The author(s) shown below used Federal funds provided by the U.S.
Department of Justice and prepared the following final report:

Document Title: Studying the Effects of Incarceration on
Offending Trajectories: An Information-
Theoretic Approach

Author(s): Avinash Singh Bhati
Document No.: 216639

Date Received: December 2006
Award Number: 2005-13-CX-0008

This report has not been published by the U.S. Department of Justice.
To provide better customer service, NCJRS has made this Federally-
funded grant final report available electronically in addition to
traditional paper copies.

Opinions or points of view expressed are those
of the author(s) and do not necessarily reflect
the official position or policies of the U.S.
Department of Justice.




e U.S. Department of Justice. This report has not
ints of view expressed are those of the author(s)

n or policies of the U.S. Department of Justice. —
m
(@)
T
=
o
>
Py
m
o
- @)
Py
_|
Studying the Effects of ¢
- - I
Incarceration on Offending :
Trajectories: An Information-
Theoretic Approach
Technical Report Submitted to the
Data Resources Program (DRP),
National Institute of Justice (NI])
Avinash Singh Bhati
This report was prepared under Grant 2005-1J-CX-0008 from the National Institute of Justice.
Opinions expressed in this document are those of the authors, and do not necessarily represent the
official position or policies of the U.S. Department of Justice, the Urban Institute, its trustees, or its
funders.
research for safer communities I-l URBAN INSTITUTE
B |ustice Policy Center



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

STUDYING THE EFFECTS OF INCARCERATION
ON OFFENDING TRAJECTORIES: AN
INFORMATION -  HEORETIC APPROACH

TechnicalReport Submitted to the
Officeof Justice Program
National Institute of Justice
U.S.Department of Justice

AvinashSingh Bhati
abhati@ui.urban.or(202)261-5329

JusticePolicy Center,The Urban Institute
2100 M Street, N.W.WashingtonD.C. 20037
July 31, 2006



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

Abstract

ResearchGoals and Objectives: The maingoal of this projectwasto developan
analyticalapproachthat will enableresearchersanalysts,and practitionersto utilize de-
tailed datedcriminal history information,whensuchinformationis available,in orderto
investigatewhetherandto whatextent,incarcerations ableto deteroffenderdrom future
offending.A secondargoal of the projectwasto demonstrat¢he utility of thedeveloped
frameworkby applying it to a real-worldiataset.

ResearchDesignand Methodology: The methodologydevelopedn this project
buildsontwo traditions.It usesconceptcommonto information-theoryandevent-history
analysis.Whencombined the resultingframeworkallows analystg(i) to estimateindivi-
dual-specificoffending micro-trajectories(ii) to project counterfactuatrajectories(i.e.,
traceout the offendingtrajectoryfor eachindividual had(s)henot beenincarcerated)and
(i) to assestheactualpost-releaseffendingpatternsagainsthebackdropof thesecoun-
terfactuals.The information-theoreticinderpinningf the frameworkalsohelp quantify
theextentof deviationbetweerthecounterfactuadndactualmicro-trajectoriegor eachin-
dividual. Thiscompositestatisticallowsoneto classifyindividuals’incarceratiorashaving
hada deterrent, an incapacitatiee a criminogenic fect on them.

ResearchResultsand Conclusions: Datedarresthistoriesof asampleof prisoners
releasedrom stateprisonsin 1994, collectedby the Bureauof JusticeStatisticsandpub-
licly archivedat ICPSR(Study# 3355), were usedto modelthesetrajectoriesand study
their deflection. Estimatedmodelslargely confirmedexpectations.Upon release peing
later in the offendingsequencexertedan upward pressureon the risk path (trajectory)
relativeto whatwasanticipatedand, all elsebeingequal,beingcloserto prior offending
activity exerteda downwardpressuren thetrajectoryrelativeto the counterfactualMore-
over, a comparisorof the counterfactuabndactualoffendingpatternssuggestshat most
releaseesvereeitherdeterredrom future offending(40%) or merelyincapacitate56%o)
by their incarcerationAbout 4% had a criminogenidiect.
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Executive Summary

BACKGROUND AND OBJECTIVES

Imprisonmentfor any lengthof time, is a life-interruptingevent. The procesof reentry
into societyafteraperiodof incarcerations riddenwith question®f individual sustainabil-
ity, vulnerability, andfear of failure. Therefore identifying andunderstandinghe effects
thatincarceratiorcanhaveon differenttypesof offendersunderdifferentcontextss crucial

to developingstrategieshatminimizeanycriminogenicharm,andmaximizeanydeterrent
benefitsthatresultfrom it. This reportdescribesananalyticalframeworkdesignedo aid

practitioners, analysts, and researchers in investigétiese issues.

It builds on oneof thewell establishec@ndwidely acceptecempiricalregularitiesin
criminology: thelink betweeranindividual’s pastandfuture crime. Criminologistsarenot
in completeagreemenwith regardto explanationf this link. However,nonedenythat
suchcontinuityin offendingis a very realphenomenonTo the extentthatsuchlinks exist,
studyingprior involvementin crime shouldprovide usefulinsightsinto future offending
patterns.This notionis validatedin almostall studiesof criminal recidivism—thatprior
criminal history is one of the best and most consistent predictors of recidivism.

It is alsoa well establishedact in criminology that the rate of offendingincreases
asyouthful offendersagebut that, at somepoint, the rate beginsto decline. Hence,this
non-monotonicshape(first increasinghendecreasing)—termetihe “age-crimecurve’—
is a very predictableaspecibof offendingoverthelife course.Giventhis secondfact, it is
not at all surprisingthatindividuals’ pastinvolvementin crime predictsrecidivismwell.
The total amountof crime accumulatedy any individual at the time of releasecaptures
one aspectof the “age-crimecurve.” However,the secondaspectof this relationship—
the processby which individuals were accumulatingtheir criminal histories—isseldom
utilized in recidivismresearchn generalor for understandinghe effectsof incarceration
in particular.Sinceit canbeanticipatedhatindividuals’ involvementin criminal activities
overthelife coursecanbe characterizedprobabilistically)by a trajectory, thenit should
be helpful to study hovincarceration deflects an individuatigjectory.

With this goalin mind, the objectiveof this researcteffort is to develop,anddemon-
stratethe utility of an analyticalframeworkthat canaid practitioners,analysts,and re-
searcherso:
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e Modelthepre-releaseriminal historyaccumulatiorprocessn orderto characterize,
astrajectoriesthe procesdy which theseindividuals had beenaccumulatingheir
respectivecriminal histories;

e Usethis knowledgeasa way to projectinto the future what could reasonablyhave
beenexpectedof theseindividuals given their past—i.e.,project a counterfactual
trajectory; and

e Usethis counterfactuatrajectoryasa backdropagainstwhich to assesshe actual
post-releaseféendingpatterns.

The frameworkhasthe potentialto help researcheranswera very basicquestion:
How doesincarcerationaffectindividuals? This reportdescribesoneway of addressing
this importantquestionin termsof whether,andto what extent,incarcerations ableto
deflectthe trajectorya particularoffenderis on. In orderfor any analyticalframework
to provide meaningfulinsightsinto this questionit mustconfrontthreerelatedproblems.
First, it needsto be ableto modelindividuals’ trajectoriesusing knowledgeof their past
offendingpatterns. Second,it needsto be capableof projectingtrajectoriesinto the fu-
ture. Finally, it needgo havea mechanisnby which to compareactualandcounterfactual
trajectoriesfor eachandeveryindividual so thattheir incarcerationcan be appropriately
classified as havingad a deterrent, a criminogenic, or an incapacitadfiect on them.

The information-theoretiapproachdescribedn this reportis oneapproachthat of-
fers eachof thesecapabilities. It only requiresthat detaileddatedarresthistories,both
beforeincarcerationand after prison release be availableto the analyst. Moreover, it
providesthe usualstatisticalinferentialapparatusvherebyanalystscan gaugethe sensi-
tivity of their resultsto samplingvariation—i.e.,how differenttheir estimatesvould be
hada slightly differentsamplebeenused. The reportprovidesdetailedderivationsof the
analyticalframeworkand pointsreaderso appropriatesourcesn the relatedeconomet-
ricg/statisticditeratures.

DATA USED

The developedrameworkis testedusing a real world dataset. In early 2002, the Bu-
reauof JusticeStatisticissuedareporttitled Recidivisnof prisonersreleasedn 1994that
reportedon criminal re-involvementof a sampleof roughly 38,000prisonerswho were
releasedn 1994from prisonsin 15 stategLanganandLevin, 2002). The datausedto sup-
port their findingsweresubsequentharchivedat the National Archive of Criminal Justice
Dataat the Inter-UniversityConsortiumof Political and Social Researci{study# 3355).
Thesedatacontaindetailedinformationonupto 99 arresteventdor eachof theindividuals
in the sample. This includestheir pre-incarceratiorarresteventsaswell asarrestevents
within aperiodof 3 yearsafterreleaseln addition,thedataprovidestandardiemographic

X



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

informationon eachof the individualsaswell assomelimited informationon their 1994
release mechanism.

To showhow the developedrameworkmay fruitfully be appliedby researcheran-
alysts,andpractitionershavingaccesdo suchdetaileddatathe BJSrecidivismdatawere
usedasatestbed. The reportdescribedn detail how the datawere restructuredwhat
predictablepatternswere found in the data,and providesdetailedestimatesof the mod-
els. Oncemodeled,the counterfactuatrajectoriesof eachindividual in the samplewere
comparedvith the actualpost-releaseffendingpatternsn orderto classifythe effectthat
incarceratiorhadin deflectingthesetrajectories Finally, thelimited setof explanatoryin-
formationavailablein thesedatawereusedto modelandstudywhatfactors,if any,helped
explainthe kinds of experiencepeoplewereexpectedo have. Unfortunately,this source
providesinsufticient datato makesoundpolicy recommendationaboutwhat factors(or
policy options) can be expectedto maximizethe deterrentbenefits(or minimize crim-
inogenicharm) of incarceration.The resultspresentedn this report,for this part of the
analysis, are intended primarily to showc#se capabilities of the developédmework.

FINDINGS

Despitethe emphasisf this researcleffort beingon the developmenof the framework,
some interesting findings are summarized below.

e Therewasa fair amountof consistencyamongall the pre-prisonbasedmodelsof
the criminal history accumulatiorprocessescrossthe 15 statesanalyzed.For ex-
ample, being further along in the criminal career (i.e., being ataiskhigher arrest
number)andstartingthe careerater (i.e., havinga higherageatfirst arrest)arecon-
sistentlyassociateavith loweredhazardtrajectories.Similarly, all elsebeingequal,
beingcloserto pastarrestclusterss consistentlyassociateavith anincreasedazard
trajectory. Therewas lessconsistencyamongstateswhen modelingthe deviation
betweenthe counterfactuaindactualrearrestrajectoriesafter release.Being later
in thecriminal careemwasfoundto exertanupwardpressuren the offendingtrajec-
tory relativeto the counterfactual Similarly, beingcloserto pastclusterwasfound
to exerta downwardpressure on the trajectory relatii@ethe counterfactual.

e Thecriminal historyaccumulatiorprocescontainedvaluableinformationaboutthe
long-termtrendsin individuals’ offendingpatternsover the life course. The coun-
terfactualtrajectories,basedon estimatedmodelsof the pre-prisonbasedcriminal
history accumulatiorprocessand projectedfor the post-releasgeriod, performre-
markablywell in predictingrearrestsvithin threeyearsof releaseOntheotherhand,
thesesamecounterfactualslo not performaswell whenusedfor makingshort-term
projections.Thefalse-positiveratesareat very high levelsthroughouthefollow-up
period.When updatedavith models of the post-release behavibe models perform
much better.
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End of 3 Year follow-up period —>
Counterfactual Micro-Trajectory

(Criminal History Based)

Criminogenic

Incapacitative

Probability of Failure

Three Hypothetical Micro-Trajectories
(Post-Prison Outcomes Based)

Deterrent

Time Since Release (Years)

Figure A: A counterfactuatrajactorycomparedwith threehypotheticalpost-releaséra-
jectories showingriminogenic, incapacitativend deterrentféects of incarceration.

¢ Information-theoretianeasuresvere developedo quantify and classify the diver-
gencebetweerthe counterfactuaandthe actualpost-releasenicro-trajectoriesFig-
ure A displaysthreehypotheticabost-releasérajectoriesccomparedo a counterfac-
tual and how eachwould be classified. Basedon thosecomputationsandin this
analysisJargeportionsof thereleaseadohortwereclassifiedashavinghadaninca-
pacitative(56%) or a deterreni{40%) experience A smallproportionof the sample
(4%) experiencedriminogenic &ectsas a result of this incarceration.

¢ Usingtheseclassificationssthe criterionoutcome peingolderatreleaseandbeing
closerto pastclustersvereconsistentlyfoundto increasethelikelihood of areleasee
being deterredHaving more prioaccumulatedrrests andhavingalaterage affirst
arrestwere both found to significantlydecreasehe likelihood of a deterrenteffect.
Being released to supervision wiasind not to deter releasees substantially.

e Usingthe averagdog divergencebetweenthe counterfactuahndthe actualtrajec-
tories as the criterion someconflicting findings emerged. However, the effects of
ageatfirst arrestandageat releaseverequalitativelysimilar to whatwerefoundin
the categoricalanalysis. Additionally, femalesexperiencedarger deterrenteffects
compared to similar males.

IMPLICATIONS

Thisresearch gort has important substantivewethodological, and practical implications.

e Substantivamplications Substantivelythe analyticalframework developednhere

xii
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has the potential to shed light on a vemyportant questionHow doesincarceration
affectindividuals? The frameworkallows researcherso determine,or at the very
leastinvestigatethe typesof individualslikely to be deterredoy incarcerationlin a
similarway, it allowsthemto betterunderstandhow incarceratiorcanhavediftering
impacts on the same people at varigtages in their life arfdr criminal careers.

e Methodologicalimplications Whenthe detaileddatedarresthistoriesof a sample
of releaseess availableto researchergjtilizing only one sourceof variationin the
data—thetotal amountof criminal history accumulategbrior to prisonadmission—
when modelingthe risk of future recidivismforcesanalyststo wastevaluablein-
formation and therebyforgo learningopportunities. A secondsourceof variation
availablein thesepre-prisonarresthistories—thegrocesdy which individualswere
accumulatingthesehistories—containgmmenseamountof information aboutfu-
ture offendingpatterns.The information-theoretie@vent-historymodels,developed
in this researcteffort, showhow this knowledgecanbe introducedinto the model-
ing strategyin a very effectiveway. The processby which individualsaccumulate
their pre-prisonarresthistories,typically, havevery predictablepatternghat canbe
modeled. Thesemodelsallow projectionof person-specifienicro-trajectorieghat
traceout the evolutionof rearrestisk had theindividual not beenincarcerated As
such,theyareperfectcounterfactualagainstwhich to assespost-releaseffending
patterns.

¢ Practical Implications Althoughmuchof the softwareneededor the analysiscon-
ductedhereneededo be programmedrom scratchtheavailability of standardsoft-
ware allowing researcher$o utilize information and entropy basedmethodsis in-
creasingapidly. Forexample SAShasintroducedanexperimentaproceduraunder
its ETSmodulecalledPROCENTROPYthatis designedor theestimationof linear
and non-linearmodelsusing the GeneralizedVlaximum Entropy (GME) approach
introducedby Golan, Judge,and Miller (1996). Additionally, LIMDEP—another
populareconometricsoftware—hasecentlyaddedthe GME methodsfor estimat-
ing binary and multinomial logit models.

Softwareneededto estimategeneralizechazardmodelsusing the framework de-
scribedin this reporthereis far from beingdeveloped.In the interim, researchers
andpractitionerswill needto rely onroutinesandmacrosdevelopecandmadeavail-
ableto the public. An Appendixto this reportprovidesa sampleSAS programthat
wasdevelopedo estimate the models presented in this report.

FUTURE RESEARCH

As aresultof this researctleffort, andbasedon the findingsreportedin this report,some
recommendations for future research can be enumerated.
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e Theemphasisn thisresearcteffort wason developmenof theanalyticalframework
anddemonstratiorwith anapplication. Comparisorof the developedrameworkto
existing andrelatedapproachesemainsto be doneas doesthe work of assessing
the framework’sperformanceusingartificially generatediata. Suchsimulationex-
ercisesarecrucialto establisithe credibility of the modelingapproachaswell asits
performance relativeo others.

e Theframeworkcanalsobe fruitfully extendedo studythe trajectoriesof multiple
typesof repeatableeventssuchas offendingand drug useover the life-course,or
offendingandemploymentetc. Suchanalysesavethe potentialof sheddindight
on howincarceration can interrupt tte-evolutionof these interrelated behaviors.

e Theframeworkcanalsobe extendedo study how otherinterventionsnot just in-
carcerationmay deflectthe trajectoriesof offending. For example,the effects of
participationin varioustreatmenfprogramsmay be quantifiedin termsof the pro-
gram’sability to deflect individualsbffendingtrajectories.

Xiv



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

Chapter 1

Background and Motivation

Imprisonmentfor any lengthof time, is a life-interruptingevent. The processof reentry
into societyafteraperiodof incarcerations riddenwith question®f individual sustainabil-
ity, vulnerability, andfear of failure. Therefore identifying andunderstandinghe effects
thatincarceratiorcanhaveon differenttypesof offendersunderdifferentcontextss crucial

to developingstrategieshatminimizeanycriminogenicharm,andmaximizeanydeterrent
benefitsthatresultfrom it. This reportdescribesananalyticalframeworkdesignedo aid

practitioners, analysts, and researchers in investigétiese issues.

Oneof thewell establishe@ndwidely acceptesgmpiricalregularitiesn criminology
isthelink betweeranindividual’s pastandfuturecrime?! Criminologists howeverarenot
in agreemenasto theexplanatiorfor thispersistencen and,moreinterestinglydivergence
from criminal behavior.Duein largepartto the publicationof the 1986NationalAcademy
of Scienceseporton criminal careersandcareercriminals(Blumstein,Cohen,Roth,and
Visher,1986),thelastthreedecadehaveseena surgein researclactivity thathassought
to theorizeand explaincontinuity and changein crime aswell asto inform policy of the
appropriategole incarceration can and should play in crime control.

Thetheoreticadebateandtherelatedempiricaldebatecentersonthecausalinterpre-
tationattributedto thelink betweerpastandfuture crime. Somecriminologistsarguethat
this link is simply a manifestatiorof a constantunchanging)criminal propensitywhere
othersarguethat the link betweenpastandfuture crime is causal. The policy relevance
of this debateis obvious: To the extentthat an individual’s relative criminal propensity
is “fixed”, incarcerationcanandshouldplay only anincapacitativerole. If, on the other
hand,an individual’s relative criminal propensityis not “fixed”, thenincarcerationcould
serveasa deterrentandpossibleturning point to desistancérom crime. See,amongoth-
ers, Hirschi and Gottfredson1983; Farrington1986; Sampsorand Laub 1990,1993;and
Piquero Farrington,andBlumstein2003for reviewsof thetheoreticabndmethodological

Lovertwo-thirdsof individualsreleasedrom prisonnationwide for example wererearrestedor a new
crimewithin threeyearsof releasgLanganandLevin 2002). Whenattemptingto explainsuchhigh recidi-
vismrates, researchers typically find that releaseegfainal histories are the most reliable predictors.
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issuessurrounding the criminal career paradigm.

As apointof departurethisresearcleffort acknowledgethepossibilitythatincarcer-
ationcould haveanincapacitativea deterrentpr a criminogeniceffecton everyreleasee.
In this report, | explainand demonstratehe utility of applying an eventhistory-based,
information-theoretienethodfor modelingthe detailedcriminal historyaccumulatiorpro-
cesf everyreleaseand,furthermore for usingthis processasa backdropagainstwhich
to analyze and understand the releaspest-prison fendingbehavior.

Although the developedanalytic frameworkhasmultiple uses,herel haveutilized
it for a very specificpurpose:to compareeveryreleasee’post-prisonand pre-prisonof-
fendingmicro-trajectoriesn orderto assessvhetherthis incarceratiorepisodehadanin-
capacitative a deterrentor a criminogeniceffect on eachof the releaseesn the sample.
Theoretically,theseclassificationscanthen be linked to individual, contextual,and pol-
icy relevantvariablesin an attemptto understandvhat factorsarerelatedto thesethree
typesof experiences.The researcleffort wasaimedmainly at developingthe analytical
frameworkand not at providing any specificpolicy recommendationsFortunately,suf-
ficiently detaileddatawere availablefor the first part of the analysis—i.e.modelingthe
detailedcriminal history accumulationprocessand comparingthe pre-releaseand post-
releasemicro-trajectories.The detailedexplanatorydataneededor the latter half of the
analysishoweverwerenotavailable.Thereforepnly alimited setof resultsarepresented
anddiscussedherein orderto demonstratéow this approachmaybe helpful to practition-
ers.

This researcteffort builds onprior researcton recidivism, generallyandpost-prison
recidivismresearchspecifically,althoughthe emphasiss different? Its goal wasnot to
developmodelsof recidivismaspredictiontools (per se). Rather,its goalwasto develop
toolsfor estimatingandcomparingareleasee’sictualpost-prisoroffendingtrajectorywith
(her)hiscriminal history-baseaounterfactuabffendingtrajectoryfor the sole purposeof
answeringthe question: “How, if at all, hasthis incarcerationexperiencedeflectedthe
trajectory (path, career)the offenderwason?” Sincethe offender,in question,wasin-
carceratecand had (her)hiscareerinterrupted,the pre-prisonoffending micro-trajectory
is termeda counterfactuabecauseave neveractually observewhat this individual would
havedonehad(s)henot beenincarcerated.The strategydevelopedereis a flexible way
of usingall availableknowledgeaboutprior offendingpatternsto makeinferencesabout
post-prison ffending trajectories.

Thisideais not new. Bushway,Brame,andPaternoste(2004:97),for example hote
that“... [P]re-existingratesof offendingat the time of incarceratiorwould be a perfect

2Thereexistsa significantliterature on modelingcriminal (or other)recidivism using fully- and semi-
parametricsurvival-type duration modelsfrom single or multiple (split) populations. Maltz (1984) and
SchmidtandWitte (1988)areauthoritativeearly textson thistopic. More recently,researchersavebegunto
link theseapproachesvith the studyof desistancérom criminal careerdBrame,BushwayandPaternoster,
2003;Bushway,Brame,andPaternostei2004)usingprobabilisticdefinitionsof desistanceThe aim of this
researcteffortis to developtools for understandinghe effectsof incarcerationon post-releaseftending
behaviorclassify these effectand investigate their correlates.
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control for individual heterogeneity.” But, two individuals with exactly the samepre-
incarceratioroffendingratesmayhavebeenon differentlyslopedtrajectoriesat thetime of
incarceratiorand,givenvaryinglengthsof time servedn prison,couldbereleasedtvery
differenttimesin their liveg/careers.The analyticalstrategydevelopechere,in utilizing a
projectedcounterfactuafor eachand everyindividual, is a flexible and robustmeansof
explicitly taking these dferences into account.

The methodologicathallengdies with developingthis counterfactuaandin assess-
ing whether,andto whatextent,the (actual)post-prisoroffendingtrajectorydeviatedrom
the counterfactuahnd subsequently classifying the incarceration experiancerdingly.

Identifying and understandinghe correlatesof thesedistinct experienceshouldbe
of tremendoudelp to correctionalauthoritiesin reentryplanning. Knowledgeaboutthe
typesof releaseefikely to experienceriminogenicor deterreneffectsasa resultof their
incarcerationfor example could be usedin the developmenbf supportsystemsiesigned
to fosterpositivereentryexperiencesandcould be a crucial ingredientto individual suc-
cesses, and ultimately to the promotion of public health and safety.

Crucialto theproposednalyticapproachs theavailability of thecalendadatesof the
criminal eventsthat constituteanindividual’s pastcriminal record,aswell asthe datesof
post-releaseriminal eventswithin thefollow-up period. This projectreliedontherecently
releasedBJSstudydocumentinghe detailedcriminal histories(asmeasuredby arrests)of
asampleof approximately38,000offendergeleasedrom stateprisonsacrossl5 statesn
1994. Thesedatawere collectedby BJS and are publicly availableat NACJD (ICPSR).
Unfortunately,thesedatado not provide the kind of detailedinformationthat would be
neededto make recommendationsegardingspecific policy optionsthat may affect the
likelihood of incarceratiorbeinga deterreni(ratherthanmerelyincapacitativeor actually
criminogenic). To the extentthat stateandlocal authoritieshaveaccesdo suchdetailed
data,theanalyticalframeworkexplainedn this reportcanbeappliedin a straightforward
manner.
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Chapter 2

The Analytical Framework

As notedin the previouschapter,the basicchallengeresearchersr practitionersfacein
assessinghe effectsof incarceratioron a particularreleasees two-fold. First, they must
decideon an appropriatemeasurethat quantifiesthe outcomethey wish to assess.For
example,they may wish to assesshe effectsof incarceratioron the risk of post-release
relapseinto crime, chancesf post-releasemployment,or the risk of relapseinto drug
use, etc. Having decidedon an appropriateoutcome,they mustthen developplausible
counterfactualfor thepostreleaseeriod. Theeffectsof incarceratiorcanthenbeassessed
using this counterfactual.In this report, | restrictattentionto the risk of recidivism (as
measuredy rearrest)asthe outcomeof interest. Extensiongo othertypesof outcomes
andpr multiple outcomes are possible and left for future work.

The challengeof developingplausiblecounterfactualshenboils downto developing
estimate®f eachindividual’s risk of recidivismfor thefollow-up periodhadtheynotbeen
incarcerated.If suchanestimatecanbe developedhenonecancompareeachreleasee’s
actualpost-releaseffendingbehaviorto this counterfactuahndusethisasawayto classify
thereleasee’'sncarceratiorexperiencelncarceratiorcanbe classifiedashavinghada de-
terrent,incapacitativepr acriminogeniceffecton arelease@ependingonwhetherhis(her)
risk of recidivismis found to be lowerabout the same, or higher than the counterfactual.

Unfortunately,howevertherisk of recidivismis not a staticbut a dynamicmeasure.
Quantificationof the risk of recidivism(statementabout“how much”) mustbe accompa-
nied, implicitly or explicitly, by statementgbout“when”. For example,a statementike
“personAs risk of recidivismis 20%” saydlittle withoutthe qualificationthatthis pertains
to a2 yearfollow-up periodafterrelease Thereforewhatis neededs are-definitionof the
outcomeof interestaswell asits counterfactuain termsof a dynamicfunctionquantifying
the evolutionof therisk of recidivismovertime ratherthana staticmeasure Fortunately,
techniquedor the analysisof durationdataoffer a variety of ways of linking the risk of
recidivism withtime or agetherebyallowing theestimationof this dynamicoutcome.The
remainingchallengeghen areto (a) developa dynamic counterfactuamicro-trajectory
for eachindividual in the sample,and (b) developwaysto testfor differencesetween
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the actualand counterfactuamicro-trajectories.By comparingdynamicoutcomes—the
micro-trajectories—wavould in fact be comparingwhetherincarceratiorhasalteredor
deflectedhe trajectory (the career path) a particular releaseeowas

In this chapter,l explainan information-theoreti@pproachthat canbe usedfor (i)
developinghesecounterfactuamicro-trajectoriestilizing detailedinformationaboutpast
arrestpatternsand(ii) testingwhetheror notthepost-releasé&rajectoryis, in somesensegto
be describedater), better,worse,or aboutthe sameasthe counterfactual. Therefore the
effectsof incarceratiorare classifiedbasedon whetheror not incarceratiorhasdeflected
“sufficiently” anindividual from his(her)own counterfactuabnd,if so, whetherthis de-
flection is for the better or the worge terms of the outcome of interest.

Thechapteiis organizedasfollows. | beginby developingnformation-theoretienod-
els of offendingtrajectoriesusing detaileddatedarrestrecordsof a group of offenders.
Thesemodelscanbe appliedto retrospectivg historical) dataaswell as prospectivese-
guence®f events.The datedarresthistoriesallow detailedmodelsof therisk of eachsuc-
cessivaarrestnumber(e.g.,thefirst, secondthird, andsoforth) atall ages.Onceestimated
usingretrospectivecriminal historiesprior to prisonadmissionthesemodelsthenallow
projectionof therearrestisk trajectoriedor eachindividual giventheir ageat releaseand
therearresnumberthey werethenat risk of. Theseprojectionsform the counterfactuals
againstwhich the actualrearrespatterngpost-releaseganbe assessed-inally, | develop
thetests of the divergendeetween the actual and counterfactontro-trajectories.

Thefollowing conventionswill be usedthroughouthis report. Scalarquantitieswill
bedenotedy italicizedletters(x,) or greeksymbols(By) with appropriatesubscriptsCol-
umn vectorswill be denotedby bold unitalicizedletters(x,) or symbols(f,), againwith
appropriatesubscriptsaas needed.Row vectorswill be denotedwith the transposef the
columnvectors(e.g.,x;). Finally, matriceswhereneededwill be denotedby bold unital-
icized andcapitalizedetters(X) andsymbols(®). How scalarsaregatheredo construct
vectorsandhow vectorsaregatheredo constructmatriceswill be madeexplicit whenthe
relevantquantities are defined.

2.1. A SIMPLE NON-PARAMETRIC MODEL

Considerasa pointof departurethefollowing problem.We haveavailabledetaileddated
sequencesf events(arrestsyor a groupof individuals. To be concrete] will restrictthe
explanatioranddiscussiorto arrestsequencealthoughthe modelsarejust asapplicable
to otherevents.Also, thesequenceanbe prospectiveor retrospectivdistoriesof a partic-
ular cohort.Here,| will first developthe frameworkfor theretrospectivénistoriesof arrest
eventsprior to prisonadmission.The cohortof interestthereforejs a sampleof prisoners
releasedht a particulartime. For example,the cohortof interestfor the applicationdis-
cussedn thisreportwill beasampleof prisonergeleasedrom stateprisonsin 1994.1t is
assumedhat detailednformationpertainingto thepre-prisorarrest historieareavailable
for eachof the individualsin the samplein additionto datedre-arrestevent(s)within a
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finite window after the current release.

Detailedinformation pertainingto eacharrestneedto include, at a minimum, the
dateof the arrestandits orderin the sequencéi.e., arrestnumberl, 2, 3, etc.). Detailed
informationpertainingto the individualsneedto include,at a minimum, the dateof birth
of the individual. This minimal amountof informationis neededin orderto construct
sequencesf agesateachsuccessive arresvents.HardingandMaller (1997)referto this
sequencingsindividuals’ arrest profiles. Assumethat suchprofilesexist for the period
before incarceration and for a fixperiod after release.

Giventhata prisonreleasecohortis likely to havevariationin the ageat releaseand
variationin the amountof time servedin prison, it canbe expectedhat this cohortwill
havehadvaryingamountsof time betweertheir birth andthe last prisonadmission(from
which theyarereleasedn 1994). Therefore we canexpectto haveavailabletwo sources
of variationin thedata.First, we canexpectsuficientvariationamongtheindividualswith
respecto thenumberof arrestsaaccumulategbrior to prisonadmission—i.e.the“amount”
of criminal history accumulated Secondwe canexpectvariationin the way thesearrest
historieswere accumulated—i.e.the criminal history accumulation‘process.” In most
criminal recidivism researchthe total amountof criminal history accumulatedprior to
releasds a very strongdeterminanof future arrestrisk. However,with few exceptions,
researchergypically do not utilize the full variationin the criminal history accumulation
processwhenassessinduture rearrestisk.! In the analyticalapproacthdevelopecdhext, |
makefull use of this second source of variation.

First, somedefinitions. Let a,, denotethe ageof the nth individual when(s)hewas
arrestedfor the rth time. The subscriptn = 1,...,N is usedto index individuals and
r =1,...,R, is usedto index arrestevents. Eachindividual canhavea differentnumber
of total arrestsin the sequencghencethe limit R,). Let usrestrict,for the moment,the
derivationonly to the pre-releas@ortionof the arrestprofiles. This meansve do not have
to dealwith censoring—thdast arrestin eachindividual’'s sequencavaswhat got them
into prison for theR,th time. After that, theywere not at risk of anynore arrests.

Next, let us artificially discretizethe continuous'age at arrest”variable. Thatis, for
M mutually exclusiveandexhaustiveartificially definedintervals(saymonthly, quarterly,
etc.), let us define the followinqummy variables

VYne N;re R,yme M. (2.1)

Yo = 1 if am € (zn-1,2m)
™7 1o otherwise

However therearesomeexceptionsVisher,Lattimore,andLinster(1991),for example applydeclining
weightsto prior arresteventstherebygiving more relevanceto arresteventsin the recentpastand lower
relevanceo arresteventsfrom the moredistantpast. This allows themto developa morerefinedcriminal
history scoremeasurehat they thenuseto model/predicffuture crime. However,this scoreis still a static
measurehat doesnot allow oneto computea counterfactuabffendingtrajectoryagainstwhich to assess
post-releaséehavior.In fact, any scoredevelopedy a weightedor unweightedcombinationof prior arrest
eventscan only providea static measure and cannot be used to construct a dynamic counterfactual.
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Table 2.1: An exampleof creatingthey,, andd,, flagsfrom arrest

profiles.

VA Y4) Z3 Z Z5 Z Z Z3 Z9

0 5 10 15 20 25 30 35 40
n r am yr 1n Yr 2n Yr 3n yr an YrSn Yr 6n yr n yr8n Yr9n
1 1 19 0 0 0 0 1 0 0 0 0
1 2 25 0 0 0 0 0 1 0 0 0
2 1 17 0 0 0 0 1 0 0 0 0
2 2 23 0 0 0 0 0 1 0 0 0
2 3 37 0 0 0 0 0 0 0 0 1
n r amn drln dr2n drSn dr4n CIr5n dr6n dr7n dr8n CIr9n
1 1 19 1 1 1 1 1 0 0 0 0
1 2 25 0 0 0 0 1 1 0 0 0
2 1 17 1 1 1 1 1 0 0 0 0
2 2 23 0 0 0 0 1 1 0 0 0
2 3 37 0 0 0 0 0 1 1 1 1

In effect, we are creatinga setof M binary dummy variablesfor eacharresteventfor
eachindividual at eachage? Consider,next a positive quantity, denoteds,,, that we
believethis setof dummyvariablesrepresent.We canthink of the actualoutcomesasa
noisy (imperfect)manifestatiorof someunderlyingreality thatwe wish to recover.Given
the assumptiorof imperfection,we canonly link theseunknownquantities(Smy) to their
observedtounterpartsy(mn) as approximationslherefore, let

Yrmn & Srmn vr,m,n. (2.2)

Sofar we haveassumedhat eacheventis a distinct outcomewithout regardto their
order. To build in the orderof the eventswe needto definea correspondingetof dummy
variableghat flag whether or not a particular evénpossible at a particular ageet

1 if -

ey = "Zm € (_a(, 1 8m) Vne N;r e R;me M. (2.3)
0 otherwise

Here,unlike (2.1),we arecreatinga setof dummyvariabledlaggingthepossibilityof each

arresteventfor eachindividual at eachage. An exampleof whatthesedummyvariables

would look like for two arrest profiles is givem Table2.1.

Note, this is only for developingthe model. As will be explainedbelow, the artificial discretizationof
the continuous variabl#ill be removedand the full variatiorin the continuous age will be used.

8



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

Individual 1, for example wasarrestedor thefirst time atagel19 andfor the second
time at age 25 after which this individual enteredprisonandwasreleasedas part of the
1994 releasecohort. Therefore,yimn = Yis1 = 1 andy;m; = 0Vm # 5. Similarly,
Yrmn = Y261 = landy,m; = 0 Vm # 6. Letsturn nextto the d flags. For thefirst event,
OJrmn = dim1 = 1Vm < 5 andaresetto O Ym > 6. This is becausehe individual is not
at risk of beingarrestedor the first time after (s)hehasbeenarrestedor the first time.
Theindividual is now at risk of beingarrestedor the secondime,i.e., dyn = domy = 1
¥m € (5,6), until (s)heis arrestedfor the secondtime. After thatthe individual enters
prison for the last time before being released in 1994.

Havingdefinedthetwo interrelatedsetsof dummyvariables)et uscombinethem.To
do so, let us pre-multiply both sidesof (2.2) by the d.m, flags, sumacrossall individuals
with thesame andm, andassumehatthisaggregationvashe®utall theimperfectionsin
otherwords,eventhougheachy;n,, areonly imperfectmanifestation®f the corresponding
Smn. let their sumswithin r and m be perfectly preserved.This allows us to convertthe
inequalities into the followingqualities:

Z drmnyrmn = Z drmnS’mn vr,m. (2-4)
n n

Finally, if we assumehatsm, = sm Yr, m, i.e., thatthis quantityis fixed within eachr and
m pairs, then we can sohexplicitly for each of these unknowguantities to get

S( — Zn drmnyrmn
" Zn drmn

Since an eventoccurs(i.e., yrmn = 1) only when an individual is at risk of that event
occurring(i.e., dmn = 1), we seethatthe numeratorof this ratio is merelythe numberof
individualsbeingarrestedor therth time within themthageinterval. Thedenominatorpn
the otherhand,is merelythe numberof personghatwereatrisk of beingarrestedor the
rth time duringthemthageinterval. This quantityis, of course afamiliar one.In statistics
andeconometricst is referredto asthe hazard(rate)andin demographyt is referredto
asa Parity ProgressiorRatio (PPR)? The derivationin (2.5) is in fact a nonparametric
estimateof the hazardof the rth eventoccurringduring ageinterval m (or the probability
of progressing to the negtvent,conditional on being at risk of that progression).

Visually, this conceptcanbestbe explainedby meansof the Lexis diagramin Fig-
ure2.1,wherethe criminal historyaccumulatiorprocesf five hypotheticabffendersare
shown? Eachdiagonalline represents releasee’dife prior to the currentincarceration.
Thefilled blackcirclesrepresenarresteventgwith thearresmumbersndicatedalongside
them),and a hollowcircle represents the arrest that resulted in the current incarceration.

vr, m. (2.5)

3SeeChapter9 in Hinde (1998) for a generaldiscussionof PPRs. SeeFeeneyand Yu (1987) and
Bhrolchain (1987) for applications of PPRs to changes in fertility patterns.

4Seethe Maltz andMullany (2000)for otherinterestingwaysin which this informationcould be visual-
ized.
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Figure 2.1: Lexis Diagramshowingthe Criminal History AccumulationProcessof five
hypotheticalbffenders entering prison

Now considerthe rectangularegion(ABCD). This regioncontainsthe criminal ac-
tivities of thefive hypotheticaloffendersduringtheir 15 to 20-yearlife-phase.Sincethere
wereno criminal activities(for this group)prior to thatage wefind thatall five personsare
atrisk of initiating their criminal careerat agel5 (i.e., Y., dmn = 5). Next, we notethat,
of these pnly threeactuallycommittedtheir first crime during this phaseof their life (i.e.,
> ndmnyYmn = 3). This allows usto computethe PPRfor the first progressior{initiation)
by age20 for this group of peopleas s;,, = 0.6. In a similar manner,we may compute
the PPRfor the first progressiorduring otherlife-phasesandwe may computethe PPR
for subsequenprogressionsluring this and other life-phases.In essencefor any given
sample,we may usedetaileddatedcriminal historiesto constructPPRsthat characterize
thesample members’ criminal history accumulation process.

The point of this analyticalandgraphicalderivationwassimply to demonstratehat,
when combinedwith the setof dummy variablesd,,,, any manipulationof the left and
right handsidesof (2.2) will yield constraintson the valuesthe hazardcantake. In fact,
this samederivationcanbe extendedvithout changeof notationto includecensoreaases.
We only needto defined,,, to be 0 afterthe eventhasoccurredor if theindividualis no
longerbeing observed,.e., the caseis censored.Note that for censoreccasesy;mn will
alwaysbe 0 because we never see the event occurtitayvever,between the — 1stevent
andthetime of censoringthisindividual will contributetowardsthedenominatoof (2.5).

In the exampleprovidedin Table2.1,1 used5-yearintervals. In fact, onecanuseas
smallanintervalasonedesires.For example whenstudyingageprofilesasmeasuredn
year,onecandefineintervalsassmall asa quarteror a month. However,computationof
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the nonparametri®®PRor hazardbecomesnore unstablebecausave end up with many
empty cellsandmanycells wherethe denominatoiis 0. This suggestsnoving towardsa
parametridormulationof the problemwhich allows a flexible functionalform linking the
hazards across persons, ages, and euanbers| turn to that formulation next.

2.2. A SEMI-PARAMETRIC INFORMATION-THEORETIC APPROACH

Insteadof assuminghat s, = Sm VN, supposewe allow the hazardto vary acrossn, m,
aswell asr. Whatwe neednow is someway to imposestructureon the model. Consider
the minimal setof variableswe haveavailablein Table2.1: z,, = the agegrid pointsjust
defined,andr = the eventnumber. A simple way to imposestructureon the modelis
to weight both sidesof the approximation(2.2) with z,, andr andtakethe weightedand
unweighted sums across all This yields the followingwo equations:

Z Z zr‘rwdrmnyrmn = Z Z Zmdrmnsrmn (2-6)
m

m rmn m

D1 Zalmyimn = D1 > ZaGhnSmn (2.7)

m m rmn m

Unfortunately,unlesswe makesomeassumptiongbouts,,, we cannotproceedo solve
for their valueslike we did in the non-parametricase.However,underthe Information-
theoreticapproachto bedevelopedelow,we canrecoverinformationaboutthe s, with-
out making anya-priori assumptions about the form ®f,,.

Beforeproceedingo that,however,| generalizeghe problemto includeanexpanded
setof explanatoryvariablesthat canvary acrossindividuals, events,andtime. As in all
momentbasedmethodshowever,it is still assumedhat the variablesin this setare not
perfectlycorrelated.

2.2.1. Setting up the basic problem

Supposédhereexista setof K event- andoerson-specifiattributes(denotedxy,,) thatwe
believearepartof the mechanisngeneratinghe outcomes—i.e partof thehazardmodel.
Minimally, this would includer andz, asshownabove. How do we introducetheseat-
tributesinto the model? As explainedin the previoussection,introducingthe order of

eventwas accomplishedsimply by pre-multiplying both sidesof (2.2) by the flags d.

Introducingattributescanbe donein muchthe sameway, asexplainedabove.Thatis, we
canpre-multiply both sidesof (2.2) by the correspondingl,, flags,the artificial discrete
supportpoints z,,, aswell asthe availableattributesx,,, and aggregateacrossm, r, and
n in orderto convertthe inequalitiesinto equalities. This yields the following K equality
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constraints:

D Xan ) ZohncYmn = D X ) ZnGhmnSmn Yk € K. (2.8)
m m m m

where ,we assumehattheattributesncludesa columnof 1’'s. Notethateacheventcanoc-
curonly oncein anindividual’s lifetime (e.qg.,the4th arrestcanonly occuronce)andsince
we aredealingwith the uncensoredecords(pre-prisoncriminal histories)we canassume
thatnoneof the at-risk periodsendwithout anevent. In otherwords, 3, ZndrmnYrmn = @m
vr,n on the left handside (LHS) of (2.8)> But the approximationis merely a result of
our artificial discretizationof the continuousagevariableand by makingthe discretein-
tervalsarbitrarily small we, in fact, approachthe continuousvariable. Therefore we can
replacetheterm ., ZndrmnYrmn ONthe LHS with theactualcontinuousagevariablein order
to utilize the full variationavailableto us. This allowsus to re-write these constraints as:

Z Xkrn@rn = Z Xirn Z Zmdrmnsrmn Yk e K (2-9)
rn rn m

We now have,whatis termed,anill-posedinversionproblem—moreaunknownsthan
equationdinking them(Levine,1980).In thenon-parametribazardnodelcasewe solved
thisproblemby assuminghatsm, = Sm Ynandwe only summedvithin eachr andmpairs.
In otherwords,we hadexactlythe samenumberof unknownsaswe hadconstraintsThat
allowedusto explicitly solvefor a particularsolutionby invertingthe quantitymultiplying
eachsn, on the right handside (RHS) andtaking thatto the LHS. Here, the problemis
ill-posed. We havefar more unknownsthanwe haveconstraints.How do we solve this
ill-posedproblem?

2.2.2. Information Theory: A brief digression

EdwinJayneg1957a;1957b),in aseriesof influentialpapersn statisticaphysicgproposed
asolutionto sucha problemprovidedthatthe unknownquantitiesarein theform of proper
probabilities. He proposedhat when facedwith a problemthat haspossiblyan infinite
numberof solutionswe shouldchoosethe onesolutionthatimplies maximumuncertainty
while ensuringhattheconstraintgevidencepresatisfied.Thatway, wewill bemakingthe
mostconservativgsafe)useof the evidence Jayneg1982)providesaxiomaticderivation
of the rationale underlying this approach.

Of course,for it to be operationalizedywe needsomequantificationof uncertainty.
Within the contextof a problemin communicationtheory, Shannon(1948) definedthe
uncertaintycontainedin a messagevith J mutually exclusiveand exhaustiveoutcomes
asH = -3 p;log p; andtermedit Information Entropy. Here p; is the probability that
we will observeeventj from the setof J possibleevents.In whatcameto be known as

SExtending this to censored cases is tridall will be discussed later.
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the Maximum Entropy formalism (or the principle of insuficient reason),Edwin Jaynes
proposedo use Shannon’'sEntropy asthe criterion to maximize,subjectto all available
constraintsin order to deriveconservativenferences from the evidence.

In addition, if we have somenon-sampleprior information aboutthe probabilities
{p?}, thenan equivalentproblemis to minimize the Kullback-Leiblerdirecteddivergence,
or CrossEntropy,betweerthe prior andthe posteriomprobabilities(Kullback, 1959;Good,
1963). The CrossEntropyis definedasCE = 3}; p;log(p;/p)) if p arethe priors. Fur-
thermore|if the prior probabilitiesp? areassumedo be uniform, thenthe CrossEntropy
formalism reducesto the Maximum Entropy formalism. Not surprisingly, both the CE
andthe H objectivesare relatedandreally specialcasesof the family of CressieRead
powerdivergencemeasure$Cressieand Read,1984). Notwithstandinghe diversetypes
of constraintghattheorymay suggeste.g.,geometricnoment,higherordermoment,in-
equalityconstraintsetc.) andwhetheror notwe believetheir sampleanalogsaremeasured
with noise,this methodof usinginformationin a sample(evidence)to recoverinforma-
tion aboutsocial,economic,or behavioralphenomenoralls within the growing field of
Informationand EntropyEconometric$

Thekey requiremenbf this formulationis thatthe unknownsbe properprobabilities
(i.e., non-negativequantitiesthat sumto one). This is because&Shannon’entropy,aswell
astheKullback-Leiblerdirecteddivergencaneasuresaredefinedin termsof properprob-
abilities. Zellner (1991) and Zellner and Highfield (1988) havedevelopedhis approach
extensivelyin the econometricdield to derivea generalclassof distributionsthat satisfy
variousside conditions (constraints) that may be suggéptedidedby economic theory.

In animportantextensionof their work, Ryu (1993),usedthis sameprinciple to de-
rive regressionfunctionsratherthan probability distributions Ryu (1993) showedthat if
the unknown quantitiescan be assumedo be non-negativethen the applicationof the
Maximum Entropy (or Minimum CrossEntropy) principle can, undersuitableside con-
ditions (constraints)yields a large numberof functionalforms. Using the exampleof a
productionfunctionwith 2 inputs(CapitalandLabor),Ryu (1993)derivedthe Exponential
polynomial,the Cobb-Douglasthe Translog,the GeneralizedCobb-Douglasthe Gener-
alized Leontiff, the Fourier flexible form, and the Minflex-Laurent Translogproduction
functions simply by manipulating the side conditions.

It shouldalso be notedthat utilizing the maximumentropyformalism simply with
non-negativequantities—thamay not be properprobabilities—isnot, however,entirely
new. Similar approachesareusedin thefield of imagereconstruction.See,for example,
Gull andDaniell (1978),Gull (1989),and Donoho,JohnstoneJoch,and Stern(1992)for
detaileddiscussions.

SFor recenttheoreticandappliedwork in this field, seethe 2002 specialissueof the Journal of Econo-
metrics(Vol 107, Issuesl&?2), Chapterl3 of Mittelhammer,Judgeand Miller (2000), the 1997 Volume
(12) of Advancesn Econometricditled “Applying Maximum Entropyto EconometricProblems,”andthe
Golan,JudgeandMiller (1996)monographSeealsoMaasoumi{1993),So0fi(1994),andGolan(2002)for
historicaldiscussions and general surveys.
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2.2.3. Aninformation-theoretic solution to the basic problem

This bringsus backto the problemat hand. The evidencewe haveis in the form of the

constraintg2.9) andour unknownsarein the form of non-negativdhazards—preciselthe

kind of problemfor which the Maximum or CrossEntropy formalism could be applied
very profitably. However,unlike Ryu (1993),whereeachof the unknownsarecompletely
unrestrictedotherthanbeingnon-negative)in our case someof the hazardsarejust not

possible. Hence,following Ryu (1993), | definea genericCrossEntropy problem but,

additionally,| introducethed,, flagsinto theobjectivefunction. This ensureshathazards
correspondindo periodswhenindividualsarenot at risk of a progressiorwill in no way

influencethe objectivebeingoptimized. This modifiedinformationrecoveryproblemcan

bewritten as:

min CE= Z drmn{srmn log(Smn/ S?mn)} (2.10)

rmn

subjectto the constraintsof (2.9). Here .. is an arbitrary non-negativequantity repre-
sentingour prior stateof knowledge. This is a constrainedptimizationproblem(in the
unknownhazardss,) that canbe solvedby variationalmethods. The primal Lagrange
function for this problem is:

L = Z drmnSrmn 109(Srmn/ s?mn) + Z a’k{ Z Xkrn@n — Z Xkrn Z Zmdrmnsrmn} (2.11)
™ m m

rmn k

whereay arethesetof K LagrangeMultipliers correspondingo the constraintg2.9). The
first order conditions for this problem can be written as:

0L
0Smn

= drmn |09(Srmn/89mn) + drmn - drmnzm Z Xkrn@k = 0 vr,mn, (2-12)
K
so that canceling thé,,, termsand solving fors, yieldsthe general solution:

Smn = S(')mn exp(zm Z XkrnQk — 1) vYr,m,n. (213)
k

If we assumehat s, = exp(1)thenthis yields a simplelog-linearsolutionfor the
hazard Thatis, we getlog Simn = ZnX[,e ¥r, m,n.” Otherassumptionarepossibleandwill
yield differentsolutions.More on this later.

Notethatwe canalsousethegenerakolutionof (2.13)backin theprimal constrained
optimizationproblem(2.11) to derive a dual unconstrainedoptimizationproblemin the

"Herexm = (Xum, - - - » Xkm) anda = (ag,..., ak)’ aretheattributesandLagrangeMultipliers writtenin
vectornotation so thax;,a = Xy Xirak VI, N.
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unknownLagrange MultipliersBy inserting this solution into the primal problem we get

Zz = Z drmnS’mn(Zm Z Xkrn@k — 1) + Z a’k{ Z Xkrn@rn — Z Xirn Z dmmzmS‘nrn}
rmn k k m m m
= Z a/kxkrnzmdrmnS'mn - Z drmnSrmn + Z Ak Xirndrn — Z a’kxkrnzmdrmnsrmn
krmn rmn krn krmn
= Z KXk — Z OrmnSmn = ¢ (2.14)
krn rmn

Giventhatthe solution(2.13)is a function of the unknownLagrangeMultipliers ay,
(2.14)is simply an unconstraineabjectivefunction that needsto be maximizedwith re-
spectto the unknownquantitiesay. Thatis, minimizingthe objective(2.10) with respect
to theunknownss, subjectto the constraintg2.9)is identicalto maximizingthe dualob-
jective (2.14)with respecto the unknownsay. Additionally, the dualis anunconstrained
optimizationproblemthereforeconventionakoftwarethatcontainunconstrainedptimiza-
tion routines (e.g., SAS, GAUSS®ic.) can be used to soluéis problem.

The dual objectiveis a non-linearfunction that mustbe maximizedwith respectto
the parameterectora. As such,it falls underthe generalclassof extremumestimators.
The consistencyand asymptoticnormality of theseestimatorscan be establishedunder
fairly generalregularityconditions(Mittelhammer,Judge andMiller, 2000,pg 132-139).
However,asis evident,the objectiveignoresthe clusteringof observationsithin anin-
dividual. Thatis, individualsthat havemultiple arresteventsare treatedas contributing
multiple independenpiecesof informationto the objective. Thistypically resultsin biased
(downwardspsymptoticstandarcerrorestimatesnisleadingusinto beingoverly confident
aboutour parameteestimates.To correctfor this bias,following Ezell, Land,andCohen
(2003), I constructand utilize a modifiedsandwichvariance estimator Sandwichesti-
mators(Huber,1967; White 1980)are now very commonlyutilized in econometriceand
statisticswhenresearcherare unsureaboutthe completespecificationof the distribution
in afully parametriomodelbut arefairly surethatthe meanvalueis well specified. The
modified sandwichvarianceestimatormerely correctsthe sandwichestimatorfurther for
thepossibilitythattheremaybeunobservedut persistingheterogeneityvithin individuals
overtime. Detailed analytical derivatiorare availabldrom the author on request.

2.2.4. Flexible functional form and generalized hazard models

The solution describedabovewas genericand| utilized a single setof constrainty2.9)
in derivingit. However,formal theoreticalreasoningandor casualpastexperiencenay
suggesmanyotherforms of constrainteachof which will alterthe solutionderived. For
examplewe may believethatattributesx,,, not only explainvariationin the ageat which
particulareventsoccur(i.e.,howa,, variesacrossr andr) butalsoits highermomentge.g.,
how a,, log a,, variesacross andr). If so,then,in additionto requiringthe satisfactiorof
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constraintsnvolving the a,,, we canrequiresatisfactiorof constraintsnvolving a,, log a;,
as well.

To do so,we proceedn thesameway asbefore.Let uspre-multiply bothsidesof the
approximation2.2) by dimn, Zn 109z, and Xy, andsumoverall r, m,andn. In amanner
analogous to (2.9), this yields constraints of the form:

Z Xkrn@rn |09 adn = Z Xkrn Z Zm |Og ZmdrmnS’mn vk e K. (2-15)
m m m

Thissetof constraintsloesnotneedto havethesameattributesas(2.9). | amassuminghat
theyarethe samefor easeof notation.Now, our informationrecoverytaskcanbe modified
to aconstraineaptimizationproblemsubjectto thetwo setsof constraintsimultaneously
Following the same derivatiorss abovewe can deriveéhe optimal solution as:

Smn = S €XPEnX[, & + Zn 109 ZoX! B — 1) vr,mn, (2.16)

where,p = Bi1,...,Bk area new setof LagrangeMultipliers correspondingo the con-
straints(2.15). Moreover,asin the simpler case,we can convertthe constrainedmini-

mizationprobleminto anunconstraineanaximizationproblemin the unknownLagrange
Multipliers (botha and ) simultaneouslyThis dual objectiveakesthe form:

9 = Z Ak Xyrndrn + Z,kakrnarn |09 amn — Z drmnSmn (2-17)

krn krn rmn

wheresnn is the solution givern (2.16).

An appropriatedefinition of dmn can help restrictthe analysisto a single event,to
include censoredcases,andor to removeindividuals from the risk pool. For censored
cases,as notedin the non-parametriaerivation, we simply defined,,,, = 1 whenthe
individual is at risk of experiencinghe nexteventuntil (s)heis censored.After that, we
setd,nn = 0. Thismeanghat,onthe LHS of the constraintsyve will havethe actualvalues
of a;, and/ora,, log a;, only whenthe eventis observedout a value of 0 whenthe caseis
censored.To seethis notethattheterm ., d:mnyrmnZn = O for all censoredcasesecause
Yrmn = 0 Ymwhentherecordis censoredHence jn additionto redefiningthe setof dummy
variablesd,,, appropriatelyjf we let ¢, = 1 flag thecensoredasesandre-definetheage
variablesas

an = and a,loga;, = (2.18)

" an YCn = 0 an |09 an YCn = 0
0 Ven=1 0 Yen=1

thenwe canusea;,, anda;, loga;, in the objectivefunction (2.17) whenthe datainclude
censored case$he remaining derivationemain unaltered.

More generalitycan, of course,be built into this frameworkby assuminga general
setof constraintghat involve varioustransformation®f a,,. Thesecouldincludelinear,
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guadratic,cubic, quartic, Fourier, log-linear, etc. By adjustingtheseconstraintswe can
derivea large numberof parametricforms. Moreover,we canimposesetsof thesecon-
straintssimultaneouslyo getmoregeneralizedormsthatnestseverahlternativesaandtest
for specific functional forms.

Theframeworkpresentedhereis not, howevergentirelyinnovative.ln arecentsurvey
of dynamicdurationmodels,EbrahimiandSoofi (2003)showhow severalof the standard
parametrianodelsalongwith severamixture modelsby utilizing aninformation-theoretic
objectivewhile specifyingdifferentialequationconstraintshatgovernthe evolutionof the
hazardovertime (SeealsoTablel in Soofi,Ebrahimi,andHabibullah[1995]). Otherrecent
articlesinvolving thesameprinciple—whatheauthorgeferto astheprincipleof Minimum
DynamicDiscriminationor MaximumDynamicEntropy—include Ebrahimi, Habibullah,
and Soofi (1992), Ebrahimi and Kirmani (1996), and Asadi, Ebrahimi, Hamedani,and
So0fi(2005).

The frameworkl presentin this reportbuilds on this literaturebut utilizes a discrete
supporttherebynegatingthe needfor differentialequationconstraintsand,following Ryu
(1993),1 formulatethe objectivein termsof the hazarddirectly (ratherthanthe underlying
probability distributions).This adds considerable computationfiiency.

2.3. DEFLECTING OFFENDING TRAJECTORIES

2.3.1. Estimating the deviation of trajectories from counterfactual paths

Sofar we havenot madeany explicit assumptiongboutthe priors s, exceptnoting that
if we fix it to exp(1), we obtaina simple log-linear specificationfor the path. If we do

havesomeprior knowledgeaboutthe evolutionof the hazardovertime, we canintroduce
thatinformationin theform of the s, sothatthefinal solutionis computedasa deviation
from this prior. This formulationis particularlyrelevantfor our analysissincewe wish to

studythe deviationof atrajectoryfrom a counterfactual But first, we needto constructa
plausible counterfactual.

A simplewayto constructhis counterfactuais to modelthelinks betweerage,arrest
number,and other attributesusing the framework describedabovebut by estimatingit
only with the pre-prisonpartof the availablearresthistories. This modelwould therefore
capturethe dynamicprocesshy which individualsin the samplehad beenaccumulating
their arresthistoriesprior to prisonadmission.Next, usingthis model,we can projecta
futuretrajectory(from theageatreleasenwardsusingknowledgeaboutthearresnumber
this particularindividual was at risk of aswell asall the other attributesas §,,. These
projectiondraceouttheentireevolutionof thehazardor thenextarrestovertheremaining
life of theindividual givenknowledgeaboutthe pastcriminal historyaccumulatiorprocess.
As such,eachprovidesthe perfectcounterfactuafor assessinduture offendingpatterns
sincethis is the pathwe shouldexpectthe released¢o havebeenon at the time of release
had (s)henot beenincarcerated Therefore,whenwe modelthe post-releaseffending
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trajectory—i.e.thehazardof the nexteventin the sequencef arrests—wesimply replace
., with &, in thedualobjectivefunction(2.17). Thisyieldsa solutionexactlylike (2.16)
wheresd., = §mn.

Why would this proceduremodel the deviationfrom the pre-prisonbasedcounter-
factualtrajectory?To seewhy, considerthe casewhereall parameter#n this post-release
modelarefoundto be 0 (i.e., ax = 0 andpx = 0 Vk). We then obtainthe resultthat
Smn = Smn- In otherwords,if all the parameter®f the post-releasenodelarezerothen
therehasbeenno deviationfrom the paththe individual was projectedto be on—i.e.,the
counterfactualTo theextentthatthesgparameterarenon-zerotherehasbeenadeflection
of thetrajectoryasa resultof this incarceratiorexperience Whatremainsthenis to find
a way to decidewhetherthis deflectionis for the better(loweredtrajectorycomparedo
the counterfactual)worse(highertrajectorycomparedo the counterfactualpr aboutthe
same.l deriveone such measure next.

2.3.2. Classifying the incarcerationexperience

Ebrahimiand Soofi (2003), presenta methodfor comparinginformationacrosstwo haz-
ard paths(eitheracrossindividualsor acrosstwo differentpathsfor the sameindividual)
thatis particularlywell suitedfor comparingthe evolutionof two trajectoriesover time.
Their approachutilizes the notion that the Kullback-Leiblerdirecteddivergencemeasure
(or CrossEntropy)is ameasuraf divergencebetweertwo probabilitydistributions.Since
probability distributionsand hazardsare two differentwaysof representinghe sameun-
derlyingphenomenonthey derivedynamicdivergenceneasurebetweerthe evolutionof
two hazard functions.

Applying thisideain our caseis fairly straightforward Sincethe objectiveis defined
in terms of the natural log of the ratio of tvatrictly positivenumbers, then

>0 iff Smn > Sy
log(Smn/Smn) =0 iff Spn= 2 vr,m,n. (2.19)
<0 iff smn< L,

The problemwith this measureasit standsjs thatit is a function of ageandthereforeit

can, andypically will, be diferent foreachm. Whatwe need isaway toaggregatecross
this divergencemeasureover the entireresiduallife startingfrom any point z;, (e.g., the
date of release).

EbrahimiandSoofi (2003) presenta way to approactthis problemby redefiningthe
hazardsnto probabilitiesandnoting thatthe measureeducedo the traditional Kullback-
Leibler divergenceneasureavith anappropriatenormalizationanda ratio of survivalfunc-
tions (Ebrahimiand Soofi, 2003, pg.6). In an analogousput unrelatedderivation, Ryu
(1993)showedhatthe Maximum Entropysolutionfor any positivequantitycouldbe con-
sideredan averageddensityif we normalizeappropriately. In our case,the quantity of
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End of 3 Year follow-up period —>
Counterfactual Micro-Trajectory

(Criminal History Based)

Criminogenic

Incapacitative

Probability of Failure

Three Hypothetical Micro-Trajectories
(Post-Prison Outcomes Based)

Deterrent

Time Since Release (Years)

Figure 2.2: A counterfactuatrajactorycomparedvith threehypotheticalpost-releaséra-
jectories showingriminogenic, incapacitativend deterrentféects of incarceration.

interestis the hazardsfor all points beyondthe date of release. Hence,following Ryu
(1993),if we definetheterms;,,, = > drmnSmn for someappropriatelydefinedd,m,, then

we see that
drmnsrmn _ drmnsrmn

Srkmn Zm drmnSrmn
is aproperprobabilitywhereveriit is defined(i.e., 3., rmn = 1 ¥Yr, n andmym, = 0 Vr, m,n).
This meansthat the objective function we are optimizing alreadycontainsinformation
aboutthe averagedlifferencebetweens,, and sm,. All we needto do is normalizethe
objectiveappropriately.This normalizationprovidesa way to aggregatéhe variousterms
in the trajectory(2.19) acrossthe entireresiduallife of the individual uponrelease.This
measure is defined as:

Trmn =

(2.20)

1

Stmn m
drmn mn
= 22 10g10(Sm/ S

m mn

Z Tlrmn |Og(5rmn/ s(')mn) (2.21)

O GrmnSimn IOQ:](Srmn/"?‘?mn)

The s statisticcanbe seenasanaveraggexpected)og divergencebetweernthe pro-
jectedtrajectory(basedn knowledgeaboutpre-prisorarrestpatternsiandthe actualpost-
releaseoffendingpattern. An exampleof a counterfactuabnd three hypotheticalpost-
releasetrajectoriesare shownin Figure2.2. As shownthere,the trajectoriescan be dif-
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ferentat any givenpointin the post-releas@eriod. However,the § statisticderivedabove
measuresdivergenceetweertwo pathsratherthanpoints.Moreover sincen,,, is aproper
probability (summingto one),we cancomputethe standarddeviationof this quantity (the
log divergenceps well. The standard deviatioof eachd,, canbe computed as:

Om = \/Z 7Trmn( Iog(Smn/$mn))2 - ( Z Trmn Iog(srmn/§mn))2 vr,n, (2.22)

which followsfrom the definition of the variancef a random variablg asE(v?) — E(v)?.

Finally, we canutilize thesedefinitionof 6., ando, to decidewhetherthe expected
log divergenceof theresiduallife trajectoriesare sugficientlydifferent. The currentincar-
ceration is deemed to hahad an

Deterrent Hect iff 0< 8, — 2% o
IncapacitativeEffect iff 0€ 6, = 2% o (2.23)
CriminogenicEffect iff 0> 6 + 2% oy

Theseclassificationsallow one to model the effectsof individual, contextual,and
policy optionson the likelihood of a releasee’risonexperiencebeingone of the three
types. This canbe donein standardsoftwareusing multinomial discretechoice models
or ordereddiscretechoicemodels. Suchan analysiscould be used,for example to study
what measureganincreasethe likelihood of the deterrentexperienceand minimize the
likelihood of a criminogenic experience.

Alternately,one canstudythe effectsof theseindividual, contextual,andpolicy op-
tions on the continuousvariabled,, directly sincelarger‘+’ valuesof ¢ indicatelarger
criminogeniceffectsandlarger‘ -’ valuesof ¢ indicatelargedeterrenteftects. In the next
chapter] exploreboth these approaches and present a limited set of results.

2.4. CONCLUDING COMMENTS

In this chapter] developedaninformation-theoretiédrameworkfor modelingthe detailed
criminal history accumulationprocessof a group of releasees.Thereexists, of course,
severabthermethodghatarecapableof modelingeventhistories(see for example Mayer
andTuma[1990]andBlossfeld HamereleandMayer[1989]). Themethoddevelopedere
has severdbenefits oveexistingstrategies.

First, unlike fully parametridunctionalforms,theinformation-theoreti@pproactal-
lows aneasyincorporationof severakonstraintghatyield flexible functional-formhazard
models.Underrestrictiveassumptionghis approactyields severalof the standarchazard
modelsasspecialcases.As such,the approachcanbe usedto developmodelsthat nest
severalparametridorms asspecialcasesn orderto test(statistically)assumptionsibout
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theshape of the evolutioaf the hazard ovetime or assumptions about proportionality.

Secondgivenits particularemphasi®n minimizing the directeddivergencebetween
aprior andposteriortrajectorytheapproacloftersaneasymethodfor assessinwhetheror
notthe evolutionof the hazardovertheresidualife (definedatanyappropriatgoint,e.g.,
thedateof release)s differentfrom a counterfactualThe averagdog divergencebetween
the two trajectoriesprovidesa convenientsummarystatisticfor this purpose. Moreover,
this statisticis not an ad-hocmeasure.lIt is merely a re-normalizedversionof the very
objectivethat is being optimized to obtain the hazard models.

Finally, this averagedivergencemeasurecanthensimply be convertednto a classi-
fication or canbe viewedasa continuousmeasure Large negativevalueson this statistic
imply largedeterrentffectswhereagdargepositivevaluesonthis statisticimply largecrim-
inogeniceffects. Studyinghow this measurecorrelateswith variousattributesaswell as
policy optionscanbe of immenseuseto practitionersandpolicy makersin understanding
thefactorsthatmay maximizedeterrenbenefitsof incarceratiorangor thatminimize the
criminogenicharmresultingfrom it. Thesefactorscanincludenotonly demographidac-
torsthatareoutsidethecontrolof policy makersbutalsofactorslike participationin prison
programspost-releassupervisioyassistancprogramsaswell associo-economidyehav-
ioral, and contextualfactorssuchasthe availability of employmentopportunities family
bonds,and individuals'mental health.

The methoddevelopedereis designedo takefull advantagef datedcriminal his-
tory recordswhensuchinformationis available. In ignoring this information,whenit is
available researcherssk wastingvaluableinformationandtherebyforgo learningoppor-
tunities. Aggregatemeasure®f criminal history scorestypically useonly one sourceof
variationin the pre-releasarresthistory—thenumberof prior arrests(weightedor un-
weighted). The methodpresentedhereutilizes anothersourceof variationavailablein the
pre-prisonarresthistory—theprocessy which this arresthistory wasaccumulated Fur-
thermorejt utilizes this knowledgen informing the future evolutionf the hazard.

To be sure,the methoddescribechereis not the only way onecanstudytrajectories
of offendingpatternsovertime. Thereexistsa largeliteraturein criminology thataimsto
modelthetrajectoriesof offendingpatternsoverthelife courseof individualsusinggroup
basedmodelingtechniquegNagin,2005;NaginandLand, 1993;LandandNagin,1996).
Respondindo concernsaisedby HaganandPalloni(1988),in particular,LandandNagin
(1996)demonstratethatgroup-basetrajectorymodelsarewell suitedto takeinto account
the orderof arrestevents.Similarly, the approactdevelopechereis notincompatiblewith
approximatingunobservedeterogeneityia finite mixture modelling strategies. There-
fore, it would be a profitableextensiorof the currentwork to includedistinctgroup-based
heterogeneityn themodelsaswell. However,for theapproactio havepracticalutility, the
emphasishouldremainon attemptingto construcicounterfactualrajectoriedor eachand
everyindividual in thesample(notjustfor groups).In thisreport,| rely solelyon available
attributesto model the heterogeneity in the evolutiohthe hazards.
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Chapter 3

An Application

In this chapter] applythemethodsdevelopedn the previouschapterto a specificdataset.
The chapters organizedasfollows. | beginwith a brief descriptionof the dataseaindthe

variablesusedin this report. | thensummarizesstimatef the pre-prisonbasedcriminal

historyaccumulatiorprocessanddiscusghefindings.| alsousethesemodelsto makepro-

jectionsfor individualsat the time of their release.Theseprojectionsare comparedwith

theactualarresteventspost-releaselNext, | usetheseprojectedcounterfactuatrajectories
asabackdropagainstvhichto developtheactualpost-releaseffendingtrajectoriesThese
modelestimatesrealsopresentedh summaryform. Finally, usingthemethodsleveloped
in the previouschapter,| computethe § statisticanduseit to classifyindividuals’ incar-

cerationexperiences.l presenta limited setof resultsfrom standardinear and logistic

regressionshat are used to model variatiamthese experiencexcross individuals.

3.1. THE DATA

3.1.1. Data source

Thedatausedin thisresearcleffort is availableto the public from the National Archivesof
Criminal JusticeData(NACJD), atthelInter-UniversityConsortiunfor PoliticalandSocial
Researcl{ICPSR),University of Michgan,Ann Arbor, MI. It is archivedasstudy# 3355
(Recidivism of PrisonerReleased in 1994 [United Stat¢¢BJS, [2002]).

The datawerecollectedby the Bureauof JusticeStatistics(BJS).It tracksa sample
of 38,624prisonersreleasedrom 15 stateprisonsin 1994 over a periodof 3 years. The
vast majority of the archiveddatabaseconsistsof information on eachreleasee’entire
officially recordedcriminal history. This includesall recordedadult arreststhroughthe
endof thefollow-up period. Thesedatawereobtainedrom stateandFBI automatedRAP
sheetswhich include arrest,adjudication,and sentencingnformation. Eacharrestevent
includesinformation on adjudicationand sentencingelatedto that eventif suchaction
wastaken. Unfortunately,howeverthe datado not containdetailedinformationon when
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thesandividualswerereleasedrom prisonif theywereimprisonedafteraparticulararrest
event!

In additionto the detaileddatedeventhistory data,this databas@lsocontainsa lim-
ited amountof demographi@ndrelatedinformation. Demographianeasuresvailablein
thedatabasencludedateof birth, race ethnicity,andgenderSomedetailis availableabout
the type of releasdrom prison(e.g.,parole,mandatoryreleasegtc.) andsomeaboutthe
type of admissionnto prison(e.g.,newcourtcommitmentnew courtcommitmentwith a
violation of conditionsof releaseetc.). However,thisinformationis availableonly for the
1994release and not for all prior (or future) arrest events.

Sincethe emphasiof this effort wasto developan analyticalapproach) havere-
strictedthe analysisto rearresonly. Applicationto othertype of outcomegreconvictions,
reincarcerationsself-reporteftendingpatternspr relapsento druginvolvementetc.) is
straightforward.

Before conductingthe analysis,somediagnosticcheckswererun on the datato en-
suretheywerecompatiblewith themodelrequirementsSincethedataarebasedn official
recordsandpossibledisparatesourcef dateinformation(e.g.,dateof birth obtainedrom
the statedataandfrom the FBI datacoulddiffer), | first computedhe agesfor eachof the
arrestsn thedata. Then,| checkedfor the chronologyof thesedatesandcheckedo see
if the agevariablewaswell defined. | createdflagsfor any individual that had records
thatwerenotin properchronologicalorderor whoseageswereincorrectimpossible(e.g.,
negativeor below 15). In addition,| createdlagsthatidentifiedanyindividualsthatwere
missinginformationon all agesor thathadgapsin their agevariable. For example,indi-
vidualsthathadappropriateagedor thefirstandsecondarresteventsutweremissingage
on the third eventandagainhad appropriateagesfor all subsequenarrestswere flagged
aspotentially problematic. After creatingtheseflags, | performeda list wise deletionof
records—i.e.all recordsfor individualswith any problem(asdeterminedoy the various
flags) were dropped from the analysis set.

Additionally, the datacontainsa variableANALY SIS thatflagsall recordsthatwere
includedin the BJSreporttitled Recidivismof PrisonersReleasedn 1994 (Langanand
Levin, 2002). The criteriafor inclusionin the reportare providedon pagel4 of Langan
andLevin (2002). In my analysis,| alsoexcludedall personghatwerenot includedin
BJS’sreport (i.e., persons flagged as ANALYSI9).

3.1.2. Data structure
After removingpersonsvho eitherhadsomeproblemin their arresthistoriesor werenot

includedin the BJSreport, the remainingsampleconsistedof 32,628personsacrossls
states.In addition,sincethe samplefor Californiareleaseesasvery large(nearly60,000

1This impliesthatthe dataareunableto calculatestreettime. However,the datado provideinformation
on the adjudication outcome at each successikest eventthat | utilize in the models.
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person-eventbeforeprisonrelease) useda randomsubsetof 2500individuals (21,838
personevents)from the California samplefor estimatingthe pre-prisoncriminal history

accumulatiorprocess.For the analysisof the post-releaselata,however,all individuals

from Californiawereincludedin thestudy. Thefinal pre-releasedatasethereforeconsisted
of 21,226individuals acrossthe 15 stateswhereashe post-releaselataconsistedof the

32,628 individuals.

Arrest recordsfor thesepersonswere next re-structurednto a hierarchicalperson-
eventlevel file. Thatis, arresteventsof eachpersonwereall clusteredin chronological
order. The arresthistorieswere next truncatedafter the first post-releasee-arrestevent.
Recall that, for the post releaseperiod, we are only examiningthe first rearrestevent.
For thosepersonghatwerenot arrestechfter releasethe arrestagewassetto the ageat
censoring (i.e., release age3 years).

The datawerestructuredsimilar to the arrestprofilesdisplayedn Table2.1. In addi-
tion to the key criterion variable—ageat arrest—thedatawerealsomanipulatedo create
aset of individuallevel fixed covariatesas well as covariateshanging ovetime.

3.1.3. Key variablesincluded

Thekeyindependent variablassed in estimating the pre-releag@ninal history accumu-
lation processncludedthearresnumberEVENTNUM), theageatfirst arresf AGE1ST),
whetheror not the individual was confinedasa resultof the previousarrestevent(CON-
FLAST), anda measuref the numberof yearstakento reacheacharresteventcumulated
throughthe lastarrestevent(CARAGE). AGE1STand CONFLAST weresetto O for the
first arrest event.

BesidesCARAGE, thevariablesusedin this partof theanalysisareself explanatory.
CARAGE wasdefinedasa measurehatcaptureghe evolutionof the heterogeneityn the
samplemembers as thegged.It is defined as

r
ajn
CARAGE,, = T vr,n, (3.1)
=1

andit capturesvariationin the pastcriminal history up to the currentarrestin sucha way
thatit distinguishepeoplewho arecloserto their pastarrest‘clusters”from thosethatare
further. Table 3.1 showshypotheticalpastarresthistoriesof two individualsanddemon-
strateghecalculationof CARAGE ateacharrestevent.Notethatbothindividualshavethe
sameCARAGE until their 2nd arrestbecauseheyfollow the samepath. As theydiffer in

theirarrestpatternsCCARAGE beginsto recordthis heterogeneityln fact, individual A gets
ahigherCARAGE on his 3rd arrestbecauséieis “closer” to his pastarrestclusterat age
30thanindividual B is at age35. After that, bothindividualsarerearrestect age40 but
their CARAGE continuesto recordtheir heterogeneoupasts. In this sensethe variable
recordsheterogeneityn pastoffendingpatternsand,all elsebeingequal,assignsa higher
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Table 3.1: Computing CARAGHor two arrest profiles.

Individual A Individual B
r a a/r CARAGE r a a/r CARAGE
1 20 20.0 20.0 1 20 20.0 20.0
2 25 125 32.5 2 25 125 325
3 30 10.0 42.5 3 35 11.7 44 .2
4 40 10.0 52.5 4 40 10.0 54.2

scoreto thosethatarecloserto their pastarrestclusters.In the modelingstage,l include
thelaggedvalue ofthis measuren thehazardmodel. As with the otherlaggedvariables|
setCARAGE=0 for the first arrest event.

Thesamesetof basicvariableswereusedto modelthe pastcriminal historyaccumu-
lation processaswell asthefirst re-arrestfterreleasdrecidivism). Thiswasdonein order
to ensurghatanydeviationsamongthetrajectoriesareattributableto thetwo differentage
segment®f thereleasee'dife. Comparison®f thesetrajectorieproducedhe s measures
aswell asthe classifications.To understandvhat variablespredictthe deviationof the
counterfactuahndpost-releas@aths,l included,in additionto the variableslisted above,
demographicharacteristicsthe type of releasethe ageat release andthe mostserious
offensefor which incarcerated.Table 3.2 providesa summaryof the sampleusedin the
analysis.

Note thatthe variable CONFLAST capturesadjudicationoutcomesat the last arrest
event.lt would seemthereforethatthis variablemustbe 1 for all the post-releassample.
However,this doesnot needto bethe case.Individualsmay enterprisonfor reason®ther
thanbeingconvictedandsanctionedo someamountof confinementForexamplepersons
releasedrom prison in 1994could haveentered prison foviolating existingconditions of
apreviousreleaseHowever,it shouldbe notedthatthe proportionof casesn Virginia that
seento berecordedashavingsomeconfinemenasaresultof thelastarrestis toolow (3%
in the pre-releassampleand2% in the post-releassample).In all likelihood, this is an
errorin the data systentlowever,in this analysis | havesed this variablas it is.

With the exceptionof the stateof Californiathe numberof personsn the pre-release
samplas exactlyequalto thenumberof personsn thepost-releassample Thisis because
the cohortof interestis a prisonreleasecohortandthis groupof individualsmusthave,at
somepointin their past,beenarrestecht leastonce.As notedabove a sub-samplef 2500
personaastakenfor the California sample to ease estimation of the models.

Thethreereleasdype variablesPAROLE, MANDATORY, andCONDITIONAL are
not necessarilymutually exclusive. For somestates(CA, DE, IL, andMI) releasetype
information was either unavailableor there was insuficient variation to createdistinct
flags. For somestates(MD, NY, NC, TX, andVA), enoughdetail was availableto al-
low a classificationof releasdypein threecategories—PAROLBEVIANDATORY release
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to supervision, and unconditional releafer others (AZ, FL, NJ, and OH) the only avail-
ableinformationwaswhetherthe releasevas CONDITIONAL or otherwise.Finally, for
MN and OR the only availableinformationwaswhetherthe releasevasfor PAROLE or
MANDATORY releaseHence whenanalyzingtheeffectsof releasdypeonthelikelihood
of the prisoner’'sexperienceéeingdeterrentor otherwise separatenodelswereestimated
for groups of states to increase statistical power.

VIOLENT, PROPERTY,and DRUG referto the mostseriousoffensefor which the
prisoner waserving time when (s)he wasleased in 1994.

Finally, notethatfor somestatesthe averageageat which persongecidivated(RE-
CIDAGE) would seemto be at or belowthe averageageat which prisonerswverereleased.
However,this is misleadingbecausehe ageof recidivismis computedonly for thosethat
were rearrestedvithin the follow-up period. Similarly, the ageat censoring(CENSOR-
AGE) is computednly for those that were censored within three years of release.

Before, proceeding witthe estimation andnalysis of thénhazard modeld,first con-
ducted some simple graphical diagnostigstesent those next.

3.2. PREDICTABLE PATTERNS

Before proceedingwith modelestimation,it would be goodto assessvhetherthe arrest
historiescontainanypredictablepatterns After all, theentirestrategyrestson suchpatterns
existing. Moreover,this releasecohortis a mixture of severabirth cohortsandonemight

considerthe sampletoo heterogeneouw capturein a single model. To thatend, | first

constructsomebasicKerneldensityplots of the agesat variousarrestevents.The density
plotsfor arrest event4 though 20 (DENO1 - DENZ20) are presented in Figure 3.1.

As is evident,thereis a very predictablepatternvisible. The patternhastwo compo-
nents.First, theagedistributionof eachsuccessivarrestshiftsslightly to theright aswe go
from lower arrestnumbergo higher.Secondthedispersiorof thedistributionincreasess
we movefrom lowerto higherarresnumbersRecallthatourflexible hazardnodelutilizes
preciselythesemomentdo recoverinformationaboutthetrajectoriesHence jf weareable
to capturethe processunderlyingthesedistributions,we shouldbe ableto projectwith fair
amountof confidence what we could haegpectedn the absence of incarceration.

Of course we cannotsimply modelthe agedistributiondirectly becausehis masks
thedependencstructurebetweersuccessivarrestevents.Thereforewe needio beableto
modelthehazardsppropriatelywhile usingthe predictablgatternobservedn Figure3.1.
The formulation of the flexible functionalform modelsin the previouschapterafford us
thatopportunity.Note, for example thatthe constraintgshatwe imposein (2.9) and(2.15)
explicitly link the unknownhazarddgo the first two momentsof the ageof arrest. One of
thereasonave typically needto modelthe secondmomentis if thereis reasorto believe
that the patternhassystematicover or under-dispersionlf not, a simple momentbased
model(e.g.,Poisson)f the agedistributionwould sufice. Figure 3.2 plotsthe meanage
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andits variancefor these20 arrestevents.Again, it is evidentthatthe varianceexceedshe
meanat all arresteventsand thatthe varianceevolvesin a non-linearway—firstreverting
towardsthe mean rapidly and then movingwardsit more slowly.

3.3. MODELS OF THE CRIMINAL HISTORY ACCUMULATION PROCESS

In this section,l presenthe modelestimatesf the pre-releaseriminal history accumu-
lation process.In orderto keepthe estimationmanageabl@andto afford the modelfull
flexibility, | estimatedseparatenodelsfor eachof thestates.Theform of themodelis held
fixed across all state samples.

First, | presentsomeevidencethat the clusteringof observationgloesin fact pro-
vide for biased(typically downward)standarderrors. Consider,the modelfor Arizona.
Table 3.3 showsthe resultsof the information-theoretianodel and presentghreesetsof
asymptoticstandarderrors. The first set (TRAD) are thosecomputedby inverting the
negativeHessianof the dual objectivefunction, the secondset(SAND) arethe sandwich
estimatesandthe third set(MODS) arethe modifiedsandwichestimatesAs is expected,
the sandwichestimatef the standarderrorsarehigherthanthe traditionalestimatesand
themodifiedsandwichestimatesrehigherstill. Thisis becaus®oththetraditionalaswell
asthe simple sandwichestimatesgnorethe clusteringof the observations.Although, in
this example all the parametersemainedstatisticallysignificantirrespectiveof thea.s.e.
estimateused,asis evidentfrom the variousWald-y? valuesprovided,thereare hugere-
ductionsin the confidencewe haveaboutseveralof theseLagrangeMultipliers whenwe
accountfor the clustering.For therestof thisreport,therefore] erronthesideof caution
and use the modified sandwich estimates for making inferences.

Sincethe modelsareformulatedin termsof hazardsa negativeLagrangeMultiplier
implies that the variablein questiondecreasethe hazard’spathor, put anotherway, the
variablein questionncreasesheexpectediurationto thenextevent.As such,thenegative
valuesof the parameteréor EVENTNUM are consistenwith Figure3.1 andFigure3.2.
Thatis, increasesn arrestnumbersareassociatedavith higherage(durationfrom birth to
event). Moreover,the positivesign on the correspondingg, multipliers suggestghat the
increasingageassociatewvith increasingeventnumberss atadecreasingate. Thissimply
meansthat the relationshipbetweenthe arrestnumberand the hazardtrajectoryis non-
linear. Notethatall the g, parameterfavethereversesignrelativeto the correspondingyy
parameters.

Similarly, increasesn ageat first arrestareassociatedasexpected)with increasing
ageat subsequenarrest(i.e., decreasindghazardpathsfor subsequengvents). Moreover,
this relationshipis non-linear. CARAGE, also as expectedhasa positive codticientin
thehazardmodel. Recallthat CARAGE measureshe closenesso pastclustersof arrests.
As such, a positive codficient in the hazardmodel suggestghat being closeto a prior
clusterdecreasethe durationandincreaseshe hazardof the nextevent.As with the other
parameterghis too has a non-linear link with the outcome of interest.
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Table 3.3: Pre-prisonbasedhazardmodelsof the criminal history accumula-
tion process of prisoners released in 1994 in Arizona

Lagrange TRAD SAND MODS

Multipliers a.s.e. y? ase. y*> as.e. x?

ak
INTERCEPT -0.5762 0.0124 2157 0.0268 461 0.0846 46
EVENTNUM -0.0323 0.0009 1318 0.0017 358 0.0045 51

AGE1ST -0.0056 0.0005 144 0.0011 27 0.0018 9

CARAGE 0.0163 0.0002 4627 0.0005 1218 0.0016 97

CONFLAST 0.0887 0.0113 62 0.0191 22 0.0175 26
B

INTERCEPT 0.1539 0.0033 2118 0.0080 371 0.0280 30
EVENTNUM 0.0086 0.0002 1319 0.0005 327 0.0013 46

AGE1ST 0.0011 0.0001 91 0.0003 13 0.0005 4
CARAGE -0.0043 0.0001 4200 0.0001 985 0.0005 66
CONFLAST -0.0264 0.0033 66 0.0056 22 0.0050 27

Note: Critical valuefor the y? test at 0.05 levelvith 1 degreeof freedom is 3.84.

CONFLAST hasa positive effect on the hazardpath. This seemssurprisingat first
glance. Being confinedshouldtake one off the streetfor sometime, thusthe agefor the
next eventshouldbe pushedout (increase)andthe hazardshoulddecrease However, it
is also possiblethat being confinedafter the arrestimplies a higherlevel of severity of
behaviorthatsomeoneaot confined.As such,it shoulddecreas¢he ageat the nextarrest
(i.e.,increase hazard).

In orderto seewhatthe projectionsfrom this modellook like, in Figure3.3,1 have
simulatedthe predictedpost-releaseftendingtrajectoryfor a particularindividual profile.
This individual was arrestedor the first time at age 15, andthensubsequentlyvasrear-
restedat ages22 and25 afterwhich he wasincarceratedHe wasreleasedrom prisonat
theageof 30. Heis thereforeatrisk of his4threarrestFigure3.3showsthecounterfactual
hazardrajectory(left scale)predictedby themodelfor thisindividual from hisreleaseage
(30) to age 75 (effectively, his entire residuallife). Basedon this counterfactuahazard,
the cumulativedensityfunction (right scale)tracesthe predictedprobability of beingrear-
restedwithin a certainnumberof years.For example within 3 yearsof releaseatage33,
the CDF is only abouthalf a percent.In otherwords,this individual is not predictedto be
rearrestedvithin the threeyearfollow-up periodusingknowledgeonly aboutthe way he
wasaccumulating his criminal record.

Similarindividualtrajectoriesanbeplottedfor eachindividualin thesample Difter-
entcriminal history accumulatiorprocessesvill resultin very differentpredictionsabout
thefuture. In thenextsection] presentmorecomprehensivéndingsby computingpredic-
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Figure 3.3: Counterfactualrajectory for a particular releasee

tionsfrom thesecounterfactualrajectoriedor eachindividual. | alsopresentacomparison
of thesecounterfactuapredictionswith actualoffendingobservedwithin threeyearsof
release.

3.3.1. State-specific hazard model estimates

In thissection] presenanddiscusghestatespecificestimate®f thehazardnodels.Since
the actualvaluesof the parametersare lessimportantthan their signs,| summarizeall
the parameteestimatesn Table 3.4 usingthe following conventions.Parameterghatare
positiveandsignificantatthe 95%confidencdevel (usingthe modifiedsandwichestimator
for the asymptoticstandarcerrors)areindicatedwith a‘++’, parametershatarenegative
anddeemedbtatisticallysignificantusingthe samecriteriaareindicatedwith a‘*—-’, and
parametershatareinsignificantaredenoted0’. Significanceat the 90% confidencdevel
is indicatedby a single‘+’ or ‘—". Detailedstatespecificestimatef the hazardmodels
are providedn Appendix A of this report.

With someexceptionsmodelsfrom all statedargelymirror thefindingsfrom Arizona
discussedn the last section. The exceptionstypically involve the LagrangeMultiplier
correspondindo the CONFLAST flag. Qualitatively,the restof the predictorsarefairly
consistentacrossstateswith the exceptionof NY whereincreasingarrestnumbersseem
notto be associated with decreased hazard (increased age) for thermeskevent.

In Table 3.4, | also provide estimatesf the projectionsfrom thesemodels. These
projectionsare constructedasfollows. Sinceestimatechazardsprobability densityfunc-
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tions,aswell ascumulativedensityfunctionsaredifferentwaysof characterizinghe same
underlyingprocesswe canconvertoneinto the otherfairly easily(Allison, 1995,pg.16).
Forexamplethe cumulativedensity function may be estimated as

m
CDFmrn = 1 - eXp( - Z drjng*jn) Vr, m, n, (3.2)
=1

whered,n, = O for all pointsbeforethe ageof releaseandd,,,, = 1 for all pointsafter
releaseand§, is theprojectechazardor all ageshasedntheestimated_agrangeMulti-
pliers. This allowsusto computethe cumulativeprobability of re-arresfor the nextarrest
assumingthe individual survivesto somepoint after release. Here, | presentsummary
statisticdor thethreeyearwindow. In thelower panelof Table3.41 presentheproportion
of statespecificsamplememberghatarepredictedto be re-arrestedvithin threeyearsof
releasebasedpurely on knowledgeabouttheir prior criminal history accumulationpro-
cess Note, thatwe shouldnot expectthesepredictionsto be very goodunlessthe model
hascapturedsomesalientunderlyingfeatureof the processunderstudy. This is because
thecurrentpredictionproblemis very differentfrom predictingin-sampleor predictingout-
of-sampleusinga randomlysub-settedialidationsample.Here, the predictionsarebeing
donefor a period beyondhe estimation sample.

In the lower panelof the table, | presentthe proportionpredictedto be rearrested
within the threeyearfollow up periodusingthe following rule. If the CDF is largerthan
0.50by threeyearsof releasetheindividualis projectedo berearrestedptherwisenot. In
additionto the predictions,| alsopresenthe proportionof the samplethatactuallyfailed
within the follow-up period as a way to assesghe accuracyof the projections. Lastly,
| presentthe false positive and false negativeratesresultingfrom the criterion described
above.

Thefindingsin this partof the tableare quite remarkable Although the counterfac-
tualsconsistentlyover-predicthe 3-yearrearrestates the overallrateseemgo follow the
trend of actualarrestsacrossstates. Thatis, statesthat experiencehigh levels of actual
rearrestratesarethosethatare predictedto havehigherlevelsof rearrestrates,relativeto
others. A simplescattemlot of the statespecificactualand predictedratesdemonstrates
this point well (Figure 3.4). Although the predictionsare alwaysabovethe actualrates,
i.e., the counterfactuabre consistentlyover-predictingrecidivism, the scatterplot clearly
showsthe positiveassociation between the actual and the predicted rates.

More remarkablehowever,are the false positive andfalse-negativeaates. With the
exceptionof MI, OH, andTX, wherethefalsepositiveratesexceedb0%,thefalsepositive
ratesin all otherstatesis well below this amount. In fact, averagedacrossall 15 states
(including MI, OH, andTX), the false positiverateis 38% andthe false negativerateis
27%. This meangoughlytwo-thirdsof thoseindividualsprojectedo bere-arresteavithin
athree-yeawindow basedpurelyon knowinghow theywereaccumulatingcrimesin their
past,did actuallygetrearrestedSimilarly, roughlythree-quartersf thosepredictedto not
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Figure 3.4: Statespecific predicted 3-year rearrest rates by actual rearrest rates

be rearrested within the three year follow-pgriod actually did not fail.

Giventhe fairly predictablepatternsthat canbe seenin Figure 3.1 and Figure 3.2,
thesefindings, althoughremarkable shouldnot be that surprising. However,thesepro-
jectionsarebasedon modelsthatfollow andcapturelong termseculartrendsoverthelife
courseof individuals. As such theyshouldbeexpectedo performmuchworsein theshort
run. To seethat, | nextcomputedhe falsepositiveandfalsenegativeratesfor shortterm
quarterly projections aggregatadross all 15 states.

To do so, | first classifyindividual asbeingprojectedto be rearrestedvithin the first
quarterof releaseor not. Thenl comparetheseprojectionswith actualrearrests Next, of
thosethatwerenot projectedto berearrestedvithin thefirst quarter,l classifyindividuals
asbeingprojectedo berearrestedvithin the secondjuarter.l thencomparetheseprojec-
tions with the actualrearrestswithin this quarter. This allows me to computea sequence
of 12 quarterlyshort-termfalse positive andfalse negativerates. Figure 3.5 showsthese
sequencesverthethreeyearsafterreleaseHereit becomesvidentthatdespitethefairly
accuratdong-termprojectionsthe short-termperformanceof the counterfactuamodelis
very poor.

It shouldbe notedthatthesemodelswerenot developedor makingshortterm pro-
jections.Rathertheyweredevelopedsaway of capturinglongertermtrendsin offending
trajectories ovethe pre-prison life course ghat theycould be used as a backdrop against
which to asseghe actualpost-releasérajectories.In the nextsection,l presentesultsof
the modelsthat usetheseprojectedcounterfactualasthe trajectorytowardswhich each
post-releas&rajectoryis shrunkwhile ensuringhattheevidencan thesample(in theform
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Figure 3.5: Falsepositive and false negativerateswhen the counterfactuatrajectoryis
used for making short-term (quarterly) projections

of constraints) is still satisfied.

3.4. MODELING POST-RELEASE TRAJECTORIES AS DEVIATIONS FROM
COUNTERFACTUALS

As discussedh the previouschapterthesolepurposeof developinghe counterfactualvas
to assesshe post-releasactualrearrespatternsn anattemptto understandhow, if atall,
thecurrentincarceratiorhasdeflectedhetrajectoryaparticularindividualwason. In order
to doso, | first projectedtherearreshazardior eachof theindividualsin the sampleutiliz-
ing knowledgeabouttheeventnumbertheywereatrisk of whentheycameoutof prisonin
1994(i.e., how far alongon their arrestsequence¢heywere),their ageat releasgi.e., how
far alongin their life theywere),andall othervariablesusedin the pre-prisonbasednod-
els. Note that eventhoughthe post-releassampleincludescensorecbservations—i.e.,
not everyoneis rearrestedvithin the follow-up period—wehavea counterfactuatrajec-
tory for eachandeveryindividualin thesample This counterfactuaierelyreplaces’, , in
the objectivdunction (2.17) and we proceed to optimize it just as before.

Althoughthestatisticalsignificanceof the LagrangeMultipliers canstill betestedus-
ing the sandwichand modified sandwichestimatef the asymptoticstandarderrors,the
interpretationof the LagrangeMultipliers is now different. Recallthata ‘+’ valueon ay
now symbolizesan upwardpressureon the trajectoryrelative to the counterfactualvhile
a ‘=" value implies downwardpressureon the trajectoryrelative to the counterfactual.
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Considerfor example a situationwhereall parameterarefoundto be statisticallyindis-
tinguishablefrom O (i.e., insignificant). That would meanthatthe post-releasérajectory
is statisticallyindistinguishabldrom the prior (i.e., the counterfactual).Hence,if oneor
more of the parametersrefoundto be significantly differentfrom 0, this would indicate
that,in thesampleasawhole,therehasbeenadeviationof atleastsomeof thepost-release
trajectoriedrom their counterfactualslt shouldnot betakento meanthateverytrajectory
has deviatedrom its counterfactual.

| presentthe resultsof the post-releassamplein Table 3.5 in a manneranalogous
to the presentatiorin Table 3.4. The patternof codficientsare differentfrom thosein
Table 3.4.That isto be expectedHowever, unlike thgre-release model#)e post-release
modelparametersary alot moreacrossstates.Moreover,someparametergventakethe
oppositesigns.Forexamplethevalueof o, for AGE1STis positiveandsignificantfor DE
butis negativeandsignificantfor IL. In asimilar mannerthesignsof thesignificantvalues
of Bk for AGE1STvary considerablyacrossstates.This suggestshatthe way trajectories
are deflected betwedhe pre- andhe post-release periods varies across statethanthe
effects of AGEL1STin particular can evebe reverseacross dterentstates.

On the other hand, there are somefactorsthat exert unambiguougressureon of-
fendingtrajectories. Being later in the criminal careerexertsan upwardpressureon the
offendingtrajectoryrelative to the counterfactual.Thatis, large valuesof EVENTNUM
areassociateavith anupwardpressuren the offendingtrajectory. Similarly, beingcloser
to pastclusterexertsa downwardpressureon the trajectoryrelativeto the counterfactual.
As notedabove,theseare aggregatestatementsaboutthe sampleasa whole. The actual
deflectionfor eachandeveryreleaseavill be computedn the nextsectionandthe deter-
minantsof theseindividual-leveldeflectionswill be investigatedhere.

Signsof thedeflectionof thetrajectoriescanbe seendirectly in the projectedrearrest
ratesaswell asthefalsepositiveandfalsenegativerates.Althoughthe predictionproblem
is no longer an out-of-sampleone, simple comparisondetweentheseprojectedrearrest
ratesandthe counterfactuaprojectionsof the lastsectionshowsthatthe post-releasero-
jectionsarefar superiorto thoseof the counterfactualswith the exceptionof Ml andOH,
wherethefalse positiveratesareabout40%, we seethatthe falsepositiveratetypically is
betweer25-30%.

As further evidencethat the posteriortrajectoriesare suficiently deflectedfrom the
priors,we cancomputeandplot the short-term(quarterly)predictionsfrom thesemodels.
Figure 3.6 showsthesecurves. Cursorycomparisorwith Figure 3.5 showsthat the false
positiverateis substantialljower. Moreover,within about6 monthsof releasepoththe
falsepositiveand falsenegativerates are belos0% and then remain stable.

38



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

100

90 —O—False Positives Rate
—@— False Negative Rate

80 -

70
60 1 \

) \O\W@—W
40 1

30
20 /
10

[

Qo1 ‘ Qo2 ‘ Q03 ‘ Qo4 ‘ Q05 ‘ Qo6 ‘ Qo7 ‘ Qo8 ‘ Q09 ‘ Q10 ‘ Qi ‘ Qi2

Quarters after release
Figure 3.6: Falsepositiveandfalse negativerateswhenthe post-releas®éasedrajectory,
deviatingfrom the counterfactuals used for making short-term (quarterly) projections

3.5. CLASSIFYING AND UNDERSTANDING THE DETERMINANTS OF THE
PRISON EXPERIENCE

The final setof resultspresentedn the reportare of modelsusedto studythe effectsof
variouspredictorson the incarceratiorexperiencequantifiedalternatelyas a continuous
measurend as a categoricahe.

The averagedlivergencemeasure thatwasdefinedin the previouschapteris used
to studythis aspecbf the model.First, the classification Using (2.23)asaway to classify
individualsashavinghada deterrentanincapacitativeanda criminogenicexperiencethe
datarevealsthatonly a small partof the sample(4.3%)actuallywereclassifiedashaving
hada criminogenicexperienceThelargestshareof themwereclassifiedashavinghadan
incapacitativeexperiencg56.2%)andthe remaining(39.5%)experiencedomedeterrent
effects. Note that theseclassificationsare basedon the entireresiduallife of the releasee
(upto agel00in thisanalysis).It is not basedon justthefollow-up period.Hencealarge
shareof peopledo experiencadeterrenteffects. Thesenumbersdo not merelyreflectthe
factthat the counterfactuats/er-predictede-arrest rates within the follow-yperiod.

Next, | presenthe resultsof a few simplelinear andlogistic regressiormodelsthat
areaimedat assistingpractitionersdeterminepr at the very leastinvestigatewhatfactors
may be helpful in maximizing any deterrentbenefits,and minimizing any criminogenic
harm, resulting from incarceration.

A word of cautionbeforel presenttheseresults. The next few setsof resultsare
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merelyprovidedto demonstrat¢he approach.l do not makeanyrecommendationbased
on theseresults. Much moredetailedinformationis be neededoeforeexplicit policy rec-
ommendationsould be enumerated.

3.5.1. Discretechoice models of the incarceratiorexperience

First, considersimplelogistic regressionmodelsof whetheror notareleasee’prisonexpe-
riencewill bedeterren{ratherthanmerelyincapacitativeor evencriminogenic).Sincethe
proportionof releaseeshatweredeemedo havehada criminogenicexperiencas fairly
small, | combinetheseclassifiedashavinghada criminogenicandincapacitativeexperi-
enceinto onecategory. Hence,the estimated presentin Table 3.6 are from modelsthat
attemptdgo link variousavailableattributesto the likelihood of beingdeterredversusnot.
Onceagain.thetablepresentedhereonly summarizeshe signsof thevariouspredictorsn
affectingthelikelihood a deterreneftfect. Detailedcodficientestimatesreprovidedin the
Appendix.

Four setsof parametersre presentedhere. One of the key policy variablesto be
investigated—thetype of releasdrom prison—wasot consistentlyavailablein all states.
Thevariablewasre-codednto discretionaryreleaseo supervisioPAROLE), mandatory
releasdo supervisiofMANDATORY), andunconditionakreleasg UNCONDITIONAL).
Basedon this variable,| collapsedstatesinto 4 groups. Group| includesall statesthat
hadsuficientdetailto modelthe effectsof varioustypesof releasanechanism¢MD, NY,
NC, TX, andVA), Groupll includedstateghatonly allowedacomparisorof discretionary
releaseo mandatoryreleasgMN andOR), Grouplll includedstateshatonly alloweda
comparisorof conditionalversusunconditionarelease$AZ, FL, NJ,andOH), andGroup
IV includedstateghatdid not containenoughvariationto permitestimatingthe effectsof
this policyvariableon the éfectsof incarceration (CA, DE, IL, and Ml).

Sincethelogistic regressioomodelswerepredictingthe probabilityof deterrenexpe-
rience,thereforepositive andsignificantcoeficientscanbe expected tancreasehelikeli-
hoodof areleasedavingbeendeterredasaresultof thisincarcerationSimilarly, negative
codficientsimply increasedikelihood that the releaseeéhad merely an incapacitativeor
evena criminogenic experience.

As shouldbe expectedyeleaseeshat have highernumbersof prior arrestsare less
likely to experiencaleterrenteffects. Thosecloserto their prior arrestclustersandthose
releasedaterin life weremorelikely to experiencedeterrenteffects. Surprisingly,those
with later agesof first arrestwere consistentlylesslikely to experiencaleterrenteffects.
Amongthe Groupl statesBlacksweremorelikely to experiencedeterrenteffectswhile
amongGrouplV stategheywerelesslike to be deterred Maleswerelesslikely to bede-
terredby incarcerationamongthe statesn Groupsl, Il, andlV) and,typically, prisoners
releasedrom Violent, Propertyor Drugrelatedcrimeswerelesslikely to experienceleter-
renteffects(relativeto Public Ordercrimes). Surprisingly,the releasenechanisnseemed
to haveminimal effectin explainingthetype of experienceeleasecouldexpect.Theonly
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Table 3.6: Effectsof predictorsontheprobabilityof areleasedaving
a deterrent(versusan incapacitativeor criminogenic)incarceration
experience.

Groupl? Group IF Group II? GrouplV?
#PRIOR ARRESTS —- — — ——

CARAGE ++ ++ ++ ++
AGE1ST — — — —
RELAGE ++ ++ ++ ++
BLACK + 0 0 —
MALE — —— 0 —
VIOLENT 0 - —— -
PROPERTY 0 —— - -
DRUG 0 —— 0 0
PAROLP 0 ++

MANDATORY 0 e e
CONDITIONAL 0

All models include an intercept term and fixadte effects.
.-+ Variablenot part of this model.

a8 Groupl: MD, NY, NC, TX, & VA; Groupll: MN & OR; Grouplll: AZ, FL,
NJ, & OH; and Group IV:CA, DE, IL, & MI.

b Referencecategoryis Unconditionalfor Group| model and MANDATORY
for group 1l models.

modelin which the type of releaseplayeda significantrole wasamongGroupll states.
Here,beingreleasedsia discretionaryreleasevasmorelikely to resultin areleasedeing
deterred than being released mandatorily.

As notedabove,thesefindings are not intendedto provide any specificpolicy rec-
ommendations.Rather,they are presentechereas a meansof showcasinghe utility of
the proposedanalyticalstrategyin assistingoractitionersn decisionmaking.Forinstance,
stateand local authoritiesthat have suficiently detailedinformation aboutthe programs
that releaseegparticipatedin while in-prison, or the kinds of assistancdeing offeredto
thematfter releasewhetheror not they haveemploymentavailableuponreleasewhether
theyarereturningto a family with strongties, etc.,couldall be usedin the type of model
describedabovein an attemptto studyhow, if at all thesevariables(many of which are
choicesavailableto practitionerandpolicy makers)canincreaseor decreasé¢helikelihood
that a releasee will be deterred from future crime.

3.5.2. Linear regressionmodels of the incarcerationexperience

In this section,l presentresultsof usingthe ¢ statisticdirectly asthe criterion variable.
That is, ratherthan classify the averagelog divergencebetweenthe counterfactuabnd
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Table 3.7: Effectsof predictorson the averagdog deviationof the
post-release trajectory from the counterfactual.

Groupl? Group I Group III? GrouplV?2
#PRIOR ARRESTS —- —— —— ——

CARAGE ++ ++ ++ ++
AGE1ST ++ ++ ++ ++
RELAGE — — —— ——
BLACK 0 0 0 0
MALE ++ ++ ++ ++
VIOLENT 0 0 + 0
PROPERTY 0 0 0 0
PAROLP 0 -

MANDATORY — . .
CONDITIONAL 0

All models include an intercept term and fixadte effects.
--+ Variablenot part of this model.

a8 Groupl: MD, NY, NC, TX, & VA; Groupll: MN & OR; Grouplll: AZ, FL,
NJ, & OH; and Group IV:CA, DE, IL, & MI.

b Referencecategoryis Unconditionalfor Group| modeland MANDATORY
for group 1l models.

post-releasbazardrajectoriesnto discretecategoriegdeterrentincapacitativeandcrim-
inogenic), s canitself provide information on the incarcerationexperience. Therefore,
simpleOLS modelscanbeusedto studywhetherandto whatextentvariousfactorscanbe
expectedo increasfecrease the valus 6.

Notethatlargerpositivevaluesof § imply strongcriminogeniceffectswhereadarge
negativevaluesof 6 imply strongdeterrenteffects. Hencefactorsthat canbe expectedo
decreasé significantlycanthenbeconsidereasvariableselatedwith increasedleterrent
experiencesHence the resultsin this sectionare presentedn a parallelfashionto those
in the previoussection. The samemodelsare estimatedfor the samegroupsof states.
Findings are presented in Tal8e7.

Theseregressionsevealsomeanomaloudindings. First, the numberof prior arrests
and CARAGE now havethe reverseeffectsasthey did in the logistic regressiormodels.
Thatis, now, highernumberof prior arrestss associatewvith alower ¢ (implying largerde-
terrenteffects)andbeingcloserto the pastclusters—i.e.higherCARAGE—implieslarger
valuesof § (lower deterrenteffects). Theseare qualitatively oppositeto what was found
in the logistic regressioranalysis. As such,thesefindings shouldbe viewed with some
skepticism. It is possiblefor examplethat muchof the co-variationbetweenCARAGE
andg¢ existswithin asmallrangeaboutO. It is possiblethatthis smallrangeis completely
includedinto the categoryof “incapacitatioreffect” whenwe convertthe continuouss into
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theclassifications.

On the otherhand,the linear regressiorfindingslend strengthto someof the other
conclusiongeachedat usingthelogistic regressioranalysis.For example RELAGE and
AGE1ST havethe samesignsacrossall stategroupsand they havethe samequalitative
effect onthe incarceration experieneswasfound in thecategoricahnalysis.In a similar
manner,femalesare (in this model) unambiguouslymore deterredby their incarceration
experiencghanmales. The offensefor which releaseesvereincarceratedseemdgo have
little or no contributiontowardsexplainingvariationin the deterrenteffects. Finally, dis-
cretionaryreleasg\whencomparedwith mandatoryreleasehasa higherdeterrenteffect
on releaseesnd mandatoryrelease(as comparedo an unconditionalrelease)seemsto
havea higherdeterrenteffect on releaseesSimilar sporadicfindingsof a deterrenteffect
of release mechanism were also found in the logistic regressions.

Hence,whenusedin concertthe two setsof analysishavethe potentialof strength-
ening the conclusionsone may reachaboutthe kinds of factorsthat can be expectedto
increasdhe deterrent benefits of incarceration and minimize its criminogenic harm.

3.6. SUMMARY OF FINDINGS

Theresearcttonductedandreportedon here,waslargely a developmeneffort. Despite
that, some interesting findings emerdeam the dfort that are summarized below.

1. Therewasafair amountof consistencyamongall the pre-prisorbasednodelsof the
criminal historyaccumulatiorprocesseacrosghe 15 statesanalyzed For example,
beingfurtheralongin thecriminal careef(i.e.,beingatrisk of ahigherarrestnumber)
andstartingthecareeliater(i.e.,havingahigherageatfirst arrest)prettyconsistently
resultin loweredhazardtrajectories. Similarly, all elsebeing equal, being closer
to pastarrestclusters,is consistentlyassociatedvith increasechazardtrajectories.
Therewaslessconsistencyamongstatesvhenmodelingthe deviationbetweernthe
counterfactuahndactualrearreshazardtrajectoriesafterrelease Beinglaterin the
criminal careerexertsan upwardpressureon the offendingtrajectoryrelativeto the
counterfactualSimilarly, beingcloserto pastclusterexertsa downwardpressuren
the trajectory relativéo the counterfactual.

2. The criminal history accumulatiorprocesscontainsvaluableinformationaboutthe
long-termseculartrendsin individuals’ offendingpatternsoverthelife course.The
counterfactuatrajectoriespasedon estimatednodelsof the pre-prisonbasedcrim-
inal history accumulatiorprocessandprojectedfor the post-releasgeriod,perform
remarkably well in predicting rearrests within three years of release.

3. As expectedthe samecounterfactualslo not performaswell whenusedfor making
short-termprojections. The false-positiveratesare at very high levels throughout
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the follow-up period. Whenupdatedwith modelsof the post-releasdehavior,the
models perform remarkably well.

4. In this analysisjargeportionsof thereleasecohortwereclassifiedashavinghadan
incapacitativeor a deterrentexperience.A small proportionof the sampleexperi-
enced criminogenicféectsas a result of this incarceration.

5. Using theseclassificationsas the criterion outcome,increasedage at releaseand
being closerto pastclusterswere consistentlyfound to increasethe likelihood of
a releaseeexperiencinga deterrenteffect. Having more prior accumulatedarrests
and having a later ageat first arrestwere both found to significantly decreasethe
likelihood of a deterrenteffect. Beingreleasedo supervisionwvasfoundnotto deter
releasees substantially.

6. Usingthe averagéog divergencéetweerthe counterfactuaind theactual trajecto-
riesasthe criterion someanomaloudindingswereuncovered However,the effects
of ageatfirst arrestandageat releasenverequalitatively similar to whatwasfound
in the categoricabhnalysis.Additionally, femalesvereexpectedo experiencdarger
deterrent effects than similar males.

3.7. CONCLUDING COMMENTS

In this chapter,l appliedthe analyticalframeworkdevelopedn this researcheffort to a
particulardataset. | estimatedseveralmodelsof the pre-prisoncriminal history accumu-
lation processand usedthat to constructcounterfactuatrajectoriesfor future offending
patterns. Models of post-releaseffendingtrajectoriesfor the next rearresteventwere
thenestimatedusingthe projectedcounterfactualas prior knowledge. Furthermorethe
post-releasé&rajectoriesverecomparedvith the counterfactual$or eachindividual in the
post-releasesampleandvaluesof thes statistic(theaveragdog deviationof theactualand
counterfactualyverecomputed.Using the expectedralueof 6 andits standarddeviation,
the currentincarceratiorexperienceof eachof the samplemembersvasclassifiedashav-
ing beendeterrentcriminogenic,or merelyincapacitative Finally, simplemodelslinking

these experiencds availableattributeswvere estimated and discussed.

The point of this exercisewasto demonstrateéhe capabilitiesof the approach. As
notedin the introductory chapter,no specificpolicy recommendationsan or are being
madeasa resultof this analysis.Its solepurposewvasto developandexplaintheanalytical
framework.

Before concludingthis chapter,a point of clarificationis in order. In this chapter,|
havemodeledthe post-releas¢rajectoryasthe evolutionof the hazardfor the nextarrest
event upomeleaselt is possiblethoughnot exploredin this report,to modeltheevolution
of hazarddor all future arresteventsafterreleaselt is alsopossibleto computecounter-
factualsfor eachof thesefuture rearresteventsusingestimategrom the pre-prisonbased
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models.However,t seemsomewhaawkwardto speakof thedeterrentincapacitativeand

criminogeniceffectsof the currentincarceratioron the 2nd, 3rd, andsubsequentearrest
afterrelease.Considerfor examplejf we areto find that, for a particularindividual, this

incarceratiorhadanincapacitativestffectfor the 1strearresafterreleasdutacriminogenic
effectfor the 2nd rearrestafter release. What arewe to makeof this finding? It seemgo

me cleanerto restricttheseclassificationgo just the first rearrestevent. Alternately,one
couldcomputeccomposite measuresaggregatedotonly acrosgheentireresidualife of

thereleasebut acrossall subsequentearreseventsor aggregatedor specifictime periods
(e.g. first six monthsfollowing release) Exploringtheseextensiorarepromisingareador

future work.
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Chapter 4

Conclusion

In this chapter,| discussthe largerimplicationsof this researcheffort and proposesome
promising directions for future research.

4.1. IMPLICATIONS

The analyticalframeworkdevelopedasa resultof this researcteffort hasimportantsub-
stantive methodological, and practical implications.

4.1.1. Substantiveimplications

Substantivelythe analyticalframeworkdevelopecherehasthe potentialto shedlight ona
very importantquestion:How doesincarcerationaffectindividuals? Althoughtheoretical
argumentdor and againstthe useof incarceratiorasa crime control strategyabound.it
is hard,in my opinion, to imaginethat this importantpolicy tool hasthe sameeffecton
all personsat all agesandall times. As such,it would be very beneficialto be able to
determinepr at the very leastinvestigatethe typesof individualslikely to be deterredby
incarcerationln asimilarway, it would bevery beneficiato understandhowincarceration
canhavedifferingimpactson the samepeopleat variousstagesn their life andor criminal
careersThe frameworkdevelopedere dfersone wayto directly investigatéhese issues.

Thereare severalrelatedsubstantivebenefitsthat can be derivedby extendingthis
research in appropriate directions that are discussed in more detail below.

4.1.2. Methodological implications

Whenthe detaileddatedarresthistoriesof a sampleof releaseess availableto researchers,
utilizing only one sourceof variationin the data—thetotal amountof criminal history
accumulategbrior to prisonadmission—formodelingthe risk of future recidivismforces
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analyststo wastevaluableinformation and therebyforgo learningopportunities. A sec-
ondsourceof variationavailablein thesepre-prisonarresthistories—thgrocessy which

individualswere accumulatinghesehistories—containgnmenseamountof information

aboutfutureoffendingpatterns.Theinformation-theoreti@vent-historynodels developed
in thisresearcleffort, allow thisknowledgeto beintroducednto themodelingstrategyin a

very intuitive andeasyway. The procesdy which individualsaccumulateheir pre-prison
arresthistories typically, havesomevery predictablepatternghatcanbe modeled.These
modelsallow simple projectionof therisk (hazard)of future arrestevents. Theseprojec-
tions can be thoughtof as personspecificmicro-trajectorieghat trace out the evolution
of rearresthazardshad the individual not beenincarcerated As such,they are perfect
counterfactualagainstwhich to assess the post-releagiendingpatters.

StatisticalconceptsuchasKullback-LeiblerDirectedDivergencaneasureghefam-
ily of Cressie-Read Pow@&ivergencemeasures, anithformation Entropyareall inequal-
ity measureshatcapturethe divergencebetweertwo probability distributions.Modifying
thesemeasure$o capturedivergencéetweertwo functionsis straightforward. Therefore,
building on information-theoretidoundations divergencemeasuredetweencounterfac-
tual andactualtrajectoriescanbe developedhatallow for a systematiaefinition of what
it meandor two trajectoriego divergesugfciently. Onesuchmeasuravasdevelopedn this
researcleffort. Thesemeasuresllow for a simple classificationof releaseeto groups
thatwereeitherdeterredoy theirincarceratioror weremerelyincapacitatear, in fact, had
a criminogenicexperience.Traditionalmodelingapproachessuchaslogistic andlinear
regressionszan then be used to investigdle correlates of these experiences.

Flexible functionalform modelsof recidivismoffer the possibility of increasingthe
predictiveaccuracyof the modelbecausehey arenot boundby the assumptionsf a par-
ticular functionalform. For example,if researcherare unsureaboutthe proportionality
assumptionthey may simultaneouslymposeproportionalityandnon-proportionalitycon-
straintsusingthedata.Thatway, to theextentthatoneor the othermodelssatisfieghereal
procesgeneratinghe data,relevantLagrangeMultipliers will be distinguishabldrom O
andtheremainingwill not. Theseflexible functionalform modelsrely on, whatis termed,
the Encompassingrinciple (seeChapterl4 in Hendry[1995]). They offer a nice way to
introducenon-linearity,systematicheterogeneityandmixed processesthenmodelingre-
cidivism. In this researchtheflexible hazardnodelswereusedto modelboththecriminal
history accumulatiorprocessaswell asthe risk of post-releaseearrest.Evenif detailed
arresthistoriesareunavailableto researcherghe information-theoreti@pproacrcanstill
be usedvary profitably becauset allows for very generalformsfor the links betweerat-
tributesand the hazards.

4.1.3. Practical implications

Although muchof the softwareneededor the analysisconductechereneededo be pro-
grammed from scratch, the availability standardsoftwareallowing researchers to utilize

48



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

informationandentropybasedmethodis increasingapidly. For example SAS hasintro-

ducedanexperimentaprocedurainderits ETSmodulecalledPROCENTROPYthatis de-

signedfor the estimationof linearandnon-lineamodelsusingthe GeneralizedMaximum

Entropy (GME) approachintroducedby Golan, Judge,and Miller (1996). Additionally,

LIMDEP—anothempopulareconometricsoftware—hasecentlyaddedhe GME methods
for estimating binary and multinomial logit models.

Software neededto estimategeneralizedhazardmodelsusing the framework de-
scribedin this reporthereis far from being developed. In the interim, researcherand
practitionerswill needto rely onroutinesandmacrosdevelopecandmadeavailableto the
public. In an Appendixto this report, | haveprinted out the SAS macrothat| wrote in
orderto estimatehe modelspresentedh this paper.Researcherandpractitionersaarewel-
cometo copy,edit, alter,andusethatcodefreely. However,| do notoffer anyperformance
guarantees.

Dependingnthesizeof thesampleusedaswell asthehardwarea particularresearch
is utilizing, theperformanceanvary significantly. Howevertheprocedures very efficient.
UsingtheIML moduleof SAS (Version8.02),a modellike thatof Arizona’s (presentedn
Table 3.3)took lessthan30 secondgo convergeon my Dell PC (with a 3.00GHz CPU).
Notethatthepre-releaseatain Arizonahasroughly10,000events.Usingaquarterlygrid
from ageO to 100 (i.e., z = (0,0.25,0.50,0.75,1,...,99.5,99.75,100Y)) for the support
spacethismeanghatin eachiteration,theproceduraneededo evaluateafull 10,000x401
dimensionalmatrix. Despitethat, the convergenceavasvery rapid. With the California
samplethe computesimply ran out of memoryo store the matrixTherefore, the sample
neededo betruncatedo 2500individuals. Thisresultedn 21,838eventsn thepre-release
sample Forthis samplethemodelconvergedn 1.42minutes.Thereforedespitethelarge
samplesizesthatstateandlocal authoritiesmayhaveattheirdisposalthe procedureshould
poselittle or no problems on currently availabb®mputing power.

4.2. DIRECTIONS FOR FUTURE RESEARCH

Theanalyticalframeworkdevelopedn this projectwasnot subjectto simulationtesting,as
| concentrate@n developingthe frameworkandapplyingit to a substantiveoroblem. An
obviousdirectionfor future researctwould beto assesshe performancef the developed
frameworkto Monte Carlo simulations. That effort would alsohelp identify its strengths
relativeto existingapproaches.

Anotherdirectionfor future researchaswasnotedin the previouschapter,involves
the expansiorof the ¢ statisticto covermultiple rearreseventsafterrelease A composite
measureaggregatinghelog divergencéetweerthe counterfactuahndactualhazardtra-
jectoriesfor severalrearresteventsafter releasemay (or may not) yield moreclarity into
the efctsof incarceration.

As wasnotedat the end of Chapter2, given that no modelcanhopeto captureall
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unobservedheterogeneitysing availablattributesjt may be desirabléo allow the possi-
bility of unobservecdeterogeneity via finite mixture modelling techniques.

An interestingextensiorof the existingapproactwould beto allow the simultaneous
modelingof variousrelatedrepeate@vents.Forexampletheframeworkcouldbeextended
andusedto studywhetherandhow incarceratioraffectsthe co-evolutionof thetrajectories
of offendingand employmentor offending and drug use) ovéhe life course.

Finally, it would beworth utilizing the aboveframeworkfor exploringhow the crimi-
nal historyaccumulatiorprocesss deflectedy otherinterventionge.g.,marriagedivorce,
relocationdrugtreatmentgtc.). A largeamountof society’sresourcesrespenton trying
to divertindividualsfrom criminal offendingor druguse—outcomethathavebeenshown
to havevery predictablgatterns.Typically, programslesignedo do soareevaluatedising
the standardexperimentabr quasi-experimentapproachesTheseapproachearesimply
differentresearchdesignsusedfor constructingplausiblecounterfactualsHowever,there
areseverainstancesvhenexperimentainterventionsarenot possibleandor whencompa-
rablecontrolgroupsareimpossibleto find. In suchsettingsjt maybe worth investigating
whetherthe frameworkdevelopecdherecanbe usedto constructplausiblecounterfactuals
simply by modelingthe procesdeforeintervention. In a sensepnewould thenbe eval-
uatingthe succes®f the interventionusingembeddeaounterfactuals—counterfactuals
embeddedn the individual’s past—inorderto studywhetherandto what extentthe pro-
gramwassuccessful in achievinigs goals.

Historiansusethis terminologyfor a modeof reasoninghat allows themto reasoraboutthe causeof
historicaleventsandactionsthat cannotbe assessedsing experimentabr quasi-experimentapproaches.
See, for exampleschroeder (undated).

50



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

References

Allison, P. D. (1996) Survival AnalysisUsing the SASSystem:A Practical Guide Cary,
NC: SAS Institute Inc.

Asadi,M., Ebrahimi,N., HamedaniG. G. andSoofi, E. (2005)“Minimum DynamicDis-
crimination Information Models.Journalof Applied Probability42(3):643-660.

Bhorlchain,M. N. (1987) “Period Parity ProgressiorRatiosand Birth Intervalsin Eng-
land andWales,1941-1971:A SyntheticLife Table Analysis.” PopulationStudies
41(1):103-125.

Blossfeld,H., Hamerele A. andMayer, K. U. (1989) EventHistory Analysis: Statistical
Theoryand Applicationsin the Social SciencesHillsdale, NJ: LawrenceErlbaum
Association Publishers.

Blumstein,A., CohenJ.,Roth,J. A. andVisher,C. A. (1986)Criminal Careersand“Ca-
reer Criminals”, Volumesl & II, Washington,DC: National Academy Press.

Brame,R., Bushway,S. andPaternosteiR. (2003)“Examiningthe prevalencef criminal
desistance.Criminology 41:423-448.

Bureauof JusticeStatistics(2002). Recidivismof PrisonersReleasedn 1994,Codebook
for Dataset 3355Downloadedrom NACJDin August 2003.

Bushway,S.,Brame,R. andPaternosteR. (2004)“Connectingdesistancandrecidivism:
Measuringchangesn criminality over the lifespan.” In ShaddMuranaand Russ
Immarigeon(eds.) After crime and punishmentPathwaydo offenderreintegration
Portland, OR: WillianPublishing.

CressieN. andRead,T. R. C. (1984)“Multimodel Goodness-of-FiTests”Journal of the
Royal Statistical Societger.B 46(3):440-464.

Donoho,D. L., Johnstonel. M., Joch,J. C. andStern,A. S. (1992)“Maximum Entropy
and Nearly Black ObjectsJournalof the Royal Statistical Societger.B 54:41-81.

Ebrahimi,N., Habibullah,M. and SoofiE. (1992) “TestingexponentialityBased orKull-
back-Leiblernformation.” Journalof the RoyalStatisticalSociety Ser.B 54(3):739-
748.

Ebrahimi,N. and Soofi, E. (2003)“Static and Dynamic Informationfor Duration Analy-
sis.” Invited presentatiomgivenat A Conferencen Honor of Arnold Zellner: Recent

51



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

Developments the Theory,Method,and Application of Informationand Entropy
EconometricsWashingtonD.C. Accessed Feb 25, 2006 from
http://www.american.egoas/ecoffaculty/golangolanPapers/&0soofi.pdf

Ebrahimi, N. and Kirmani, S. N. U. A. (1996) “A Characterizatiorof the Proportional
HazardModel Througha Measureof DiscriminationBetweenTwo ResidualLife
Distributions.” Biometrika83(1):233-235.

Ezell,M. E.,Land,K. G.andCohen,L. E. (2002)“Modeling Multiple FailureTime Data:
A Surveyof Variance-Correcte®roportionaHazardModelswith Empirical Appli-
cations to Arrest Data.SociologicalMethodology33:111-167.

Farrington,D. (1986). “Age andCrime.” In Crime and Justiceed. N. Morris, M. Tonry
1:289-348.Chicago, IL: Universityof Chicago Press.

FeeneyG. andYu, J. (1987)“Period Parity ProgressiorMeasuref Fertility in China.”
PopulationStudiesA1(1):77-102.

Fomby, T. B. andHill, R. C. (1997)ed. Advancesn Econometrics:Applying Maximum
Entropyto Econometric Problem&/olume12.

Golan, A. (2002) “Information and Entropy Econometrics—Editor'd/iew.” Journal of
Econometricd07(1-2):1-357.

Golan,A., Judge,G. G., andMiller, D. (1996) MaximumEntropy Econometrics:Robust
Estimation with Limited DataChichesterEngland:John Wileyand Sons.

Good,l. J.(1963)“Maximum Entropyfor Hypothesis~ormulation,Especiallyfor Multi-
dimensional Contingencyables.” Annalsof Mathematical Statistic34:911-934.

Gull, S. F. (1989) “Developmentsin Maximum Entropy Data Analysis.” in Maximum
Entropyand Bayesian Statistie. Skilling, JBoston:Kulwer.

Gull, S. F. andDanielle,G. J. (1978)“Image Reconstructiorirom Incompleteand Noisy
Data.” Nature272:686-690.

HaganJ.andPalloni,A. (1988)“CrimesandSocialEventsin theLife Course:Reconceiv-
ing a Criminological ControversyCriminology 26(1):87-100.

Harding,R. W. andMaller, R. A. (1997)“An ImprovedMethodologyfor Analyzing Age-
ArrestProfiles: Application to a WesternAustralianOffenderPopulation.” Journal
of Quantitative Criminology3(4):349-372.

Hendry,D. F. (1995)DynamicEconometricsNew Your, NY: Oxford UniversityPress.
Hinde, A. (1998)Demographidvethods New York, NY: Oxford UniversityPress Inc.

Hirschi, T. andGottfredsonM. R. (1983)“Age andthe Explanationof Crime.” American
Journalof SociologyB89:552-584.

Huber,P.J.(1967)“The Behaviorof MaximumLikelihood EstimatorsinderNon-Standard
Conditions.” Proceedingf the Fifth Symposiunon MathematicalStatisticsand
Probability 1:221-233.

52



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

JaynesE. T. (1957a)“Information Theory and StatisticalMechanics.” PhysicsReview
106:620-630.

JaynesE. T. (1957b)“Information Theoryand StatisticalMechanicdl.” PhysicsReview
108:171-190.

JaynesE. T. (1982)“On The Rationaleof Maximum Entropy Methods.” Proceedingsof
the IEEE70(9):939-952.

Journalof EconometricsSpeciallssueson Informationand EntropyEconometric§2002).
ed. Amos Golan107(1-2):1-357.

Kullback, J. (1959)Information Theory and StatisticBlew York, NY: John Wiley.

Land, K. andNagin, D. (1996) “Micro-Models of Criminal Careers:A Synthesisof the
Criminal Careerand Life CourseApproachesvia Semiparametriévlixed Poisson
RegressiomModels.” Journalof Quantitative Criminology.2(2):163-191.

Langan,P. A. andLevin, D. J. (2002) Recidivismof PrisonersReleasedn 1994 Special
Report, WashingtorC: Bureau of Justice Statistics.

LevineR.D. (1980)“An InformationTheoreticApproachto InversionProblems.”Journal
of Physics AL3:91-108.

Maasoumi,E. (1993)“A Compendiunmof Information Theoryin Economicsand Econo-
metrics.” Econometric Reviewk2(2):137-181.

Maltz, M. D. (1984)Recidivism Orlando, FL: Academic Press.

Maltz, M. andMullany, J. M. (2000)“Visualizing Lives: New Pathwaydgor AnalyzingL.ife
Course TrajectoriesJournalof Quantitative Criminology.6(2):255-281.

Mayer,K. U. andTuma,N. B. (ed.) (1990)EventHistory Analysisin Life CourseResearch
Madison, WI: The Universitypf WisconsinPress.

Mittelhammer,R. C., Judge,G. G., andMiller, D. J. (2000). EconometricFoundations
Cambridge, UK: Cambridge UniversiBress.

Nagin,D. S.(2005)GroupBasedViodelsof DevelopmenBoston MA: HarvardUniversity
Press.

Nagin,D. S.andLand, K. (1993)“Age, Criminal Careersand PopulationHeterogeneity:
Specificationand Estimationon a Non-ParametricMixed PoissonModel.” Crimi-
nology31:327-362.

Piquero,A. R., Farrington,D. P., andBlumstein,Al. (2003)“The Criminal CareerPara-
digm.” In Crime and Justice.ed. M. Tonry 30:359-506.Chicago,IL: University of
Chicago Press.

Ryu, H. K. (1993)“Maximum Entropy Estimationof DensityandRegressior-unctions.”
Journalof Econometric$6:397-440.

SampsonR. J. andLaub, J. H. (1990)“Crime and DevianceOver the Life Course:The
Salience of Adult Social BondsAmerican SociologicaReviews5:609-627.

53



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

SampsonR. J.andLaub,J.H. (1993)Crimein the Making: Pathwaysand Turning Points
ThroughLife. Cambridge, MA: HarvardJniversity Press.

Schmidt,P. andWitte, A. D. (1988) Predicting RecidivismUsing SurvivalModels New
York: Springer-Verlag.

Schroede.W. (undatedYEmbeddedCounterfactualandWorld War| asanUnavoidable
War.” forthcomingin Unmakingthe West: CounterfactualThoughtExperimentsn
History, editedby Philip Tetlock,RichardNedLebowandGedtrey Parker.Accessed
Feb 25, 2006, from
http://www.asu.edwlaspolisci/cqrmpapers/schroedercounterfactual.pdf

ShannonC. E. (1948)‘A Mathematicallheoryof Communication.Bell SystenTechnical
Journal27:379-423.

Soofi,E. S.(1994)“CapturingtheIntangibleConcepbf Information” Journalof the Amer-
ican Statistical Associatio89(428):1243-1254.

Soofi,E. S.,Ebrahimi,N. andHabibullah,M. (1995)“Information Distinguishabilitywith
Applicationto Analysisof FailureData.” Journal of the AmericanStatisticalAsso-
ciation 90(430):657-668.

Visher, C. A., Lattimore, P. K., andLinster, R. L. (1991)“Predictingthe Recidivismof
Serious Youthfulbffenderausing SurvivaModels.” Criminology 29(3):329-362.

White, H. (1980)“A Heteroskedasticity-Consiste@bvarianceMatrix Estimatoranda Di-
rect Testfor Heteroskedasticity.Econometrica 48:817-830.

Zellner, A. (1991)“BayesianMethodsand Entropyin Economicsand Econometrics.”In
MaximumEntropyand BayesianViethodsed.W. T. GradyandL. H. Schick,17-31,
Netherlands, Kulwer.

Zellner, A., andHighfield, R. A. (1988)“Calculationof Maximum Entropy Distributions
and Approximationof Marginal PosteriorDistributions.” Journal of Econometrics
37:195-2009.

54



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

Appendix A

Model estimates

In this Appendix,| providedetailedestimate®f all themodelssummarizedn Chaptel3. It

is organizedasfollows. TableA.1 throughTableA.15 provideparametergstimateslong
with diagnosticgor eachof the statespecificmodels.Theupperhalf of the panelprovides
estimate®f the pre-prisoncriminal history accumulatiorprocessmodels. The lower half

in eachof thesetablesprovidesestimate®f the post-releaseecidivismmodelsfor thefirst

releaseafter release The modelparameterseflectdeviationsfrom the pre-prisonbased
counterfactuals.

TableA.16 throughTableA.19 provide parameteestimategrom the four setsof lo-
gisticregressionsonductednthelikelihood of theindividual’'s experiencdeingdeterrent
versusnot and Table A.20 throughTable A.23 provide parameteestimatesrom the four
sets of linear regressiomenducted to explaimariationin the s statistic.
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Table A.1: Pre-prisorandpost-releasbasedchazardmodelsof
the criminal history accumulatiorprocesf prisonergeleased

in 1994, AZ
deBc  a.s.et Wald 2 p-value
Pre-prison

a INTERCEPT -0.5762 0.0846  46.42 0.00
a EVENTNUM -0.0323 0.0045 51.09 0.00
a AGEI1ST -0.0056 0.0018 9.38 0.00
a CARAGE 0.0163 0.0016  97.22 0.00
a CONFLAST 0.0887 0.0175  25.65 0.00
B INTERCEPT 0.1539 0.0280 30.24 0.00
B EVENTNUM 0.0086 0.0013  46.20 0.00
B AGE1ST 0.0011 0.0005 4.13 0.04
B CARAGE -0.0043 0.0005 66.47 0.00
B CONFLAST -0.0264 0.0050 27.34 0.00

N= 10,920

@ = -28070.54

Post-release

a INTERCEPT 0.6637 0.0549 146.30 0.00
a EVENTNUM 0.0314 0.0029 117.51 0.00
a AGE1ST -0.0021 0.0031 0.47 0.49
a CARAGE -0.0127 0.0010 147.93 0.00
a CONFLAST -0.0566 0.0305 3.45 0.06
B INTERCEPT -0.1845 0.0143 166.22 0.00
B EVENTNUM -0.0084 0.0007 129.02 0.00
B AGEL1ST 0.0006 0.0008 0.62 0.43
B CARAGE 0.0035 0.0003 160.40 0.00
B CONFLAST 0.0167 0.0085 3.84 0.05

N= 1,418

@ = -530.26

a8 Modified sandwich variancestimates.
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Table A.2: Pre-prisorandpost-releasbasedhazardmodelsof
the criminal history accumulatiorprocesf prisonergeleased

in 1994, CA
deBc  a.s.et Wald 2 p-value
Pre-prison

a INTERCEPT -0.5391 0.0400 181.93 0.00
a EVENTNUM -0.0213 0.0039 29.94 0.00
a AGEI1ST -0.0089 0.0010 77.23 0.00
a CARAGE 0.0157 0.0009 300.10 0.00
a CONFLAST 0.0609 0.0180 11.43 0.00
B INTERCEPT 0.1506 0.0129 136.98 0.00
B EVENTNUM 0.0056 0.0011 25.66 0.00
B AGE1ST 0.0018 0.0003 39.51 0.00
B CARAGE -0.0042 0.0003 246.15 0.00
B CONFLAST -0.0195 0.0054 13.10 0.00

N= 21,838

¢ = -51560.73

Post-release

a INTERCEPT 0.6557 0.0229 819.71 0.00
a EVENTNUM 0.0224 0.0015 229.02 0.00
a AGE1ST 0.0006 0.0010 0.28 0.60
a CARAGE -0.0121 0.0005 657.92 0.00
a CONFLAST -0.0450 0.0150 9.00 0.00
B INTERCEPT -0.1969 0.0063 964.15 0.00
B EVENTNUM -0.0059 0.0004 221.52 0.00
B AGEL1ST 0.0002 0.0003 0.67 0.41
B CARAGE 0.0034 0.0001 758.60 0.00
B CONFLAST 0.0142 0.0042 11.59 0.00

N= 6,902

¢ = -2567.26
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Table A.3: Pre-prisorandpost-releasbasedhazardmodelsof
the criminal history accumulatiorprocesf prisonergeleased

in 1994, DE
deBc  a.s.et Wald 2 p-value
Pre-prison

a INTERCEPT -0.1589 0.0529 9.01 0.00
a EVENTNUM -0.0173 0.0038 21.17 0.00
a AGEI1ST -0.0295 0.0017 294.87 0.00
a CARAGE 0.0153 0.0011 188.23 0.00
a CONFLAST -0.0102 0.0246 0.17 0.68
B INTERCEPT 0.0487 0.0168 8.45 0.00
S EVENTNUM 0.0047 0.0011 17.43 0.00
B AGE1ST 0.0075 0.0005 258.83 0.00
B CARAGE -0.0041 0.0004 131.98 0.00
B CONFLAST -0.0009 0.0073 0.02 0.90

N= 10,184

@9 = -17726.91

Post-release

a INTERCEPT 0.2729 0.0712 14.69 0.00
a EVENTNUM 0.0192 0.0031 37.35 0.00
a AGE1ST 0.0213 0.0050 18.12 0.00
a CARAGE -0.0114 0.0015 55.88 0.00
a CONFLAST -0.0659 0.0399 2.73 0.10
B INTERCEPT -0.0852 0.0202 17.84 0.00
B EVENTNUM -0.0052 0.0009 34.08 0.00
B AGELST -0.0055 0.0014 15.75 0.00
B CARAGE 0.0032 0.0004  58.57 0.00
B CONFLAST 0.0213 0.0115 3.41 0.06

N= 659

@4 = -202.36
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Table A.4: Pre-prisorandpost-releasbasedhazardmodelsof
the criminal history accumulatiorprocesf prisonergeleased

in 1994, FL
deBc  a.s.et Wald 2 p-value
Pre-prison

a INTERCEPT -0.5787 0.0449 166.21 0.00
a EVENTNUM -0.0241 0.0019 162.09 0.00
a AGEI1ST -0.0071 0.0012 32.49 0.00
a CARAGE 0.0158 0.0008 350.92 0.00
a CONFLAST 0.0794 0.0138  33.27 0.00
B INTERCEPT 0.1595 0.0135 139.04 0.00
S EVENTNUM 0.0065 0.0005 147.44 0.00
B AGE1ST 0.0014 0.0003 16.40 0.00
B CARAGE -0.0042 0.0003 271.69 0.00
S CONFLAST -0.0244 0.0040 37.45 0.00

N= 25,729

¢ = -57661.94

Post-release

a INTERCEPT 0.8444 0.0342 608.89 0.00
a EVENTNUM 0.0266 0.0020 178.96 0.00
a AGE1ST -0.0027 0.0019 1.95 0.16
a CARAGE -0.0142 0.0007 452.24 0.00
a CONFLAST -0.0571 0.0240 5.64 0.02
B INTERCEPT -0.2416 0.0092 695.52 0.00
B EVENTNUM -0.0071 0.0005 179.17 0.00
B AGEL1ST 0.0009 0.0005 3.61 0.06
B CARAGE 0.0039 0.0002 506.59 0.00
B CONFLAST 0.0189 0.0067 8.04 0.00

N= 2,554

¢ = -874.94
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Table A.5: Pre-prisorandpost-releasbasedhazardmodelsof
the criminal history accumulatiorprocesf prisonergeleased

in 1994, IL
deBc  a.s.et Wald 2 p-value
Pre-prison

a INTERCEPT -0.6386 0.0580 121.19 0.00
a EVENTNUM -0.0271 0.0030 84.06 0.00
a AGEI1ST -0.0081 0.0016  24.50 0.00
a CARAGE 0.0182 0.0014 159.57 0.00
a CONFLAST 0.0304 0.0257 1.40 0.24
B INTERCEPT 0.1900 0.0182 108.60 0.00
B EVENTNUM 0.0074 0.0009 74.23 0.00
B AGE1ST 0.0014 0.0005 9.06 0.00
B CARAGE -0.0050 0.0004 125.82 0.00
B CONFLAST -0.0136 0.0076 3.21 0.07

N= 19,209

¢ = -44910.71

Post-release

a INTERCEPT 0.9450 0.0376 630.65 0.00
a EVENTNUM 0.0274 0.0024 135.12 0.00
a AGE1ST -0.0068 0.0017 15.24 0.00
a CARAGE -0.0144 0.0008 363.05 0.00
a CONFLAST -0.0400 0.0212 3.56 0.06
B INTERCEPT -0.2824 0.0102 772.07 0.00
B EVENTNUM -0.0075 0.0006 141.08 0.00
B AGEL1ST 0.0022 0.0004  26.29 0.00
B CARAGE 0.0042 0.0002 438.00 0.00
B CONFLAST 0.0168 0.0060 7.79 0.01

N= 2,299

% = -350.06
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Table A.6: Pre-prisorandpost-releasbasedhazardmodelsof
the criminal history accumulatiorprocesf prisonergeleased

in 1994, MD
deBc  a.s.et Wald 2 p-value
Pre-prison

a INTERCEPT -0.6929 0.0450 237.15 0.00
a EVENTNUM -0.0284 0.0065 19.03 0.00
a AGEI1ST -0.0058 0.0014 16.61 0.00
a CARAGE 0.0168 0.0013 176.70 0.00
a CONFLAST 0.1054 0.0222 22.50 0.00
B INTERCEPT 0.2008 0.0143 196.61 0.00
B EVENTNUM 0.0076 0.0019 16.61 0.00
B AGE1ST 0.0009 0.0004 4.93 0.03
B CARAGE -0.0045 0.0004 152.89 0.00
B CONFLAST -0.0317 0.0066 23.10 0.00

N= 12,509

@ = -30394.20

Post-release

a INTERCEPT 0.8522 0.0548 242.01 0.00
a EVENTNUM 0.0283 0.0037 58.24 0.00
a AGE1ST -0.0038 0.0021 3.11 0.08
a CARAGE -0.0126 0.0010 155.61 0.00
a CONFLAST -0.0920 0.0327 7.91 0.00
B INTERCEPT -0.2561 0.0152 283.21 0.00
B EVENTNUM -0.0074 0.0010 51.86 0.00
B AGEL1ST 0.0015 0.0006 7.16 0.01
B CARAGE 0.0036 0.0003 172.71 0.00
B CONFLAST 0.0284 0.0092 9.52 0.00

N= 1,588

¢ = -513.13
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Table A.7: Pre-prisorandpost-releasbasedhazardmodelsof
the criminal history accumulatiorprocesf prisonergeleased

in 1994, Ml
deBc  a.s.et Wald 2 p-value
Pre-prison

a INTERCEPT -0.6792 0.0430 249.49 0.00
a EVENTNUM -0.0695 0.0119 34.17 0.00
a AGEI1ST -0.0066 0.0011  38.65 0.00
a CARAGE 0.0233 0.0021 127.41 0.00
a CONFLAST 0.0494 0.0304 2.64 0.10
B INTERCEPT 0.1976 0.0152 169.68 0.00
B EVENTNUM 0.0191 0.0033 32.57 0.00
B AGE1ST 0.0010 0.0003 10.92 0.00
B CARAGE -0.0064 0.0006 117.07 0.00
B CONFLAST -0.0150 0.0090 2.79 0.09

N= 9,917

@ = -31084.15

Post-release

a INTERCEPT 0.7262 0.0610 141.51 0.00
a EVENTNUM 0.0696 0.0059 140.38 0.00
a AGE1ST -0.0032 0.0030 1.16 0.28
a CARAGE -0.0197 0.0013 242.97 0.00
a CONFLAST 0.0093 0.0364 0.07 0.80
B INTERCEPT -0.2251 0.0161 196.73 0.00
B EVENTNUM -0.0190 0.0015 155.72 0.00
B AGEL1ST 0.0013 0.0008 3.14 0.08
B CARAGE 0.0056 0.0003 306.57 0.00
B CONFLAST -0.0017 0.0100 0.03 0.86

N= 1,939

¢ = -532.85
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Table A.8: Pre-prisorandpost-releasbasedhazardmodelsof
the criminal history accumulatiorprocesf prisonergeleased

in 1994, MN
deBc  a.s.et Wald 2 p-value
Pre-prison

a INTERCEPT -0.7845 0.0403 378.83 0.00
a EVENTNUM -0.0294 0.0048 37.09 0.00
a AGEI1ST -0.0054 0.0009  39.72 0.00
a CARAGE 0.0188 0.0011 303.19 0.00
a CONFLAST 0.1193 0.0301  15.67 0.00
B INTERCEPT 0.2375 0.0146 263.35 0.00
B EVENTNUM 0.0081 0.0013 38.54 0.00
B AGE1ST 0.0006 0.0002 5.28 0.02
B CARAGE -0.0053 0.0003 248.91 0.00
B CONFLAST -0.0369 0.0091 16.44 0.00

N= 12,196

@ = -30887.36

Post-release

a INTERCEPT 0.9734 0.0618 248.07 0.00
a EVENTNUM 0.0332 0.0029 133.80 0.00
a AGE1ST 0.0033 0.0032 1.08 0.30
a CARAGE -0.0170 0.0011 243.60 0.00
a CONFLAST -0.1675 0.0399 17.66 0.00
B INTERCEPT -0.3090 0.0171 327.02 0.00
B EVENTNUM -0.0090 0.0008 141.96 0.00
B AGEL1ST -0.0002 0.0008 0.06 0.81
B CARAGE 0.0051 0.0003 286.92 0.00
B CONFLAST 0.0491 0.0116  18.09 0.00

N= 1,728

@9 = -432.07
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Table A.9: Pre-prisorandpost-releasbasedhazardmodelsof
the criminal history accumulatiorprocesf prisonergeleased

in 1994, NJ
deBc  a.s.et Wald 2 p-value
Pre-prison

a INTERCEPT -0.7725 0.0414 348.70 0.00
a EVENTNUM -0.0292 0.0046  40.02 0.00
a AGEI1ST -0.0053 0.0013 17.44 0.00
a CARAGE 0.0200 0.0011 331.66 0.00
a CONFLAST 0.0255 0.0168 2.30 0.13
B INTERCEPT 0.2322 0.0135 296.42 0.00
B EVENTNUM 0.0082 0.0013 41.36 0.00
B AGE1ST 0.0006 0.0003 2.70 0.10
B CARAGE -0.0056 0.0003 297.26 0.00
B CONFLAST -0.0092 0.0050 3.34 0.07

N= 17,136

¢ = -40738.62

Post-release

a INTERCEPT 1.0435 0.0588 314.95 0.00
a EVENTNUM 0.0279 0.0035 61.71 0.00
a AGE1ST -0.0059 0.0042 2.03 0.15
a CARAGE -0.0171 0.0012 188.63 0.00
a CONFLAST -0.0305 0.0317 0.93 0.34
B INTERCEPT -0.3167 0.0158 402.06 0.00
B EVENTNUM -0.0079 0.0010 66.81 0.00
B AGEL1ST 0.0020 0.0011 3.06 0.08
B CARAGE 0.0051 0.0003 220.52 0.00
B CONFLAST 0.0110 0.0090 1.51 0.22

N= 2,128

4 = -663.95
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Table A.10: Pre-prisonand post-releasdasedhazardmodels
of the criminal history accumulationprocessof prisonersre-
leased in 1994, NY

deBc  a.s.et Wald 2 p-value

Pre-prison
a INTERCEPT -0.5716 0.0433 174.10 0.00
a EVENTNUM -0.0039 0.0049 0.62 0.43
a AGEI1ST -0.0100 0.0013 56.71 0.00
a CARAGE 0.0115 0.0011 108.35 0.00
a CONFLAST 0.0881 0.0139 39.98 0.00
B INTERCEPT 0.1695 0.0132 165.27 0.00
B EVENTNUM 0.0008 0.0014 0.34 0.56
B AGE1ST 0.0020 0.0004 28.65 0.00
B CARAGE -0.0031 0.0003 88.81 0.00
S CONFLAST -0.0281 0.0042 45.54 0.00
N= 22,616
¥ = -51160.63
Post-release
a INTERCEPT 0.6992 0.0462 229.25 0.00
a EVENTNUM 0.0081 0.0027 9.15 0.00
a AGEI1ST 0.0000 0.0025 0.00 1.00
a CARAGE -0.0079 0.0009 72.76 0.00
a CONFLAST -0.0833 0.0263 10.01 0.00
B INTERCEPT -0.2179 0.0126 300.00 0.00
B EVENTNUM -0.0020 0.0007 7.94 0.00
B AGEL1ST 0.0003 0.0007 0.22 0.64
B CARAGE 0.0024 0.0002 91.09 0.00
B CONFLAST 0.0271 0.0074 13.48 0.00
N= 2,390
¢ = -1092.47
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Table A.11: Pre-prisonand post-releasdasedhazardmodels
of the criminal history accumulationprocessof prisonersre-
leased in 1994, NC

deBc  a.s.et Wald 2 p-value

Pre-prison
a INTERCEPT -0.7516 0.0336 500.44 0.00
a EVENTNUM -0.0342 0.0058 35.06 0.00
a AGEI1ST -0.0046 0.0009 28.85 0.00
a CARAGE 0.0189 0.0013 214.09 0.00
a CONFLAST 0.1141 0.0272 17.63 0.00
B INTERCEPT 0.2157 0.0110 385.49 0.00
B EVENTNUM 0.0092 0.0017 30.60 0.00
B AGE1ST 0.0006 0.0002 5.25 0.02
B CARAGE -0.0051 0.0004 183.57 0.00
B CONFLAST -0.0339 0.0081 17.54 0.00
N= 12,424
@ = -34005.58
Post-release
a INTERCEPT 0.8694 0.0495 308.61 0.00
a EVENTNUM 0.0397 0.0040 97.16 0.00
a AGEI1ST -0.0021 0.0021 0.99 0.32
a CARAGE -0.0158 0.0010 247.27 0.00
a CONFLAST -0.1484 0.0362 16.79 0.00
B INTERCEPT -0.2643 0.0139 362.28 0.00
B EVENTNUM -0.0106 0.0011 94.85 0.00
B AGEL1ST 0.0011 0.0005 4.07 0.04
B CARAGE 0.0045 0.0003 288.54 0.00
B CONFLAST 0.0429 0.0104 17.06 0.00
N= 2,047
¢ = -668.35
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Table A.12: Pre-prisonand post-releasdasedhazardmodels
of the criminal history accumulationprocessof prisonersre-
leased in 1994, OH

deBc  a.s.et Wald 2 p-value

Pre-prison
a INTERCEPT -0.8861 0.0400 489.73 0.00
a EVENTNUM -0.0547 0.0195 7.86 0.01
a AGEI1ST -0.0044 0.0011 15.94 0.00
a CARAGE 0.0244 0.0031 60.51 0.00
a CONFLAST 0.1197 0.0626 3.65 0.06
B INTERCEPT 0.2684 0.0142 357.95 0.00
B EVENTNUM 0.0152 0.0058 6.93 0.01
B AGE1ST 0.0002 0.0003 0.26 0.61
B CARAGE -0.0069 0.0010 52.12 0.00
B CONFLAST -0.0375 0.0191 3.86 0.05
N= 4,424
@9 = -14312.27
Post-release
a INTERCEPT 0.9520 0.0857 123.37 0.00
a EVENTNUM 0.0421 0.0121 12.07 0.00
a AGEI1ST -0.0114 0.0038 8.96 0.00
a CARAGE -0.0158 0.0026  37.92 0.00
a CONFLAST -0.1725 0.0590 8.56 0.00
B INTERCEPT -0.3029 0.0231 172.51 0.00
B EVENTNUM -0.0115 0.0033 12.23 0.00
B AGEL1ST 0.0037 0.0010 14.62 0.00
B CARAGE 0.0048 0.0007 47.51 0.00
B CONFLAST 0.0540 0.0165 10.77 0.00
N= 1,100
¢ = -308.96
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Table A.13: Pre-prisonand post-releasdasedhazardmodels
of the criminal history accumulationprocessof prisonersre-
leased in 1994, OR

deBc  a.s.et Wald 2 p-value

Pre-prison
a INTERCEPT -0.5697 0.0347 269.13 0.00
a EVENTNUM -0.0213 0.0021 101.28 0.00
a AGEI1ST -0.0058 0.0011 29.08 0.00
a CARAGE 0.0148 0.0007 512.47 0.00
a CONFLAST 0.0636 0.0124 26.18 0.00
B INTERCEPT 0.1551 0.0105 216.31 0.00
B EVENTNUM 0.0057 0.0006 89.22 0.00
B AGE1ST 0.0011 0.0003 13.83 0.00
B CARAGE -0.0039 0.0002 399.21 0.00
B CONFLAST -0.0198 0.0036  30.10 0.00
N= 19,780
¥ = -39480.23
Post-release
a INTERCEPT 0.8257 0.0611 182.40 0.00
a EVENTNUM 0.0189 0.0026  53.87 0.00
a AGEI1ST -0.0065 0.0025 6.59 0.01
a CARAGE -0.0109 0.0011 102.74 0.00
a CONFLAST -0.0628 0.0327 3.69 0.05
B INTERCEPT -0.2371 0.0165 206.53 0.00
B EVENTNUM -0.0049 0.0007 52.40 0.00
B AGEL1ST 0.0019 0.0006 8.85 0.00
B CARAGE 0.0031 0.0003 119.46 0.00
B CONFLAST 0.0168 0.0090 3.51 0.06
N= 1,465
¢ = -490.40
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Table A.14: Pre-prisonand post-releasdasedhazardmodels
of the criminal history accumulationprocessof prisonersre-
leased in 1994, TX

deBc  a.s.et Wald 2 p-value

Pre-prison
a INTERCEPT -0.5391 0.0398 183.53 0.00
a EVENTNUM -0.0268 0.0037 51.90 0.00
a AGEI1ST -0.0108 0.0012 78.97 0.00
a CARAGE 0.0158 0.0007 444.85 0.00
a CONFLAST 0.0318 0.0163 3.78 0.05
B INTERCEPT 0.1518 0.0126 144.85 0.00
B EVENTNUM 0.0070 0.0010 47.83 0.00
B AGE1ST 0.0023 0.0003  45.07 0.00
B CARAGE -0.0042 0.0002 386.21 0.00
S CONFLAST -0.0121 0.0048 6.45 0.01
N= 15,541
@9 = -44701.01
Post-release
a INTERCEPT 0.5734 0.0569 101.43 0.00
a EVENTNUM 0.0303 0.0045 46.39 0.00
a AGEI1ST 0.0048 0.0032 2.23 0.14
a CARAGE -0.0125 0.0012 112.92 0.00
a CONFLAST -0.0512 0.0332 2.37 0.12
B INTERCEPT -0.1748 0.0155 126.59 0.00
B EVENTNUM -0.0079 0.0012 45.72 0.00
B AGEL1ST -0.0009 0.0008 1.21 0.27
B CARAGE 0.0035 0.0003 125.22 0.00
B CONFLAST 0.0167 0.0092 3.31 0.07
N= 2410
¢ = -816.69
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Table A.15: Pre-prisonand post-releasdasedhazardmodels
of the criminal history accumulationprocessof prisonersre-
leased in 1994, VA

deBc  a.s.et Wald 2 p-value

Pre-prison
a INTERCEPT -0.7281 0.0401 330.47 0.00
a EVENTNUM -0.0338 0.0021 264.31 0.00
a AGEI1ST -0.0050 0.0011 19.64 0.00
a CARAGE 0.0185 0.0007 646.05 0.00
a CONFLAST 0.0981 0.0368 7.10 0.01
B INTERCEPT 0.2110 0.0129 267.11 0.00
B EVENTNUM 0.0092 0.0006 245.67 0.00
B AGE1ST 0.0007 0.0003 4.25 0.04
B CARAGE -0.0051 0.0002 518.59 0.00
B CONFLAST -0.0314 0.0109 8.23 0.00
N= 14,649
¢ = -37187.62
Post-release
a INTERCEPT 0.8845 0.0419 445.29 0.00
a EVENTNUM 0.0302 0.0023 169.56 0.00
a AGEI1ST -0.0064 0.0021 9.31 0.00
a CARAGE -0.0145 0.0009 237.44 0.00
a CONFLAST -0.2298 0.1125 417 0.04
B INTERCEPT -0.2617 0.0113 540.32 0.00
B EVENTNUM -0.0081 0.0006 179.83 0.00
B AGEL1ST 0.0022 0.0005 16.00 0.00
B CARAGE 0.0041 0.0003 268.92 0.00
B CONFLAST 0.0664 0.0312 4.53 0.03
N= 2,001
¢ = -807.70
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Table A.16: Logisticregressioparameteestimate®f the
effectsof attributeson the Log-oddsof a releaseexperi-
encinga deterrent #ect,Group | states

A a.s.e Waldy? p-value

INTERCEPT -1.9082 0.1657 132.56 0.00

CHIST -0.1050 0.0069 230.84 0.00
CARAGE 0.0173 0.0023  58.12 0.00
AGE1ST -0.1513 0.0053 831.27 0.00
RELAGE 0.1432 0.0048 877.30 0.00
BLACK 0.0890 0.0476 3.50 0.06
MALE -0.1831 0.0911 4.04 0.04
VIOLENT -0.1016 0.0769 1.74 0.19
PROPERTY -0.0929 0.0810 1.32 0.25
DRUG 0.0345 0.0827 0.17 0.68
PAROLP -0.0397 0.0760 0.27 0.60

MANDATORY® -0.0905 0.0758 1.43 0.23

a Traditionalvarianceestimates.
b Referenceategory:UNCONDITIONAL.
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Table A.17: Logistic regressiorparameteestimateof
the effects of attributeson the Log-oddsof a releasee
experiencinga deterrent #ect, Group |l states

A as.e Waldy® p-value

INTERCEPT 1.4638 0.3143 21.69 0.00
CHIST -0.1562 0.0115 183.27 0.00
CARAGE 0.0264 0.0046  32.39 0.00
AGE1ST -0.2117 0.0118 319.42 0.00
RELAGE 0.0996 0.0083 145.22 0.00
BLACK -0.1077 0.0987 1.19 0.27
MALE -0.3871 0.1603 5.83 0.02
VIOLENT -0.3189 0.1811 3.10 0.08
PROPERTY -0.5510 0.1849 8.88 0.00
DRUG -0.4539 0.1985 5.23 0.02
PAROLP 0.1854 0.0922 4.04 0.04

a Traditionalvarianceestimates.
b Reference categorfANDATORY.
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Table A.18: Logistic regressiorparameteestimatesf the
effectsof attributesonthe Log-oddsof arelease@xperienc-
ing a deterrentféect, Group Il states

A« as.e* Waldy? p-value

INTERCEPT -1.0208 0.1751  33.99 0.00

CHIST -0.0732 0.0067 120.80 0.00
CARAGE 0.0114 0.0025 21.00 0.00
AGE1ST -0.1272 0.0057 495.62 0.00
RELAGE 0.1092 0.0050 479.90 0.00
BLACK -0.0222 0.0568 0.15 0.70
MALE -0.0525 0.0994 0.28 0.60
VIOLENT -0.1891 0.0892 4.49 0.03
PROPERTY -0.1781 0.0950 3.52 0.06
DRUG -0.0909 0.0964 0.89 0.35

CONDITIONAL® -0.0786 0.0582 1.82 0.18

a Traditionalvarianceestimates.
b Referenceategory:UNCONDITIONAL.
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Table A.19: Logistic regressiorparameteestimatesof
the effects of attributeson the Log-oddsof a releasee
experiencinga deterrent #ect, Group 1V states

A« a.s.e Waldy® p-value

INTERCEPT -1.1504 0.1436 64.14 0.00
CHIST -0.0945 0.0052 336.36 0.00
CARAGE 0.0139 0.0019 52.34 0.00
AGE1ST -0.1530 0.0047 1078.50 0.00
RELAGE 0.1194 0.0043 770.91 0.00
BLACK -0.1151 0.0464 6.15 0.01
MALE -0.1604 0.0949 2.86 0.09
VIOLENT -0.1829 0.0758 5.83 0.02
PROPERTY -0.1757 0.0849 4.28 0.04
DRUG -0.0192 0.0839 0.05 0.82

a Traditionalvarianceestimates.
Insufficientvariationin the releasanechanisnvari-
able
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Table A.20: OLS parameteestimatef the effectsof at-
tributeson §, Group | states

A a.s.e Waldy? p-value

INTERCEPT  -6.5221 0.1025 4046.98 0.00

CHIST -0.0480 0.0034 193.81 0.00
CARAGE 0.0731 0.0013 3317.68 0.00
AGE1ST 0.1258 0.0028 2071.23 0.00
RELAGE -0.0491 0.0025 376.50 0.00
BLACK -0.0007 0.0283 0.00 0.98
MALE 0.3169 0.0547  33.60 0.00
VIOLENT 0.0209 0.0459 0.21 0.65
PROPERTY -0.0366 0.0483 0.57 0.45
DRUG -0.0733 0.0494 2.21 0.14
PAROLP 0.0062 0.0452 0.02 0.89

MANDATORY"® -0.1549 0.0452 11.76 0.00

a Traditionalvarianceestimates.
b Referenceategory:UNCONDITIONAL.
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Table A.21: OLS parameteestimatef the effectsof
attributeson ¢, Group 1l states

A as.e Waldy® p-value

INTERCEPT -8.4852 0.1901 1991.46 0.00

CHIST -0.0584 0.0054 116.91 0.00
CARAGE 0.0758 0.0025 926.26 0.00
AGE1ST 0.1632 0.0052 981.19 0.00
RELAGE -0.0287 0.0046  39.82 0.00
BLACK 0.0544 0.0614 0.79 0.38
MALE 0.4451 0.1000 19.82 0.00

VIOLENT 0.1580 0.1153 1.88 0.17
PROPERTY 0.1706 0.1175 2.11 0.15
DRUG -0.0351 0.1259 0.08 0.78
PAROLP -0.1078 0.0573 3.55 0.06

8 Traditionalvarianceestimates.
b Reference categorfANDATORY.
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Table A.22: OLS parameteestimatesof the effectsof at-
tributeson §, Group Il states

A as.e Waldy? p-value

INTERCEPT -8.3727 0.1589 2775.54 0.00

CHIST -0.1042 0.0050 429.15 0.00
CARAGE 0.0857 0.0021 1739.17 0.00
AGE1ST 0.1860 0.0044 1806.11 0.00
RELAGE -0.0427 0.0038 125.02 0.00
BLACK 0.0309 0.0493 0.39 0.53
MALE 0.3480 0.0858  16.43 0.00
VIOLENT 0.1484 0.0774 3.68 0.06
PROPERTY 0.0913 0.0827 1.22 0.27
DRUG -0.0061 0.0841 0.01 0.94

CONDITIONAL -0.0366 0.0506 0.52 0.47

2 Traditionalvarianceestimates.
b Referenceategory:MANDATORY.
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Table A.23: OLS parameteestimatef the effectsof
attributeson 6, Group 1V states

A as.e Waldy® p-value

INTERCEPT -6.7748 0.1058 4100.17 0.00
CHIST -0.0671 0.0031 454.57 0.00
CARAGE 0.0792 0.0013 3593.19 0.00
AGE1ST 0.1431 0.0028 2548.12 0.00
RELAGE -0.0365 0.0027 187.66 0.00
BLACK -0.0067 0.0332 0.04 0.84
MALE 0.3660 0.0680  28.95 0.00
VIOLENT 0.0893 0.0550 2.64 0.10
PROPERTY -0.0544 0.0612 0.79 0.37
DRUG -0.0754 0.0608 1.54 0.21

8 Traditionalvarianceestimates.
b Reference categoryjd ANDATORY.
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Appendix B

Sample SAS Code

In this Appendix,| providethe SAS codel usedto estimatethe modelspresentedn this
report. This codeis providedasreferencamaterialonly asit is not generic. Researchers
interestedn usingthis codewill needto scanthroughit andredefinevariablenamesappro-
priatelyalthoughsomeof the basicelements—Iikahelist of independenvariablesfor the
firstandsecondnomentthedependentariable etc.—aregpassedo a macroasarguments.
This code will also be archivedt ICPSR shortly.

To estimatethe pre-releas@nd post-releasenodelsfor the stateof Arizona, for ex-
ample, the followindines of code wasun in SAS.

%LET ROOT=D:\AVI\NIJ_DRPO4\ANALYSIS;

%INCLUDE "&ROOT.\PGMS\PPRMOD.MAC";

/* THESE VARIABLES ARE TO BE USED IN MODELING THE PRE-RELEASE
ARREST HISTORY ACCUMULATION PROCESS */

%LET PREX1=INTERCEPT EVENTNUM AGE1ST CARAGE CONFINEDLAST;

%LET PREX2=INTERCEPT EVENTNUM AGE1ST CARAGE CONFINEDLAST;

/* THESE VARIABLES ARE TO BE USED IN MODELING THE POST-RELEASE
RECIDIVISM MODELS */

%LET POSTX1_O=INTERCEPT EVENTNUM AGE1ST CARAGE CONFINEDLAST;

%LET POSTX2_O=INTERCEPT EVENTNUM AGE1ST CARAGE CONFINEDLAST;

/* CALL THE MACRO FOR EACH STATE SEPARATELY */

%PPRMOD (3, 3,&R00T,DRP, &PREX1,&PREX2,&POSTX1_2,&POSTX2_2);

ENDSAS;

Here,PPRMOD:is the nameof a SAS Macro written for this analysis.It is printed
verbatimon the next few pages.| do not offer any performanceguarantees$or the code
below.
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%MACRO PPRMOD(ST,ST2,BASEL,DSET, XXM, XXV, XXMF , XXVF) ;

\***."‘.f‘.***."‘..k***.l"..‘l“***.l"..k**.":.l"..‘l:**.":.l"..‘l:**.":.4".**.‘l..v..L.A‘J\..r..v..l‘.n‘J\..v..v..l“l.J..v..v..l“l..!..v..-..um.!..v..u&m.ﬁ..v.;\:*

USAGE EXAMPLE:

%PPRMOD (ST, ST2,BASEL,DSET, XXM, XXV, XXMF , XXVF) ;

WHERE :

ST = State identifying code in data (for labeling purposes only)

ST2 = Second state identifying code (this is used for subsetting
the data)

BASEL = Root directly under which data is to be found and where the
output and log files are to be stored.

DSET = Name of data set to be used.

XXM = A list of X variables to be used for modeling the 1st moment
of arrest age.

XXV = A list of X variables to be used for modeling the 2nd moment
of arrest age.

XXMF = A list of variables (corresponding to XXM) to be used for

predicting the first moment of the trajectory as well as for
estimating the deflection.

XXVF = A list of variables (corresponding to XXV) to be used for
predicting the first moment of the trajectory as well as for
estimating the deflection.

ADDITIONAL DATA NEEDED:
In addition to the above variables, the data set must contain the
following list of variables:

CASENUM = A unique individual ID number (person specific)

STATE = State of release

BEFOREREL = 1 if event is before prison admission, ® otherwise

FIRSTPOST = 1 if this is the 1st post release event, ® otherwise
(note this should include censored spells)

ARRESTAGE = age at each subsequent arrest in the sample

AGELAST = Age at previous arrest (agelast = 0 for 1st arrest)

EVENTNUM = Arrest number (e.g., 1,2,3,...)

CENSOR = 1 if spell is censored, ® if completed.

RELAGE = Age of release from current incarceration episode

RELAGEPQO1 = Release age + 1 quarter

RELAGEPQ02 = Release age + 2 quarters

RELAGEPQ03 = Release age + 3 quarters

RELAGEPQ12 = Release age + 12 quarters

-kz‘::‘:s’:-k:‘::‘::‘:-.’:-k:‘::‘::‘:z‘:7'::‘::“::“:7‘:7‘::‘::‘::“:-,'c:'::‘::“::':-,'c-kz“::“:-.':-k-.'c:‘::“:-.’:-,':-.'::“::“:7‘:*:‘::‘::“:7‘:7‘::‘::‘::“:-,'c:'::‘::‘::‘:;‘:7’::‘::‘::’:;‘::’::‘::‘::’:*-‘:/

LIBNAME SAF "&BASEL.\DATA";
FILENAME OUTFILE "&BASEL.\PGMS\OUTPUT\STATE&ST..LST";
FILENAME LGFILE "&BASEL.\PGMS\OUTPUT\STATE&ST..LOG";
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PROC PRINTTO PRINT=OUTFILE LOG=LGFILE NEW;
RUN;

TITLE "OUTPUT FOR STATE=&ST.";

DATA PREREL&ST.; SET SAF.&DSET;
IF STATE=&ST2. AND BEFOREREL=1;
RUN;

%LET Y=ARRESTAGE;

%LET C=CENSOR;

%LET POSS=AGELAST;

%LET REL=RELAGEPQO1 RELAGEPQO®2 RELAGEPQO3 RELAGEPQ04
RELAGEPQO5 RELAGEPQO6 RELAGEPQ®7 RELAGEPQO8
RELAGEPQ®9 RELAGEPQ10 RELAGEPQl1 RELAGEPQ12;

PROC CHART DATA=PREREL&ST.;

VBAR &Y.;

RUN;

DATA PSTREL&ST.(KEEP=STATE CASENUM &Y &C &XXM &XXV &XXMF &XXVF
&REL RELAGE EVENTNUM AGELAST);

SET SAF.&DSET;

IF STATE=&ST. AND FIRSTPOST=1;

RUN;

PROC IML;

RESET NONAME;

USE PREREL&ST.;

READ ALL VAR{&Y} INTO YY;

READ ALL VAR{&C} INTO CENSOR;
READ ALL VAR{&XXM} INTO X1;
READ ALL VAR{&XXV} INTO X2;
READ ALL VAR{&POSS} INTO POSS;
READ ALL VAR{CASENUM} INTO CASENUM;
CLOSE PREREL&ST. ;
Y=YY#(1-CENSOR) ;

N=NROW(Y) ;

K1=NCOL(X1);

K2=NCOL (X2);

Z=((0:400)/4)*;

M=NROW(Z) ;

MONES = J(M,1,1);
NONES = J(N,1,1);

ARN_ = ROUND(YY*4)/4;
ARMIN_ = ROUND(POSS*4)/4;
SO = EXP(J(N,M,0));

W = (ARMIN_*MONES‘ <= NONES*Z*‘)#(NONES*Z‘ <= ARN_*MONES®);
CASEN = UNIQUE(CASENUM) ‘;
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NIND = NROW(CASEN);

/* THIS IS THE DUAL OBJECTIVE FUNCTION */

start sercsod(bb) global(xl,x2,y,lyf,z,1zf,kl,k2,m,n,W,S,S0O);
b_ = bb[1:k1]; g_=bb[kl+1:k1+k2];
mones = J(m,1,1);
nones = J(n,1,1);
S = SO#EXP(X1*B_*Z‘+X1*G_*LZF‘-1);
11f = Y**X1*B_ + LYF‘*X2*G_ - nones‘* (W#S) *mones;
return(1l1f);

finish sercsod;

/* THIS IS THE ANALYTICAL GRADIENT OF THE DUAL OBJECTIVE FUNCTION */
start g_sercsod(bb) global(x1,x2,y,lyf,z,1zf,kl1,k2,m,n,W,S,S0);
mones = J(m,1,1);
nones = J(n,1,1);
GR1 = X1°*(Y-(W#S)*Z);
GR2 X2 “*(LYF- (W#S)*LZF);
gr = (grl // gr2 )*;
return(gr);
finish g_sercsod;

/* THIS IS THE ANALYTICAL HESSIAN OF THE DUAL OBJECTIVE FUNCTION */
start h_sercsod(bb) global(x1,x2,y,lyf,z,1zf,kl1,k2,m,n,W,S,S0);
mones = J(m,1,1);
nones = J(n,1,1);
SW = (W#S);
H1 X1*CCZ#SW)*Z2)#X1) || X1°*(C(Z #SW)*LZF)#X2) ;
H2 = X2°*(((LZF‘#SW)*Z)#X1) || X2‘*(((LZF‘#SW)*LZF)#X2) ;
HS = - (H1 // H2 ) ;
returnchs);
finish h_sercsod;

LYF = y#log(y+(y=0));
LZF = z#log(z+(z=0));

/% DEFINING SOME STARTING VALUES AND OPTIONS */
optn = {1 1};

TCR = {10000 100003};

xstart = J(k1,1,0) // 1(k2,1,0) ;

/* CALLING THE NEWTON-RHAPHSON NON-LINEAR OPTIMIZATION ROUTINE IN SAS IML */
CALL NLPNRA(rc,xres_,'"sercsod",xstart,optn,,tcr,,,"g_sercsod","h_sercsod");

hh
ff

H_SERCSOD(XRES_);
sercsod(XRES_);

gopl_ = X1#(Y-(W#S)*Z) || X2#(LYF-(W#S)*LZF) ;
gopl = gopl_‘*gopl_;

gop2_ = J(NIND,NCOL(GOP1),0);
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DO NN=1 TO NIND BY 1;

gop2_[NN, ]=gopl_[loc(CASENUM=CASEN[NN]),]1[+,];
END;

gop2 = gop2_‘*gop2_;

cov = inv(-hh);

ase = sqrt(vecdiag(cov));

bhat = xres_‘;

BHAT_NULL = Xstart;

wald = ((bhat-BHAT_NULL)/ase)##2;
pval = 1-probchi(wald,1);

VNM = {&XXM}| | {&XXV};

cov_ = inv(-hh)*gopl*inv(-hh);

ase_ = sqrt(vecdiag(cov_));

wald_ = ((bhat-BHAT_NULL)/ase_)##2;
pval_ = 1-probchi(wald_,1);

cov__ = inv(-hh)*gop2*inv(-hh);
ase__ = sqrt(vecdiag(cov__));
wald__ = ((bhat-BHAT_NULL)/ase__)##2;

pval__ 1-probchi(wald__,1);

PRINT "MODEL RESULTS";

print bhat[format=9.4 rowname=vnm colname="LAMBDA"]
ase[format=9.4 colname="ASE"]

wald[format=6.2 colname="WALD"]

pval[format=6.2 colname="PVAL"] ;

PRINT "MODEL RESULTS: SANDWICH ESTIMATOR";

print bhat[format=9.4 rowname=vnm colname="LAMBDA"]
ase_[format=9.4 colname="ASE"]

wald_[format=6.2 colname="WALD"]

pval_[format=6.2 colname="PVAL"] ;

PRINT "MODEL RESULTS: MODIFIED SANDWICH ESTIMATOR";
print bhat[format=9.4 rowname=vnm colname="LAMBDA"]
ase__[format=9.4 colname="ASE"]

wald__[format=6.2 colname="WALD"]

pval__[format=6.2 colname="PVAL"] ;

PW2 = (ARMIN_*MONES‘ <= NONES*Z*);
PWS2 = PW2#S;
PSC2 = J(N,M,0);

DO PIND2 = 1 TO N BY 1;
PSC2[PIND2, ]=CUSUM(PWS2[PIND2,]);

END;
PC2 = 1-EXP(-PSC2);
PP2 = J(N,M,0);
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pPP2[,1] pc2[,11;

DO PFF2 = 2 TO M BY 1;

PP2[,PFF2] = PC2[,PFF2]-PC2[,PFF2-1];
END;

YHAT = (PP2)*Z;

el = y-YHAT;

e2 = y-y[:1;

sse_m = el‘*el;

sse_t = e2‘%*e2;

rsq = 100%(1-(sse_m/sse_t));
print ff rsq;

/* COMPUTING THE PREDICTED PROBABILITIES FOR A SET OF CHARACTERISTICS */

USE PSTREL&ST.;

READ ALL VAR{STATE CASENUM} INTO STATECASE;
READ ALL VAR{&Y} INTO YY;

READ ALL VAR{&C} INTO CENSOR;

READ ALL VAR{&XXM} INTO X1;

READ ALL VAR{&XXV} INTO X2;

READ ALL VAR{&XXMF} INTO X1F;

READ ALL VAR{&XXVF} INTO X2F;

READ ALL VAR{&REL} INTO RELMAT;
READ ALL VAR{RELAGE} INTO POSS;
READ ALL VAR{EVENTNUM} INTO EVN;
READ ALL VAR{CASENUM} INTO CASENUN;
CLOSE PSTREL&ST. ;

Y = YY#(1-CENSOR);

RELAGEMAT = FLOOR(RELMAT*4)/4;

N2 = NROW(X1);

FOL = NCOL (RELAGEMAT) ;

= FLOOR(POSS*4)/4;
(J(N2,1,1)*Z* >= POS*MONES*);
S@ = EXP(J(N2,M,0));

OS

b_ = BHAT[1:k1]; g_=BHAT[kl+1:k1+k2];
X1BC = X1*B_;
X2BC = X2*G_;

= SO#EXP(X1*B_*Z‘+X2*G_*LZF‘-1);
WS = W#S;
= J(N2,M,0);
DO IND = 1 TO N2 BY 1;
SC[IND, ]=CUSUM(WS[IND,]);
END;

C = 1-EXP(-SO);
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CDF = J(N2,FOL,0);

DO FF = 1 TO FOL BY 1;
CDF[,FF] = C#(J(N2,1,1)*Z‘=RELAGEMAT[,FF]*MONES ‘) *MONES;
END;

/% REDEFINING SOME VARIABLE FOR THE RECIDIVISM MODEL */
ARN2_ = ROUND(YY*4)/4;

ARMIN2_ = ROUND(POSS*4)/4;

SO = S;

N = N2;

NONES = J(N,1,1);

W = (ARMIN2_*MONES‘ <= NONES*Z‘)#(NONES*Z‘ <= ARN2_*MONES‘);
LYF = y#log(y+(y=0));

LZF = z#log(z+(z=0));

FREE S;

X1=X1F;
X2=X2F;

K1=NCOL (X1);
K2=NCOL (X2);

CASEN = UNIQUE(CASENUM) ‘;
NIND = NROW(CASEN);

xstart = J(k1,1,0) // 1(k2,1,0) ;

CALL NLPNRA(rc,xres_,'"sercsod",xstart,optn,,tcr,,,"g_sercsod","h_sercsod");
* computing standard errors and test statistics for the parameters ;

hh H_SERCSOD(XRES_);
ff = sercsod(XRES_);

gopl_ = X1#(Y-(W#S)*Z) || X2#(LYF-(W#S)*LZF) ;
gopl = gopl_‘*gopl_;

gop2_ = J(NIND,NCOL(GOP1),0);

DO NN=1 TO NIND BY 1;

gop2_[NN, J=gopl_[loc(CASENUM=CASEN[NN]),][+,]1;
END;

gop2 = gop2_‘*gop2_;

cov = inv(-hh);

ase = sqrt(vecdiag(cov));

bhat = xres_°‘;

BHAT_NULL = Xstart;

wald = ((bhat-BHAT_NULL)/ase)##2;
pval = 1-probchi(wald,1);

VNM = {&XXMF}| | {&XXVF};
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cov_ = inv(-hh)*gopl*inv(-hh);

ase_ = sqrt(vecdiag(cov_));

wald_ = ((bhat-BHAT_NULL)/ase_)##2;
pval_ = 1-probchi(wald_,1);

cov__ = inv(-hh)*gop2*inv(-hh);

ase__ = sqrt(vecdiag(cov__));

wald__ = ((bhat-BHAT_NULL)/ase__)##2;
pval__ = 1-probchi(wald__,1);

PRINT "COUNTERFACTUAL MODEL RESULTS";

print bhat[format=9.4 rowname=vnm colname="LAMBDA"]
ase[format=9.4 colname="ASE"]

wald[format=6.2 colname="WALD"]

pval[format=6.2 colname="PVAL"] ;

PRINT "COUNTERFACTUAL MODEL RESULTS: SANDWICH ESTIMATOR";
print bhat[format=9.4 rowname=vnm colname="LAMBDA"]
ase_[format=9.4 colname="ASE"]

wald_[format=6.2 colname="WALD"]

pval_[format=6.2 colname="PVAL"] ;

PRINT "COUNTERFACTUAL MODEL RESULTS: MODIFIED SANDWICH ESTIMATOR";
print bhat[format=9.4 rowname=vnm colname="LAMBDA"]
ase__[format=9.4 colname="ASE"]

wald__[format=6.2 colname="WALD"]

pval__[format=6.2 colname="PVAL"] ;

W= ((QW,1,1)*Z° >= POS*MONES*);
WS2 = W#S;
SC2 = J(N,M,0);

DO IND = 1 TO N BY 1;
SC2[IND,]=CUSUM(WS2[IND,]1);
END;

C2 = 1-EXP(-SC2);

CDF2 = J(N,FOL,0);

DO FF = 1 TO FOL BY 1;

CDF2[,FF] = C2#(J(N,1,1)*Z‘=RELAGEMAT[,FF]*MONES ‘) *MONES;
END;

b_ = XRES_[1:k1]; g_=XRES_[k1+1:k1+k2];
X1B = X1*B_;
X2B = X2*G_;

W_ = (J(N,1,1)*Z* >= POS*MONES‘)#(J(N,1,1)*Z* <= RELAGEMAT[,FOL]*MONES*);

WS2_ = W_#S;
WSS_ = WS2_*MONES;
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DELTA = ((WS2_/(WSS_*MONES‘))#LOG(S/S0))*MONES;
DELTASTD = SQRT( ((WS2_/(WSS_*MONES *))#(LOG(S/SO®)##2))*MONES
- (C(WS2_/ (WSS_*MONES “))#LOG(S/S0) ) *MONES) ##2 ) ;

MATOUT = STATECASE || POSS || YY || CENSOR || EVN || DELTA || DELTASTD ||
X1B || X2B || X1BC || X2BC || RELAGEMAT || CDF || CDF2 ;
CREATE OUTD&ST. FROM MATOUT[COLNAME={STATE CASENUM RELAGE ARRESTAGE CENSOR
EVENTNUM DELTA DELTASTD X1B X2B X1BC X2BC
RELAGEPQO®1 RELAGEPQO2 RELAGEPQ®3 RELAGEPQ04
RELAGEPQO5 RELAGEPQ®6 RELAGEPQ®7 RELAGEPQO8
RELAGEPQ®9 RELAGEPQ10® RELAGEPQ11 RELAGEPQ12
CDFQO1 CDFQO2 CDFQO3 CDFQ04
CDFQO5 CDFQO6 CDFQO7 CDFQO8
CDFQ09 CDFQl1l0 CDFQl1l CDFQ12
CDF2Q01 CDF2Q02 CDF2Q03 CDF2Q04
CDF2Q05 CDF2Q06 CDF2Q07 CDF2Q08
CDF2Q09 CDF2Q10 CDF2Ql1 CDF2Q12}];
APPEND FROM MATOUT;
CLOSE OUTD&ST. ;

QUIT;

PROC UNIVARIATE DATA=OUTD&ST.;
VAR CDFQl12 CDF2Ql2 DELTA DELTASTD;
RUN;

PROC CHART DATA=OUTD&ST.;
VBAR CDFQ12 CDF2Ql12 DELTA DELTASTD;
RUN;

DATA SAF.OUTD&ST.; SET OUTD&ST.;

RECID = (CENSOR = 0);

RECIDP= (CDFQ12>0.5);

RECIDP2=(CDF2Q12>0.5);

DELTAHI = DELTA+2*DELTASTD;

DELTALO = DELTA-2*DELTASTD;

DELTACAT = (DELTALO <= O <= DELTAHI)*® + (DELTALO > 0) - (DELTAHI < 0);
RUN;

PROC FREQ DATA=SAF.OUTD&ST. ;
TABLE RECID*RECIDP RECID*RECIDP2 DELTACAT;
RUN;

PROC PRINTTO;

RUN;
%MEND ;
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