circular neighborhood de�ned by that 500meter radius.

We focussedon two typesof police-data arrests,drug-salearrestsand personal-

o�ensearrests,becauseboth variablesareindicativeof social disorganization. We

also included three housingvariables(percentage African Americans,percentage

Hispanic, percentage of vacant housingunits) and a socioeconomicvariable (the

percentage over the ageof 25 with a high-school diploma or equivalent) derived

from U.S. Bureau of the Census2000block-level data. Thesevariables are in-

tended to re
ect family organization, housing infrastructure, and educational

attainment at the neighborhood level. We also consideredthat the likelihood of

a juvenile recidivating may be in
uenced not only by his own characteristics,but

alsoby the behavior of juvenilesliving nearby. We generatedtwo \spatial conta-

gion" variablesdesignedto capture this e�ect: the number of juveniledelinquents

who live within 1 km of the juvenile'shomeand the z-scoreof the Getis{Ord Gi

statistic (Getis and Ord, 1992,1996;Ord and Getis, 1995)applied to the juvenile

recidivism data.

De�ne N i to be a circle of radius d = 1 km centered at the i th juvenile'shome

and set X i (with value x i ) to be the ratio of the number of recidivating juveniles
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to the total number of juveniles within N i , i = 1; 2; : : : ; n, where n = 6; 768.

De�ne the (n � n) symmetric weight matrix W = (wij ) by wij = 1 if the j th

juvenile is in N i , and 0 otherwise. The Getis{Ord Gi statistic is de�ned as

Gi =
P n

j =1 ;j 6= i wij X j
P n

j =1 ;j 6= i X j
; i = 1; 2; : : : ; n; (1)

sothat Gi 2 [0; 1] is a measureof local spatial autocorrelation that indicatesif the

valueswithin the spatial neighborhood around the i th juveniledi�er signi�cantly

from the data set as a whole. Values of Gi close to 1 indicate a clustering

of high values, while Gi values close to 0 indicate a clustering of low values.

Note that Gi doesnot include the i th juvenile. It was shown by Getis and Ord

(1992) using a permutation approach that, under spatial independence,holding

�x i = 1
n� 1

P n
j =1 ;j 6= i x j , and s2

i = 1
n� 1

P n
j =1 ;j 6= i (x j � �x i )2 �xed, the meanand variance

of the permutation distribution of Gi are, respectively,

E(Gi ) =
wi

n � 1
; var(Gi ) =

wi (n � 1 � wi )
(n � 1)2(n � 2)

� si

�x i

� 2

; (2)

where wi =
P n

j =1 ;j 6= i wij . When there is no spatial clustering among the X i ,

the permutation distribution of Z i = (Gi � E(Gi ))=
q

var(Gi ) is approximately

Gaussianfor largen (Zhang,2008). (Gaussianity canfail, however, if d is takento

be either too small or too large, or if the underlying distribution is substantially

skewed.) The statistic Z i is used here to measurethe degreeof local spatial

clustering of the recidivism rate. A value of Z i > 2:0 indicates a high degreeof

local spatial clustering of high recidivism rate (referred to asa \hotspot"), while

a valueof Z i < � 2:0 indicatesa high degreeof spatial clusteringof low recidivism

rate (a \coldspot"). For an excellent discussionof hotspots in mapping crime,

seeEck, Chainey, Cameron, Leitner, and Wilson (2005). After trying di�erent

scalingstrategies,all input variableswere scaledbeforefurther analysisto have

their smallestvalue {1 and largest value +1.
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3.2 Plaid ModelsandAlgorithm

The \plaid" biclustering algorithm (Lazzeroniand Owen,2002)hasbeenused

successfullyin clustering gene-expressiondata, nutrition data, �nancial data,

and repeated-measuresdata. SeeTurner, 2005;Turner, Bailey, and Krzanowski

(2005); Turner, Bailey, Krzanowski, and Hemingway (2005); Caldas and Kaski

(2008), who provide a Bayesian version of plaid; and Izenman (2008, Section

12.8.2). So far, all the examplesillustrating plaid modelshave usedonly contin-

uous variables. In our case,the variablesconstitute a mixture of binary-valued

and continuous measurements. The plaid model partitions the data into a se-

quenceof \la yers." Each layer is formed from a subsetof the rows and a subset

of the columns, and can be viewed as a two-way clustering of the elements of

the data array, except that rows (individuals) and columns (variables) can be

members of di�erent layers or of none of them. Hence,overlapping layers are

allowed. Depending upon the data and the algorithm settings, the number of

layers can vary quite a bit, from one layer to over 50 layers in somesituations.

Although approachesto biclustering with overlapping layershave appeared(see,

e.g., Cheng and Church, 2000; Lazzeroni and Owen, 2002; Tanay et al, 2002;

Yanget al, 2003;Ambler and Green,2003),this idea is unknown in social science

research.

Let X ij denote the value of the i th juvenile measuredon the j th variable.

The plaid model can be written approximately as a sum of several terms:

X ij � � ij 0 +
KX

k=1

� ij k � ik � j k ; (3)

where� ij 0 is an overall e�ect term and the terms in the sum are called \la yers."

The kth term in the sum refersto the kth layer and consistsof a weight function

� ij k times the product of two indicator functions, � ik and � j k . The indicator
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function � ik , is equal to 1 if the i th juvenile is in the kth layer, and is zero

otherwise. The other indicator function, � j k , is equal to 1 if the j th variable is

in the kth layer, and is zero otherwise. So, a term will only be present in the

sum if both indicator functions equal 1; that is, if both the i th juvenile and the

j th variable are simultaneously in the kth layer. The weight function for the kth

layer can be expressedin a variety of di�erent ways, but herewe usethe two-way

additive representation, � ij k = � k + � ik + � j k , of a layer e�ect (� k) plus a row

e�ect (� ik ) plus a column e�ect (� j k), k = 0; 1; 2; : : : ; K , wherek = 0 is taken to

be a \background" layer. The plaid model can, therefore,be written as

X ij � (� 0 + � ij 0 + � j k0) +
KX

k=1

(� k + � ik + � j k)� ik � j k ; (4)

where, to avoid overparametrization, we require
P

i � ik � ik =
P

j � j k � j k = 0. An

error sum-of-squarescriterion,

Q =
1
2

nX

i =1

rX

j =1

 

X ij � � ij 0 �
KX

k=1

� ij k � ik � j k

! 2

; (5)

is usedto estimate the various unknown plaid model parametersfrom the data,

where each term is the squarederror in using the plaid model to predict the

observedentry in a particular row and column,summedover all r columnsand all

n rows. For K layers,the optimization problemquickly becomescomputationally

infeasible: each row or column can be in or out of each layer, which meansthat

there are (2n � 1)(2r � 1) possiblecombinations of rows and columnsto consider.

To resolve this computational problem, the minimization of the criterion Q is

accomplishedby an alternating least-squaresiterativ e process,in which onelayer

is estimatedat a time.

Supposewe have already �tted K � 1 layers,and we needto identify the K th

layer by minimizing Q. If we let E ij = X ij � � ij 0 �
P K � 1

k=1 � ij k � ik � j k denote the
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\residual" remaining after �tting the �rst K � 1 layers, then we can write Q as

Q =
1
2

nX

i =1

rX

j =1

(E ij � � ij K � iK � j K )2 (6)

=
1
2

rX

i =1

nX

j =1

(E ij � (� K + � iK + � j K )� iK � j K )2 : (7)

We wish to minimize Q subject to the identifying conditions
nX

i =1

� iK � 2
iK =

rX

j =1

� j K � 2
j K = 0: (8)

From (7) and (8), we set up the usual Lagrangian multipliers, di�erentiate wrt

� K , � iK , and � j K , set the derivativesequal to zero,and solve. The results give:

� �
K =

P
i
P

j E ij � iK � j K

(
P

i � 2
iK )(

P
j � 2

j K )
(9)

� �
iK =

P
j (E ij � � K � iK � j K )� j K

� iK (
P

j � 2
j K )

(10)

� �
j K =

P
i (E ij � � K � iK � j K )� iK

� j K (
P

i � 2
iK )

: (11)

Given the valuesof � (s� 1)
iK and � (s� 1)

j K from the (s � 1)st iteration, we use(9){(11)

to update � (s)
ij K at the sth iteration. Becauseupdating � �

iK only requiresdata for

the i th juvenile, and updating � �
j K only requiresdata for the j th variable, the

resulting iterations are very fast. Given valuesfor � ij K , the update formulas for

� iK and � j K are found by di�erentiating (7) wrt � iK and � j K , setting the results

equal to zero,and solving. This gives:

� �
iK =

P
j E ij � ij K � j K
P

j � 2
ij K � 2

j K
(12)

� �
j K =

P
i E ij � ij K � iK
P

i � 2
ij K � 2

iK
: (13)

The initial valuesof all the � s and the � s are set in (0; 1) (e.g., make them all

equal to 0.5). Then, given valuesof � (s)
ij K and � (s� 1)

j K , we use(12) to update � (s)
iK ,
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and similarly, given valuesof � (s)
ij K and � (s� 1)

iK , we use(13) to update � (s)
j K . Further

details of the algorithm and suggestionsfor improving convergencecan be found

in Lazzeroniand Owen (2002). At convergence,the estimatedparametersfor the

kth layer are denotedby b� k ; b� ik , and b� j k , k = 1; 2; : : : ; K .

Software. The original plaid program can be downloaded from the website

http://www-stat.stanford.e du/ ~owen/clickwrap/plaid . An alternativever-

sionis availableasBCPlaid in the R packagebiclust (Kaiser and Leisch, 2008)

basedupon work by Turner, Bailey, and Krzanowski (2005), who usedinstead a

binary least-squaresiterativ e procedureto estimate the plaid parameters.

3.3 The Plaid Model Appliedto the Data on Juveniles

The plaid model was �tted to the data (6,768 juveniles, 27 variables) on

juvenile recidivism. The very few missing records were imputed by the mean

for a continuous variable and by the modal category for a categoricalvariable.

As part of the plaid setup, we required b� k + b� ik to have the samesign for all

juvenilesin the kth layer and b� k + b� j k to have the samesign for all variablesin

the kth layer. The plaid model iterations terminated at 52 layers. The number

of juveniles in any layer ranged from 6 to 3357and the number of variables in

any layer ranged from 1 to 12. Of the 6,768 juveniles, 110 were not members

of any plaid layer. Someof the layers had small numbers of juveniles and so

were consideredto be of little practical interest, while layers identi�ed by large

numbers of variables were consideredto be too complicated for interpretation

purposes. We decided,therefore, to restrict attention only to those layers with

at least 400 juvenilesand at most four variables. SeeTable 2 for a listing of the

13 selectedlayers. The recidivism rate over all 6,768juvenileswas 0.387.
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3.4 Descriptionsof SelectedLayers

For each derived layer, the Gi statistic (1) was computedfor each youth, but

this time using as input the results obtained from the plaid analysis. We take

X j = j b� k + b� j k j, which we interpret to be a measureof the j th juvenile'sstrength

of membership in the kth layer. This version of the Gi statistic was then used

to seeif there werespatial clustersof youths with strong or weak membership in

the layer. This turned out to be very usefulbecause,whenvisualizing thousands

of points, it is di�cult to detect a spatial pattern visually. The maps of layers

1, 3, 5, 6, 8, and 34 are given in Figure 2. In each map, a youth's point is

coloredred (for a hotspot) if there existsa signi�cant local cluster of high degree

of membership in the layer, blue (for a coldspot) if there is a signi�cant local

cluster of low degreeof membership in the layer, black if the youth is in the layer

but not in a signi�cantly high or low local cluster of membership, and light gray

if the youth is not included in the layer.

Layer 1. The mapshowsclearly that the strongestmembershipfor this layer is

associated with Wynne�eld and WestOak Lane, two primarily African-American

neighborhoodsthat aregenerallyworking- andmiddle-class,asdistinguishedfrom

many of the other African-American areaswherethe layer membership predom-

inates and tend to be more socioeconomicallydisadvantaged. This pattern is

con�rmed by the mean values of the variables in this layer; in particular, the

mean percent completing high school for this layer, 62.1%, is higher than the

global mean of all youths in the study, 58.9%. The percent African American

in this layer, 90.3%,is much higher than for the entire data set, 64.7%,and the

averageageof the juveniles in this layer, 15.6 years, is slightly lower than that

for the entire data set. In other words, this layer capturesa spatially clustered
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Table2: Partial results from a plaid analysisof the juvenile recidivism data. The
13 layers listed here (out of the 52 found) were selectedbecausethey each have
at most four variablesand at least 400 juveniles.

Layer #Juv eniles #V ariables Variable Names
1 3,357 3 age, p highsch , p black
3 2,279 2 age, DrugAbuse
5 1,989 2 LiveInstitution , InstantProperty
6 2,385 2 victinj , InstantPerson
8 1,657 3 Juvdrgar , kcnt 1km, gi
15 641 2 AlcoholAbuse , ParSubAbuse
18 1,172 1 sibarr
22 563 3 age, PriorPersonalChgs , p highsch
29 536 4 p black , gi , kcnt 1km, den person
31 697 1 LiveInstitution
34 1,202 2 DrugAbuse, AlcoholAbuse
43 424 1 Probation
50 496 1 PriorPersonalChgs

subgroupbasedupon race and educational attainment. The recidivism rate for

the juvenilesin this layer was 0.352,well below the rate over all juveniles.

Layer 3. All juvenilesin this layer had a history of drug abuse(as opposedto

46.3%for the entire data set) and the averageagewas16.2years,older than that

for the entire data set. Unlike Layer 1, a map of the casesin Layer 3 doesnot

visually suggeststrong spatial clustering. However, a degreeof membership is

spatially clustered,with the strongestmembership occurring in primarily white

neighborhoods (e.g.,northeastPhiladelphia) and neighborhoodswith substantial

white populations (e,g., southwest Philadelphia, parts of south Philadelphia, and

in the Fishtown-Kensington-Port Richmond neighborhoods). A lower degreeof

membership is concentrated in areasdominated by African Americansand His-

panic residents with few whites. The recidivism rate for the juvenilesin this layer
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Figure 2: Hotspot analysisof plaid layers1 (top left), 3 (top center), 5 (top right),
6 (bottom left), 8 (bottom center), and 34 (bottom right). For each layer, red
dots show hotspots, blue dots show coldspots, black dots show other juvenilesin
the layer, and gray dots show juvenilesnot in the layer.

was 0.427,much higher than the rate over all juveniles.

Layer 5. All juvenilesin this layer had a property o�enseasthe instant o�ense

and 33.7%of them lived in an institution, slightly higher than the rate for the

entire data set. A high degreeof membership in this layer occurs primarily in

south Philadelphia and in the East Oak Lane and Olney neighborhoods. These

neighborhoods are mostly working classand have a mix of white and African

Americanresidents. There is a low degreeof membershipin the HispanicHunting
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Park neighborhood. The recidivism rate for the juvenilesin this layer was0.401,

much higher than the rate over all juveniles.

Layer 6. All juvenilesin this layer had a persono�ense as the instant o�ense

and 45.5%of them injured a victim during the instant o�ense, much higher than

the rate for the entire data set,16.7%.This layer exhibits strongclusteringin high

degreeof membership in several disparate neighborhoods that have one speci�c

characteristic in common| a mix of white and African American residents. This

is relatively unusual in a highly racially segmented city such asPhiladelphia, but

occurs in Wynne�eld and southwest Philadelphia, Grays Ferry, and Pennsport

in south Philadelphia, and Olney and Frankford in northern Philadelphia. The

recidivism rate for the juvenilesin this layer was 0.334,closeto the lowest rate

amongall the layers detailed here.

Layer 8. All juveniles in this layer had a prior drug arrest, and the two

\contagion" variables,kcnt 1kmand gi , wereboth much higher that thosevalues

for the entire data set. This layer exhibits a high degreeof membershipin Hunting

Park and the surrounding neighborhoods with large Hispanic populations. The

recidivism rate for the juvenilesin this layer was 0.460,the secondhighest such

rate amongall the layers detailed here.

Layer 15. All juvenilesin this layer had a parent with a history of substance

abuseand 26.5%of them had a history of alcoholabuse,higher than the rate for

the entire data set, 21.1%. This layer is not only small in number of juveniles,

but thosejuvenilesare spreadout throughout the city. There is little evidenceof

spatial clustering in degreeof membership. The recidivism rate for the juveniles

in this layer was 0.410,well above the rate over all juveniles.
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Layer 18. All juvenilesin this layer had a sibling with an arrest record, com-

paredwith 25.7%for the entire data set. This layer exhibits a handful of clusters

of high degreeof membership in neighborhoods with combinations of white and

African American residents: Gray's Ferry, around Frankford, and Olney. The

recidivism rate for the juveniles in this layer was 0.388, very closeto the rate

over all juveniles.

Layer 22. Almost all juveniles(98%) in this layer had prior personalcharges,

their averageagewas15.8years(slightly higher than that for the entire data set),

and 63.3%of them were high-school graduates(much higher than the 58.9%for

the entire data set). This layer indicateshigh degreeof membership in the lower

northeastaround the neighborhoods of Lawncrest,Oxford Circle, and Frankford.

Theseareprimarily white, working-classneighborhoods, although Frankford also

has a substantial African American population. Low degreeof membership is

observed in west Philadelphia and Strawberry Mansion-Nicetown neighborhoods

of north Philadelphia, which tend to be poor, with high concentrations of African

American residents. The recidivism rate for the juvenilesin this layer was0.455,

well above the rate over all juveniles.

Layer 29. All variablescharacterizing this layer are spatial descriptors. For

the juvenilesselectedfor this layer, a high proportion, 85.7%,are African Ameri-

can,and the three \density" variables,gi , kcnt 1km, and den person, havemuch

higher valuesthan for the entire data set. The juveniles in this layer resideal-

most exclusively in poor African-American neighborhoods. The highest degree

of membership is clustered in north Philadelphia. The recidivism rate for the

juveniles in this layer was 0.330, the lowest rate among all the layers from this

study.
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Layer 31. All juvenilesin this layer lived in an institution at the time of their

instant o�ense. The juvenilesin this layer resideprimarily in African American

and Hispanic neighborhoods of di�erent classes.The highest degreeof member-

ship occurs in north Philadelphia. The recidivism rate for the juveniles in this

layer was 0.428,well above the rate over all juveniles.

Layer 34. All juvenilesin this layer had a history of alcoholabuseand 87.2%

of them had a history of drug abuse,comparedwith 46.3%for the entire data set.

Several clustersof high degreeof membership in this layer occur in a number of

di�erent African American neighborhoods. The recidivism rate for the juveniles

in this layer was 0.423,well above the rate over all juveniles.

Layer 43. All juveniles in this layer were on probation at the time of their

instant o�ense, comparedwith only 9.5%in the entire data set. Clustersof high

degreeof membership for this layer occur in Point Breeze,Mantua, and West

Oak Lane,all of which areAfrican American neighborhoods. The recidivism rate

for the juvenilesin this layer was 0.481,the highest rate of all the layers in this

study.

Layer 50. All juveniles in this layer had prior personal charges,compared

with only 19.2%in the entire data set. This layer contains juvenilesprimarily

from African American neighborhoods. The recidivism rate for the juveniles in

this layer was 0.450,well above the rate over all juveniles.

4. NEURALNETWORK MODELLINGOF PLAID LAYERS

So far, the plaid layers were constructed without regard to the recidivism

status of each juvenile. The next step usesneural network models to predict the

recidivism rate for each plaid layer starting with the 839 variables (seeSection
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2.3). The 6,768 juvenileswere reducedto 6,675by removing all juvenileswith

more than 20% missing data. We also removed all variables with more than

30% missing data. All other missing data were imputed. From the remaining

variables,we retained thosethat were identi�ed for each plaid layer as the most

signi�cant predictors of recidivism. For each layer, we formed a 2 � 2 table for

each variable separately(ignoring dependencies):the rows for a dummy variable

were the two outcomes,while a continuous variable was divided into high- and

low-value categories;the columns were positive or negative recidivism; and the

cells were the joint frequenciesover all juveniles in that layer. A \candidate"

variable was onewith a positive value of the usual chi-squaredstatistic X 2. For

each layer, weselectedat most 40of the candidatevariableshaving the largestX 2

values,droppedredundant variablesthat had beengeneratedfrom other variables

and hencehad very similar X 2 values,and usedthe remaining variablesas input

nodesto a neural network model.

Neural networks (see,e.g.,Izenman,2008,Chapter 10) areparametrizedmul-

tivariate statistical models for investigating nonlinear dependenciesbetweenthe

input and output variablesthat are too complicatedfor methods such as logistic

regressionor decisiontrees. The simplest \feedforward" type of neural network

has a layer of r input nodes (X m , m = 1; 2; : : : ; r ), a single layer of t hidden

nodes (Z j , j = 1; 2; : : : ; t), and a layer of s output nodes (Yk , k = 1; 2; : : : ; s).

Let � mj be the weight of the connection X m ! Z j with bias � 0j , and let � j k

be the weight of the connectionZ j ! Yk with bias � 0k . Let X = (X 1; � � � ; X r )�

and Z = (Z1; � � � ; Z t )� . Let Uj = � 0j + X � � j and Vk = � 0k + Z � � k , where

� j = (� 1j ; � � � ; � r j )� and � k = (� 1k ; � � � ; � tk )� . Then,

Z j = f j (Uj ); j = 1; 2; : : : ; t; (14)

� k(X ) = gk(Vk); k = 1; 2; : : : ; s; (15)
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where f j (�), j = 1; 2; : : : ; t, and gk(�), k = 1; 2; : : : ; s, are activation functions

for the hidden and output layers of nodes,respectively. Putting theseequations

together, the value of the kth output node can be expressedasYk = � k(X ) + � k ,

where

� k(X ) = gk

0

@� 0k +
tX

j =1

� j k f j

 

� 0j +
rX

m=1

� mj X m

! 1

A ; k = 1; 2; : : : ; s; (16)

and � k is the error term. The f f j (�)g and f gk(�)g are taken to be nonlinear

continuousfunctions with sigmoidalshape (e.g., logistic or tanh functions). The

number t of hidden layersdependsupon r , s, and the number of observations. A

popular rule that allowseasyrepetitions of experiments is to assignt = [(r + s)=2],

although there are other recommendedguidelines.

The connectionweights f � mj g and f � j kg are initialized using randomly gen-

erated starting valuesand then estimated through an iterativ e gradient-descent

optimization to minimize the error sum of squares,
P n

i=1
P s

k=1 (Yik � � k(X i ))2,

on learning examplesf (X i ; Y i ); i = 1; 2; : : : ; ng, whereY i = (Yi 1; � � � ; Yis )� . The

backpropagation algorithm usedfor optimizing the connectionweights is based

upon an e�cien t computation of partial derivatives of an approximation func-

tion realized by the network. The learning data are fed through the network

usingpossiblyhundredsor thousandsof iterations, calculating an output and ad-

justing the weights basedupon their estimated in
uence on the observed errors

on a learning example. The error correction function takes the partial deriva-

tive of the weight matrix to �nd minima for the outputs when comparedto the

output values and adjusts the weight and bias to calculate this derived value.

This gradient-descent optimization is aimed at reducing the distance between

the network's estimate and the actual output value. The e�ect is gradual and

should improve with subsequent iterations until it convergesto an optimal set
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of estimatesfor the outputs. Error functions have momentum and learning-rate

parametersto control the adversee�ects of erratic updates and local minima.

The learning-rateparametercontrols the amount of changethat canoccur in any

given correction. The momentum parameter decreasesthe potential for drastic

changesin the connectionweights within the network; it takesinto consideration

the previous corrections by nudging the weights towards a single direction to

avoid erratic updates. A weight-decay parameter is usedto decreasethe learn-

ing rate of the network slightly with each iteration; this stops the network from

diverging from the output value and increasesthe network's performance.

The juveniles in each plaid layer were randomly assignedto a learning set

(80%) or to a test set (20%). After �tting the neural network model to a

layer's learning set (using Weka 's Multilayer Perceptron software package

with learning-rate parameter set to 0.3, momentum parameter to 0.2, and the

maximum number of iterations to 2,000), we applied the �tted model to the

learning set again (yielding the apparent error rate or AER) and to the test set

(yielding the test-set error rate); seeFigure 3. If all typesof recidivism are com-

bined (ganypet), we seethat only two of the 13 plaid layers have test-set error

rates lower than that for the overall data set. When we specializeby type of re-

cidivism, our results improve substantially . For drug-o�enserecidivism (xdrugs),

eight plaid layers have test-set error rates lower than that for the overall data

set; for personal-o�enserecidivism (xperson), six plaid layershave test-set error

rates lower than that for the overall data set; and for property-o�ense recidivism

(xproperty ), eight plaid layers have test-set error rates lower than that for the

overall data set. Theseresults show that prediction of juvenile recidivism is sub-

stantially more accurate by conditioning on type of recidivism rather than by

combining all typesinto a singlecategory.
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Figure 3: Prediction error rates derived from neural network modelling of each
of the 13 selectedplaid layers. ganypet measuresany type of recidivism, while
xdrugs, xperson, and xproperty measuredrug recidivism, personal-o�ensere-
cidivism, and propery-crimerecidivism, respectively. For each layer, the juveniles
weresplit randomly into two subsets:a learning set (80%) and a test set (20%).
Blue points represent apparent error rates (AER) and red points represent test-
set error rates. Blue lines represent the AER over the entire data set for that
type of recidivism, and red lines represent the test-set error rate over the entire
data set for that type of recidivism.
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5. DISCUSSION

In this article, we present the results of an investigation into the prediction

of juvenile delinquency and recidivism in an urban setting. The initial stages

of the statistical analysisof this large and complicateddata set consistedof ex-

tensive data preprocessingand data-reduction work. By adding certain spatial

descriptorsfor each juvenile to the ProDESdata setand recognizingthat nonsta-

tionarit y is a major issuein analyzingthesedata, we show that the combined use

of the plaid biclustering procedureand neural network modelling hasenabledre-

cidivism rates to be estimatedquite successfully. Furthermore, by breakingdown

recidivism by o�ense categories,we have beenable to provide better prediction

of juvenile recidivism insteadof pooling all typesof recidivism into a singlecate-

gory and then trying to predict generalrecidivism. The research described in this

paper is unusual in that few other published studies investigate juvenile recidi-

vism by breaking down recidivating o�enses by o�ense type, except for studies

that investigate sex o�enders who recidivate, and serious,chronic, and violent

reo�enders.

Our measuresof recidivism include a period of program participation and an

additional six months. Although wedid not includeprograme�ects in our models,

we do know from our other research on the samedata (Grunwald et al, 2007)that

program attributes are unrelated to drug re-o�ending. However, for personand

property o�ending, there appearsto be a program e�ect that shouldbe included

in future work. Moreover, there is a large body of program evaluation research

that supports the view that programscanreducere-o�ending (Greenwood, 2008).

It would alsobe interesting to considerlongitudinal analyses,such aschangesin

o�ending patterns with respect to age or experience,and any further analysis
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would bene�t from including measuresof parent-child relationships, as well as

neighborhood-family interactions.
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